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A Novel Reconfigurable Out-of-Order GPU Microarchitecture with Runtime

Workload Characterization

του Παναγιώτη-Ελευϑέριου Ελευϑεράϰη

Στη σύγχρονη εποχή, δεδοµένης της αποτελµάτωσης του νόµου του Moore, η αύξηση

της υπολογιστιϰής επίδοσης προϰύπτει από τη µαζιϰή παραλληλία ϰαι την εξειδίϰευση του

υλιϰού. Με την ϰατάρρευση της ϰλιµάϰωσης του Dennard ϰαι την έλευση της "Εποχής του

σϰοτεινού πυριτίου" ϰαϑίσταται αναγϰαία η υψηλή ενεργειαϰή απόδοση στους επεξεργαστές.

Σε αυτό το πλαίσιο, οι ετερογενείς ϰαι οι αναδιαµορφώσιµες αρχιτεϰτονιϰές έχουν αναδειχϑεί

ως ευέλιϰτες προσεγγίσεις για την επίτευξη των παραπάνω στόχων.

Το ήδη προταϑέν σχήµα εϰτέλεσης Light-weight Out-of-Order GPU (LOOG) αντιµετωπίζει

τη στασιµότητα σε επίδοση που χαραϰτηρίζει µια ϰατηγορία εφαρµογών GPU γενιϰού σϰοπού,

συµπληρώνοντας την παραδοσιαϰή αξιοποίηση της παραλληλίας επιπέδου νήµατος (TLP)

ϰαι της γρήγορης εναλλαγής περιβάλλοντος της GPU, µε την εϰµετάλλευση της εγγενούς

παραλληλίας επιπέδου εντολών (ILP) αυτών των εφαρµογών. Καϑώς αποτελεί τη βάση της

παρούσας εργασίας, το υλοποιούµε στην πιο πρόσφατη έϰδοση του Accel-Sim, ενός πλαισίου

προσοµοίωσης GPU που βασίζεται στο µοντέλο επίδοσης του GPGPU-Sim, ενός προσοµοιωτή

επίδοσης GPU σε επίπεδο ϰύϰλου.

΄Εχοντας προσαρµόσει το LOOG σε µία πλατφόρµα υψηλής υπολογιστιϰής επίδοσης

(NVIDIA Quadro GV100, που τροφοδοτείται από τη µιϰροαρχιτεϰτονιϰή Volta) µε τη σωστή

διαστασιολόγηση των δοµών του, την εφαρµογή ενός δυναµιϰού µηχανισµού αναδιαµόρφωσης

του ρυϑµιστιϰού διαύλου εντολών ϰαι τη βέλτιστη διαµόρφωση των στοιχείων front-end της

GPU, συλλέγουµε λεπτοµερή στατιστιϰά στοιχεία για τα σηµεία συµφόρησης της αρχιτεϰτο-

νιϰής σε 7 σύνολα µετροπρογραµµάτων ϰαι 100 εφαρµογές (CUDA kernels).

Ο αναδυόµενος χαραϰτηρισµός των εφαρµογών ϰαι η µελέτη των χαραϰτηριστιϰών τους

που προβλέπουν την επιτάχυνση στο LOOG, σε συνδυασµό µε την ανάλυση της ϰλιµαϰω-

σιµότητας των στοιχείων LOOG από αρχιτεϰτονιϰή άποψη, παραϰινεί την αξιολόγηση µιας

ϰλιµαϰούµενης, αναδιαµορφώσιµης µιϰροαρχιτεϰτονιϰήςGPU εϰτός σειράς, η οποία χειρίζεται

ϰατάλληλα τόσο εφαρµογές που ϑεωρούνται ευαίσϑητες στο LOOGόσο ϰαι γενιϰές εφαρµογές,

για τη µεγιστοποίηση της επίδοσης ή της ενεργειαϰής απόδοσης.

Η αναδιαµορφώσιµη µιϰροαρχιτεϰτονιϰή αξιολογείται υπό διαφορετιϰά σχήµατα ϰαι ε-

πίπεδα αναδιαµόρφωσης, συµπεριλαµβανοµένου ενός ελεγϰτή αναδιαµόρφωσης επιπέδου

ϰλήσης συνάρτησης στο υλιϰό, χρησιµοποιώντας µετρητές επιδόσεων ϰατά τη διάρϰεια της ε-

ϰτέλεσης για την πρόβλεψη της βελτίωσης επίδοσης της εφαρµογής σε εϰτέλεση εϰτός σειράς.

Μια στατιϰή ϰλιµαϰωµένη διαµόρφωση LOOG παρέχει επιτάχυνση 1,48 για γενιϰές εφαρµογές

ϰαι µείωση της εϰλυόµενης ενέργειας ϰατά 13,7% σε σύγϰριση µε τη βασιϰή αρχιτεϰτονιϰή

(εντός σειράς). Η αναδιαµόρφωση µε οδηγίες λογισµιϰού ϰαι η χρήση του ελεγϰτή υλιϰού

µπορούν να παρέχουν την ίδια επιτάχυνση όταν απαιτείται ϰαι έχουν τη δυνατότητα να βελ-

τιώσουν την ενεργειαϰή απόδοση σε σχέση µε τη βασιϰή αρχιτεϰτονιϰή ϰατά 22,4% ϰαι 19,5%

αντίστοιχα.

Λέξεις ϰλειδιά: GPU Γενιϰού Σϰοπού, Υψηλή Υπολογιστιϰή Επίδοση, Αναδιαµορφώσιµες

Αρχιτεϰτονιϰές, Παραλληλία επιπέδου εντολής, Εϰτός Σειράς Αρχιτεϰτονιϰή, Παρλάλληλα

Συστήµατα, Ενεργειαϰή Απόδοση Υπολογισµού, Μοντελοποίηση ϰαι Προσοµοίωση.
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A Novel Reconfigurable Out-of-Order GPU Microarchitecture with Runtime

Workload Characterization

by Panagiotis-Eleftherios Eleftherakis

Since the breakdown of Moore’s law, high processor performance has been driven by

Massively Parallel Processing and hardware specialization. The halt met by Dennard’s scal-

ing and the advent of the "Dark Silicon Era" necessitate energy-e�cient computing. In this

context, heterogeneous architectures and recon�gurable computing have emerged as �exible

approaches for achieving the above goals.

Meanwhile, the previously proposed Light-weight Out-of-Order GPU (LOOG) execution

scheme addresses the performance stagnation met by a class of general-purpose GPU work-

loads, by complementing the traditional TLP leveraging and fast context switching of the

GPU, with exploitation of the inherent Instruction Level Parallelism (ILP) of these workloads.

As it constitutes the backbone of this thesis, we implement it in the most recent version of

Accel-Sim, a GPU simulation framework that provides modelling of recent high-end NVIDIA

GPU architectures, built around the performance model of GPGPU-Sim 4.1.0, a cycle-level

GPU performance simulator.

Having accommodated LOOG on an HPC-relevant platform (NVIDIA Quadro GV100,

powered by the Volta microarchitecture) by right-sizing its structures, implementing a dy-

namic Instruction Bu�er recon�guration mechanism and optimally con�guring GPU pipeline

front-end components, we collect detailed architecture bottleneck statistics across 7 bench-

mark suites and 100 CUDA kernels.

The emerging application characterization and the study of workload characteristics that

predict speedup on LOOG, paired with a scalability analysis of LOOG components from an ar-

chitectural standpoint, motivates the assessment of a Scalable, Recon�gurable Out-of-Order

GPU Microarchitecture that appropriately handles both kernels deemed LOOG-sensitive as

well as generic kernels, to maximize performance or energy e�ciency.

The recon�gurable microarchitecture is evaluated under di�erent recon�guration schemes

and granularities, including a per-kernel-launch granularity hardware recon�guration con-

troller using runtime performance counters to predict application OOO performance im-

provement. A static scale-up LOOG con�guration provides a speedup of 1.48 for generic

kernels and a 13.7% reduction in energy dissipation, compared to the baseline (in-order) ar-

chitecture. Recon�guration under programmer-assisted directives and using the hardware

controller can provide the same speedup when needed and have the potential to improve

energy e�ciency from baseline by 22.4% and 19.5% respectively.

Keywords: General-Purpose GPU, High Performance Computing, Recon�gurable com-

puting, Instruction Level Parallelism, Out-of-Order, Parallel Systems, Energy E�cient com-

puting, Modelling and Simulation.
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Κεφάλαιο 1

Εϰτεταµένη Ελληνιϰή Περίληψη

1.1 Εισαγωγή

GPU Γενιϰού Σϰοπού

Τις τελευταίες δεϰαετίες λαµβάνει χώρα η εξέλιξη των Graphics Processing Units (GPU) από ε-

ξειδιϰευµένο υλιϰό για την απόδοση εφαρµογών γραφιϰών σε ευέλιϰτη χρήση για µη γραφιϰές

υπολογιστιϰές διεργασίες, όπως επιστηµονιϰές προσοµοιώσεις, ϰρυπτογραφία ϰαι µηχανιϰή µάϑη-

ση [1] . Οι GPU προσφέρουν σηµαντιϰά ϰέρδη επίδοσης ϰαι ενεργειαϰής απόδοσης όταν εϰτελούν

υπολογιστιϰά εντατιϰά, µαζιϰά παράλληλα τµήµατα µιας εφαρµογής.

΄Ετσι, έχουν ϰαταστεί ϰυρίαρχες στο χώρο των επιταχυντών, ιδίως σε ϰέντρα υπερϰλιµαϰω-

τής επεξεργασίας δεδοµένων που επιταχύνουν εφαρµογές µηχανιϰής µάϑησης µε τεράστιο όγϰο

δεδοµένων ϰαι παραλληλισµό [2, 3] .

Ετερογενείς ϰαι αναδιαµορφώσιµες αρχιτεϰτονιϰές

Ο ϰορεσµός της επίδοσης ενός νήµατος ϰαϑώς ϰαι το ευρύ φάσµα εξειδειϰευµένων χαραϰτηριστιϰών

των εφαρµογών οδήγησε στην ανάπτυξη αναδιαµορφώσιµων ϰαι ετερογενών αρχιτεϰτονιϰών για τη

βελτιστοποίηση συγϰεϰριµένων εφαρµογών ϰαι τη µεγιστοποίηση της επίδοσης ϰαι της ενεργειαϰής

αποδοτιϰότητας, συνδυάζοντας την ευελιξία των γενιϰού σϰοπού επεξεργαστών µε τις επιδόσεις

των επεξεργαστών εξειδιϰευµένων εφαρµογών σε µια ενιαία συσϰευή που µπορεί να προσαρµόζεται

δυναµιϰά σε διαφορετιϰές εφαρµογές [4].

Οι αρχιτεϰτονιϰές που περιλαµβάνουν πυρήνες µε ετερογενή χαραϰτηριστιϰά περιορίζονται από

τον αµετάβλητο σχεδιασµό τους ανά πυρήνα. Οι αναδιαµορφώσιµες αρχιτεϰτονιϰές λεπτοµερούς

(FPGA) ϰαι αδροµερούς (CGRA) αναδιαµόρφωσης [4, 5] αποτελούν µια εναλλαϰτιϰή λύση, αλλά

έχουν περιορισµούς, όπως η επιβάρυνση αναδιαµόρφωσης ϰαι οι περιορισµένοι πόροι [6].

Για την αντιµετώπιση αυτών των ζητηµάτων έχουν προταϑεί αναδιαµορφώσιµες αρχιτεϰτονι-

ϰές τσιπ-πολυεπεξεργαστών (recon�gurable CMP) [7] , οι οποίες επιτρέπουν τη δυναµιϰή αναδια-

µόρφωση µε ϰαταϰόρυφη (scale-up) ή οριζόντια (scale-out) ϰλιµάϰωση µε τη χρήση λειτουργιών

συγχώνευσης ϰαι διάσπασης πυρήνων.

Οι ϰλιµαϰούµενες, µεριϰώς αναδιαµορφώσιµες αρχιτεϰτονιϰές, όπως ο MorphCore [8] , χρησιµο-

ποιούν µεγάλους πυρήνες εϰτός σειράς, βελτιστοποιηµένους για αϰολουϑιαϰό ϰώδιϰα µε ένα νήµα

ϰαι αξιοποιούν τον παραλληλισµό σε επίπεδο εντολών, σε συνδυασµό µε τη δυνατότητα µετάβασης

σε ένα σχήµα εϰτέλεσης SMT µε υψηλό βαϑµό παραλληλισµού σε επίπεδο νήµατος.
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΄Αλλες ϰλιµαϰούµενες αρχιτεϰτονιϰές, όπως η Dynamic Core Boosting, Elastic core ϰαι το Flicker

[9, 10, 11] , προσαρµόζονται στις απαιτήσειες της εφαρµογής ϰατά τη διάρϰεια του χρόνου εϰτέλεσης

είτε µε δυναµιϰή ϰλιµάϰωση είτε µε δυναµιϰά διαµορφούµενη ετερογένεια ανάµεσα στους πυρήνες,

χρησιµοποιώντας αποϰοπή ρολογιού ή ισχύος ϰαι δυναµιϰή ϰλιµάϰωση τάσης ϰαι συχνότητας

(Dynamic Frequency and Voltage scaling) για την ενίσχυση των επιδόσεων ϰαι την ελαχιστοποίηση

της επιβάρυνσης ισχύος [8] .

Σχήµα εϰτέλεσης LOOG

Οι GPU χρησιµοποιούν µαζιϰό παραλληλισµό σε επίπεδο νήµατος ϰαι γρήγορη εναλλαγή περιβάλ-

λοντος µεταξύ µεγάλων οµάδων νηµάτων για να επιτύχουν υψηλή υπολογιστιϰή επίδοση. Ωστόσο,

ορισµένες εφαρµογές GPU δεν επωφελούνται από αυτές τις τεχνιϰές λόγω περιορισµένου παραλ-

ληλισµού σε επίπεδο δεδοµένων, προϰαλώντας συχνούς ϰύϰλους αναµονής ϰαι µη βέλτιστη χρήση

του υλιϰού. Για την αντιµετώπιση αυτού του ζητήµατος, ο εγγενής παραλληλισµός επιπέδου εντο-

λών αυτών των εφαρµογών µπορεί να αξιοποιηϑεί µε εϰτέλεση εϰτός σειράς (Out-of-Order, OOO).

Ωστόσο, οι συµβατιϰές αρχιτεϰτονιϰές GPU εϰδίδουν πάντα εντολές εντός σειράς (in-order) για να

αποφύγουν ϰινδύνους δεδοµένων, γεγονός που περιορίζει την απόδοσή τους [12, 13] .

Το σχήµα εϰτέλεσης Light-Weight Out-of-Order GPU (LOOG) [12, 13, 14] εφαρµόζει αναδιάταξη

εντολών για την εϰµετάλλευση της παραλληλίας επιπέδου εντολής (ILP). Οι τροποποιήσεις στη

µιϰροαρχιτεϰτονιϰή περιλαµβάνουν την επαναχρησιµοποίηση των Operand Collector Units για να

χρησιµεύσουν ως σταϑµοί ϰράτησης στον αλγόριϑµο Tomasulo [15] , την προσϑήϰη ενός Register

Alias Table για τηναντιµετώπιση των εξαρτήσεων ονόµατος ϰαι τηνπροσϑήϰη µονάδαςαναδιάταξης

των εντολών Load ϰαι Store για τη διευϑέτηση των εξαρτήσεων από τις διευϑύνσεις µνήµης.

Για την ϰλιµάϰωση του LOOG ϰαι την εϰµετάλλευση βαϑύτερου παραλληλισµού σε επίπεδο

εντολών, το µήϰος του παραϑύρου εντολών ϰαι ο αριϑµός των µονάδων συλλογής (Collector Units)

µπορούν να αυξηϑούν, µε το τελευταίο να είναι πολύ πιο σηµαντιϰό σχετιϰά µε την επίδοση. Ωστόσο,

η αύξηση των CUs οδηγεί σε σηµαντιϰή επιβάρυνση ισχύος, οπότε στην παρούσα εργασία εισάγεται

η δυναµιϰή αναδιαµόρφωση του LOOG ώστε να προσαρµόζεται στη συµπεριφορά της εφαρµογής

ϰαι να µπορεί να µεγιστοποιήσει την επίδοση ϰαι την ενεργειαϰή απόδοση [12, 13, 14] .

Επισϰόπηση πρότασης

Παρατηρήσεις όπως αυτές που ϰινητοποίησαν το LOOG, προϰάλεσαν το ενδιαφέρον µας τόσο για

τη διερεύνηση συγϰεϰριµένων χαραϰτηριστιϰών των εφαρµογών που δεν αντιµετωπίζονται επαρϰώς

από τις τρέχουσες αρχιτεϰτονιϰές, όσο ϰαι για το πώς µπορεί να αντιµετωπιστεί βέλτιστα ειδιϰά

η ILP, µε τη σωστή διαστασιολόγηση των εφαρµοζόµενων τροποποιήσεων του LOOG σε αυτές τις

αρχιτεϰτονιϰές ϰαι την προσαρµογή τους στην εϰάστοτε εφαρµογή.

Το LOOGυλοποιείται στη νέα έϰδοση τουGPGPU-sim (4.1.0), παρέχοντας πρόσβασηστονAccel-

Sim ϰαι τη συναϰόλουϑη αύξηση της αϰρίβειας προσοµοίωσης σε πολλά µέτωπα. Η πρόσβαση

στη διαµόρφωση (con�guration) της GPU του σταϑµού εργασίας NVIDIA Quadro GV100, η οποία

τροφοδοτείται από την αρχιτεϰτονιϰή Volta, που παρέχεται από το Accel-sim ϰαι είναι συντονισµένη

µε µιϰροδείϰτες, µας επιτρέπει να διερευνήσουµε την επιτάχυνση των εφαρµογών υπό LOOG σε ένα

υπόστρωµα σχετιϰό µε HPC.
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΄Εχοντας φιλοξενήσει το LOOG σε αυτή την αρχιτεϰτονιϰή, συλλέγουµε στατιστιϰά στοιχεία

χρόνου εϰτέλεσης σε 100 εφαρµογές (CUDA kernels).

Κατηγοριοποιούµε τις εφαρµογές σε 5 συστάδες όσον αφορά τα αρχιτεϰτονιϰά σηµεία συµφόρησής

τους ϰαι τις συσχετίζουµε µε τη βελτίωσή τους στο LOOG. Αναδύεται µια ϰατηγορία εφαρµογών

"ευαίσϑητων στο LOOG", που περιλαµβάνει εφαρµογές οι οποίες επιταχύνονται περισσότερο από

100% στις πιο ϰλιµαϰούµενες διαµορφώσεις LOOG.

΄Εχοντας βέλτιστα διαστασιολογήσει τα στοιχεία που δεν σχετίζονται άµεσα µε αυτήν (τα

πρώτα στάδια της διοχέτευσης της GPU, (Fetch-Decode Bandwidth, Issue scheduling depth), υλοπο-

ίηση δυναµιϰής αναδιαµόρφωσης του ρυϑµιστιϰού διάυλου εντολών) , εισάγουµε ϰαι αξιολογούµε

µια ϰλιµαϰούµενη αναδιαµορφώσιµη αρχιτεϰτονιϰή εϰτός σειράς µε λεπτοµερή αποϰοπή ισχύος,

αναδιαµορφώνοντας σε µια χρονιϰή λεπτοµέρεια ανά εϰϰίνηση CUDA kernel , είτε για τη βελτιστο-

ποίηση των µέτρων επίδοσης είτε για τη βελτιστοποίηση της ενεργειαϰής αποδοτιϰότητας.

Η αξιολόγηση της αναδιαµορφώσιµης αρχιτεϰτονιϰής ΟΟΟ γίνεται αρχιϰά µε βάση µια ϑεωρη-

τιϰή υλοποίηση λογισµιϰού που προϋποϑέτει προηγουµένως τέλεια γνώση της συµπεριφοράς των

εφαρµογών σε επίπεδο CUDA kernel launch ϰαι σε όλες τις διαϑέσιµες διαµορφώσεις. ΄Ετσι, αξιο-

λογούµε αρχιϰά τη µέγιστη εφιϰτή βελτίωση στην επίδοση ϰαι την ενεργειαϰή αποδοτιϰότητα που

παρέχει η δυνατότητα αναδιαµόρφωσης. Οι βέλτιστες διαµορφώσεις προσδιορίζονται αντίστοιχα

είτε µε βάση την επίδοση είτε µε βάση τις ενεργειαϰές τιµές.

Για CUDA kernels πολλαπλών εϰϰινήσεων, προχωράµε στη σύγϰριση υλοποιήσεων τόσο σε

αδρή (στατιϰή) όσο ϰαι σε λεπτοµερή (ηµιδυναµιϰή) αναδιαµόρφωση, ϰαϑώς ϰαι στην αξιολόγηση

ενός ελεγϰτή αναδιαµόρφωσης που συµπεραίνει µε αϰρίβεια την ϰαταλληλότερη διαµόρφωση για

την πρώτη εϰϰίνηση, εϰτελώντας σε µια διαµόρφωση που αντιστοιχεί στη βασιϰή αρχιτεϰτονιϰή

(in-order con�guration) ϰαι αναδιαµορφώνει την αρχιτεϰτονιϰή σύµφωνα µε αυτήν για τις υπόλοιπες

εϰϰινήσεις της εφαρµογής.

Τα αποτελέσµατα δείχνουν ελάχιστη επιδείνωση ϰαι για τις δύο µεταβάσεις (από λεπτοµερή

αναδιαµόρφωση ανά εϰϰίνηση σε αδροµερή αναδιαµόρφωση ανά εφαρµογή (CUDA kernel) ϰαι

εξαγωγή συµπερασµάτων για τη βέλτιστη διαµόρφωση από το σύνολο της εϰτέλεσης σε εξαγωγή

συµπερασµάτων από την πρώτη εϰϰίνηση), γεγονός που µας παραϰινεί να υλοποιήσουµε ϰαι να

αξιολογήσουµε έναν ελεγϰτή αναδιαµόρφωσης σε επίπεδο υλιϰού, ο οποίος προβλέπει βελτίωση των

επιδόσεων στο LOOG από την πρώτη εϰϰίνηση µίας εφαρµογής, που εϰτελείται µε τη διαµόρφωση

εντός σειράς (in-order) ϰαι αξιολογεί αν διϰαιολογείται µια ϰλιµαϰωµένη, ενεργοβόρα διαµόρφωση

εϰτός σειράς για τις επόµενες εϰϰινήσεις του µε βάση την επίδοση ή τις ενεργειαϰές µετριϰές.

Κατά την αναδιαµόρφωση για τη βελτιστοποίηση της ενεργειαϰής απόδοσης, ο ελεγϰτής ανα-

διαµόρφωσης που βασίζεται στο υλιϰό παρέχει ϰατά µέσο όρο 27,4% βελτίωση του χρόνου εϰτέλεσης

ϰαι 19,5% βελτίωση της ενέργειας σε σχέση µε το βασιϰό µοντέλο εντός σειράς, σε όλες τις εφαρµογές

που εξετάστηϰαν, ενώ ο ελεγϰτής αναδιαµόρφωσης που βασίζεται σε λογισµιϰό παρέχει 29% ϰαι

22,4% βελτίωση αντίστοιχα. Σε σύγϰριση µε µια στατιϰή µιϰροαρχιτεϰτονιϰή LOOG, η ενεργειαϰή

απόδοση βελτιστοποιείται ϰατά 6,7% ϰαι 10,1% για τη µέση εφαρµογή από τους αντίστοιχους ελεγ-

ϰτές. Για CUDA kernels ευαίσϑητους στο LOOG, ο χρόνος εϰτέλεσης ϰαι η ενεργειαϰή απόδοση

βελτιώνονται ϰατά 54% ϰαι 46%, από τον ελεγϰτή λογισµιϰού.

Τέλος, ειϰάζουµε την ϰλιµάϰωση του µεγέϑους τωνΜονάδων Εϰτέλεσης ϰαι της ΚρυφήςΜνήµης

ως άλλους πιϑανούς άξονες αναδιαµόρφωσης, ορίζοντας οµοίως εφαρµογές που δεσµεύονται από
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τις αντίστοιχες δοµές ως προς την επίδοση.

1.2 Θεωρητιϰό υπόβαϑρο

1.2.1 CUDA

Η CUDA είναι µια πλατφόρµα προγραµµατισµού που αναπτύχϑηϰε από την NVIDIA για την αξιο-

ποίηση της ισχύος των GPU για υπολογιστιϰές εφαρµογές γενιϰού σϰοπού [16, 17, 18] . Η CUDA

παρέχει σηµαντιϰή επιτάχυνση σε σύγϰριση µε τους παραδοσιαϰούς υπολογισµούς που βασίζονται

σε CPU ϰαι µπορεί να επεϰταϑεί ώστε να εϰτελείται σε πολλαπλές GPU ή σε συστάδες GPU [19, 20]

. Η CPU ϰαι η GPU συνεργάζονται σε µια ετερογενή εφαρµογή, µε την CPU να χειρίζεται εργασίες

εντατιϰές σε έλεγχο ϰαι την GPU να χειρίζεται υπολογιστιϰά εντατιϰές εργασίες µε παραλληλισµό

δεδοµένων [1]

Ιεραρχία νηµάτων

Η CUDA επεϰτείνει τις γλώσσες στις οποίες υλοποιείται, επιτρέποντας στον προγραµµατιστή να

ορίζει συναρτήσεις στην αντίστοιχη γλώσσα, που ονοµάζονται "CUDA kernels" (CUDA kernels)

, οι οποίες µεταφέρονται στη GPU σε αντίϑεση µε τις ϰανονιϰές συναρτήσεις της γλώσσας. Οι

CUDA kernels περιλαµβάνουν δεϰάδες χιλιάδες νήµατα, επιτρέποντας την επιτάχυνση µαζιϰά πα-

ράλληλων εφαρµογών. Τα νήµατα αναγνωρίζονται µε ένα πολυδιάστατο (1 έως 3) αναγνωριστιϰό

νήµατος, σχηµατίζοντας ένα ¨µπλοϰ νήµατος¨. Υπάρχει όριο στον µέγιστο αριϑµό νηµάτων σε

ένα µπλοϰ, ϰαϑώς όλα βρίσϰονται στον ίδιο πολυεπεξεργαστή ροής (SM) (επί του παρόντος 1024

νήµατα), µοιράζοντας τους ίδιους πόρους µνήµης. Τα πολλαπλά µπλοϰ είναι οµοίως οργανωµένα

σε πολυδιάστατα πλέγµατα. ΄Ετσι, ένας CUDA kernel εϰτελείται ως ένα πλέγµα από µπλοϰ νη-

µάτων.[21] Η βασιϰή µονάδα εϰτέλεσης σε µια GPU είναι ένα warp, µια οµάδα νηµάτων (32 στις

τρέχουσες υλοποιήσεις), που ϰαταλαµβάνει αποϰλειστιϰά ένα συγϰεϰριµένο στάδιο αγωγού ΣΜ σε

ϰάϑε δεδοµένη στιγµή [22, 23].

Ιεραρχία µνήµης

Τα νήµατα CUDA έχουν πρόσβαση σε διάφορα επίπεδα της ιεραρχίας µνήµης ϰατά τη διάρϰεια της

εϰτέλεσής τους. Η εν λόγω ιεραρχία αποτελείται από:

• Καταχωρητές ανά νήµα ϰαι τοπιϰή µνήµη (χρησιµοποιείται ϰυρίως για τη διαρροή ϰαταχω-

ρητών).

• Παγϰόσµια µνήµη ορατή από όλα τα νήµατα ενός µπλοϰ ϰαι µε ϰοινή διάρϰεια ζωής.

• Κοινή µνήµη που χρησιµοποιείται από όλα τα νήµατα ενός µπλοϰ ή µιας οµάδας µπλοϰ.

• Σταϑερή µνήµη, υποστηριζόµενη από την Constant Cache.

• Μνήµη υφής, υποστηριζόµενη από την Texture Cache, που παρέχει διαφορετιϰούς τρόπους

διευϑυνσιοδότησης που εξυπηρετούν 2d χωριϰή τοπιϰότητα.

[21, 24]
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Σχήµα 1.1: ΄Ενα µοντέλο των υψηλού επιπέδου δοµών µίας σύγχρονης αρχι-

τεϰτονιϰής GPU [1]

(αʹ) Αρχιτεϰτονιϰή GPU σε επίπεδο συστάδας SM [24] (βʹ) Η εσωτεριϰή ϰατανοµή ϰαι οργάνωση του SM [23]

Σχήµα 1.2: Μοντέλο της GPU από τον GPGPU-Sim [24]

Αρχιτεϰτονιϰή GPU

Μια σύγχρονη GPU διαϑέτει πολλούς πυρήνες που ονοµάζονται πολυεπεξεργαστές ροής ή υπολογι-

στιϰές µονάδες (SM) , όπως φαίνεται στην ειϰόνα 1.2αʹ. Κάϑε SM είναι ένας επεξεργαστής SIMD που

µπορεί να εϰτελεί έως ϰαι χίλια νήµατα ταυτόχρονα. Τα νήµατα σε ένα SM µπορούν να επιϰοινωνούν

µέσω ϰοινής µνήµης ϰαι συγχρονίζονται µε γρήγορες λειτουργίες φραγµού.

Οι GPU πρέπει συχνά να έχουν πρόσβαση σε µεγάλα σύνολα δεδοµένων που δεν µπορούν

να αποϑηϰευτούν εξ ολοϰλήρου στο τσιπ, οπότε απαιτούνται εξειδιϰευµένες ϰρυφές µνήµες ϰαι

πρόσβαση στη µνήµη εϰτός τσιπ µε υψηλό εύρος ζώνης. Οι SM ϰαι τα διαµερίσµατα µνήµης

συνδέονται µέσω ενός διϰτύου διασύνδεσης εντός του chip ϰαι η ϰίνηση µνήµης ϰατανέµεται στις

µονάδες διαµερισµάτων µνήµης µε τη χρήση διαχωρισµού διευϑύνσεων. Τα SM είναι οργανωµένα σε

οµάδες, ϰαϑεµία µε µια FIFO ουρά απόϰρισης που µπορεί να συγϰρατήσει παϰέτα που προέρχονται

από το δίϰτυο διασύνδεσης.
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Σχήµα 1.3: Στάδια διοχέτευσης GPU [1]

Αρχιτεϰτονιϰή Κρυφής Μνήµης

΄Οπως απειϰονίζεται στο Σχήµα 1.2βʹ, οι δοµές µνήµης µέσα σε ϰάϑε SM είτε χρησιµοποιούνται

από ϰοινού από τα µπλοϰ που το ϰαταλαµβάνουν είτε είναι ϰατανεµηµένες µεταξύ τους. Η µοιρα-

ζόµενη µνήµη ϰαι το Register File είναι ϰατανεµηµένα µεταξύ των µπλοϰ, ϰαι το Register File ϰαι

τα SIMT Stacks συγϰεϰριµένα είναι ευρετηριασµένα µε βάση το warp ID. Τα είδη ϰρυφής µνήµης

περιλαµβάνουν:

1. Σταϑερή ϰρυφή µνήµη: Μια ϰρυφή µνήµη µόνο για ανάγνωση που αποϑηϰεύει σταϑερές στις

οποίες γίνεται συχνή πρόσβαση, όπως πίναϰες ή ϰλιµαϰωτές τιµές.

2. Κρυφή µνήµη υφής: Μια εξειδιϰευµένη ϰρυφή µνήµη που έχει βελτιστοποιηϑεί για λειτουργίες

χαρτογράφησης υφής.

3. Κρυφή µνήµη δεδοµένων: Μια ϰρυφή µνήµη γενιϰής χρήσης που αποϑηϰεύει τµήµατα της

τοπιϰής ϰαι της παγϰόσµιας µνήµης στα οποία γίνεται συχνή πρόσβαση.

4. Μοιραζόµενη µνήµη: ΄Ενας χώρος µνήµης scratchpad υψηλού εύρους ζώνης ϰαι χαµηλής

ϰαϑυστέρησης που µοιράζονται τα νήµατα µέσα σε ένα µπλοϰ.

5. Κρυφή µνήµη δεδοµένων επιπέδου 2: Το πρώτο στάδιο του διαµερίσµατος µνήµης εϰτός

τσιπ. Βελτιστοποιεί την απόδοση ανά µονάδα επιφάνειας για την GPU ϰαι διαχειρίζεται

ταυτόχρονες εγγραφές από πολλαπλά νήµατα σε διαϰλαδώσεις.

1.2.2 Στάδια διοχέτευσης των SM

Για να διατηρηϑούν υψηλές επιδόσεις στην GPU, είναι απαραίτητο να εξισορροπηϑεί το υψηλό

εύρος ζώνης µνήµης µε την υψηλή υπολογιστιϰή επίδοση. Το µοντέλο του αγωγού της GPU παρέχει

περαιτέρω πληροφορίες σχετιϰά µε τους µηχανισµούς που σχετίζονται µε αυτό το [1, 24, 23]. Το

σχήµα 1.3 παρέχει µια οπτιϰή αναπαράσταση της εσωτεριϰής αρχιτεϰτονιϰής του αγωγού του

Streaming Multiprocessor. Ο αγωγός αποτελείται από ένα SIMT front-end ϰαι ένα SIMD back-end.

Παρόµοια µε µια CPU που υλοποιεί πολυνηµατιϰότητα, το SIMT front-end επιτρέπει την ταυτόχρονη

λήψη, αποϰωδιϰοποίηση ϰαι έϰδοση (Fetch, Decode, Issue) των warps.

Ο χρονοπρογραµµατισµός τουαγωγούπραγµατοποιείται σε τρεις συνεχείς "βρόχους": τον βρόχο

ανάϰτησης εντολών, τον βρόχο έϰδοσης εντολών ϰαι τον βρόχο προγραµµατισµού προσπέλασης

ϰαταχωρητών. Ο βρόχος ανάϰτησης εντολών περιλαµβάνει τα µπλοϰ Fetch, I-Cache, Decode ϰαι
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I-Bu�er που φαίνονται στο Σχήµα 1.3 . Ο βρόχος έϰδοσης εντολών περιλαµβάνει τα µπλοϰ I-

Bu�er, Scoreboard, Issue ϰαι SIMT Stack. Ο βρόχος προγραµµατισµού πρόσβασης σε ϰαταχωρητές

περιλαµβάνει τα µπλοϰ Operand Collector, ALU ϰαι Memory. Το συνολιϰό µοντέλο της διοχέτευσης

του SM περιλαµβάνει τα αϰόλουϑα στάδια:

Fetch ΄Εναwarp επιλέγεται για χρονοπρογραµµατισµό ϰαι ο µετρητής προγράµµατος προσπελαύνει

την ϰρυφή µνήµη εντολών για να αντλήσει την επόµενη εντολή.

Decode Η εντολή αποϰωδιϰοποιείται ϰαι τοποϑετείται σε ένα bu�er εντολών µέχρι να διαπιστωϑεί

ότι δεν υπάρχουν ϰίνδυνοι.

Οι τιµές της µάσϰας εϰτέλεσης SIMT για τη στοίβα SIMT ϰαϑορίζονται παράλληλα µε την

άντληση των αρχιϰών τελεστών από το αρχείο ϰαταχωρητών.

Issue Ο χρονοπρογραµµατιστής έϰδοσης αποφασίζει ποιες εντολές ϑα εϰδοϑούν στον αγωγό ϰαι

ποια warps ϑα έχουν προτεραιότητα. Η στοίβα SIMT ενηµερώνεται ϰαι η απόϰλιση των warp

αντιµετωπίζεται µέσω της σειριοποίησης της εϰτέλεσης νηµάτων εντός ενός warp. ΄Ενας

πίναϰας αποτελεσµάτων χρησιµοποιείται για την αποτροπή ϰινδύνων ϰαι την εϰµετάλλευση

ϰενών ϑέσεων στο backend.

Operand Collect Οι εντολές τοποϑετούνται σε Collector Units στη δοµή Operand Collector για να αποϰρύψουν

τις ϰαϑυστερήσεις µνήµης. Ο Operand Collector προσοµοιώνει ένα αρχείο ϰαταχωρητών

πολλαπλών ϑυρίδων µέσω παραλληλισµού σε επίπεδο τράπεζας.

Dispatch Οι εντολές τοποϑετούνται σε µια δεξαµενή που επιλέγεται από τον χρονοπρογραµµατιστή

αποστολής για εϰτέλεση στις λωρίδες της ϰατάλληλης µονάδας εϰτέλεσης.

Execute Η εϰτέλεση των εντολών γίνεται στις αντίστοιχες µονάδες. Οι GPU της NVIDIA διαϑέτουν

ετερογενείς µονάδες εϰτέλεσης, όπως µονάδες φόρτωσης/αποϑήϰευσης, λειτουργιϰές µονάδες

αϰέραιων αριϑµών, λειτουργιϰές µονάδες ϰινητής υποδιαστολής, µονάδες ειδιϰών λειτουργι-

ών ϰαι µονάδες Tensor Core.

Writeback Οι εντολές εϰδίδουν ένα Register File write για τους τελεστές προορισµού τους ϰαι ενηµε-

ρώνουν τον πίναϰα αποτελεσµάτων, απελευϑερώνοντας τυχόν εξαρτηµένες εντολές.

1.2.3 Αναδιαµορφώσιµες αρχιτεϰτονιϰές

∆εδοµένης της αποτελµάτωσης των νόµων ϰλιµάϰωσης, έχουν χρησιµοποιηϑεί διάφορες προσεγ-

γίσεις σχεδιασµού τσιπ ϰαι αρχιτεϰτονιϰής στην προσπάϑεια να ιϰανοποιηϑούν οι απαιτήσεις

επιδόσεων των σύγχρονων εξειδιϰευµένων εφαρµογών.

Αρχιτεϰτονιϰές συγϰεϰριµένων εφαρµογών ϰαι τοµέων ASIC, DSA

Οι αρχιτεϰτονιϰές ASIC ϰαι οι αρχιτεϰτονιϰές ειδιϰών τοµέων σε επίπεδο µονάδων εϰτέλεσης

(DSA) είναι δύο παραδείγµατα αυτής της τάσης, όπου οι ASIC σχεδιάζονται για συγϰεϰριµένες

περιπτώσεις χρήσης µε τη χρήση γλωσσών περιγραφής υλιϰού, ενώ οι DSA προσαρµόζουν

τις µονάδες εϰτέλεσης για συγϰεϰριµένα πλαίσια λογισµιϰού [25, 26, 27] .
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Υπολογιστιϰά συστήµατα λεπτοµερούς αναδιαµόρφωσης

Οι αναδιαµορφώσιµες αρχιτεϰτονιϰές αναδύονται ως εναλλαϰτιϰή λύση έναντι των ASIC

για την ελαχιστοποίηση του µη επαναλαµβανόµενου ϰόστους σχεδιασµού (NRE) για τη σχε-

δίαση προσαρµοσµένου υλιϰού. Οι συστοιχίες προγραµµατιζόµενων πυλών πεδίου (FPGAs)

παρέχουν ευελιξία ϰαι απόδοση υλιϰού µε τη δυνατότητα επαναπρογραµµατισµού ϰαι πρω-

τοτυποποίησης διαφορετιϰών σχεδίων. Ωστόσο, συνοδεύονται επίσης από υψηλό ϰόστος

σχετιϰά µε την ισχύ, τη χρήση της περιοχής ϰαι την επιβάρυνση αναδιαµόρφωσης [28, 29, 30,

4, 31] .

Υπολογιστιϰά συστήµατα αδροµερούς αναδιαµόρφωσης

Οι επαναδιαµορφώσιµες αρχιτεϰτονιϰές αδροµερούς αναδιαµόρφωσης (CGRAs) ενσωµα-

τώνουν προγραµµατιζόµενους λογιϰούς πόρους µε εξειδιϰευµένες λειτουργιϰές µονάδες, πα-

ρέχοντας µια ισορροπία µεταξύ ευελιξίας ϰαι απόδοσης. Σε σχέση µε τα FPGA, προσφέρουν

υψηλότερες επιδόσεις ανά µονάδα, µειωµένη επιβάρυνση επαναδιαµόρφωσης, ϰαλύτερη α-

ξιοποίηση του χώρου ϰαι χαµηλότερη ϰατανάλωση ενέργειας [32, 30] .

Μαλαϰοί πυρήνες (Soft Cores)

Οι µαλαϰοί πυρήνες επιτρέπουν την προσαρµογή των συνόλων εντολών για την αντιµετώπι-

ση συγϰεϰριµένων εφαρµογών, ελαχιστοποιώντας την ανάγϰη για ASICs ή προσαρµοσµένα

σχέδια υλιϰού. Ο σχεδιασµός των soft cores µπορεί να γίνει µε τη χρήση γλωσσών υψηλού

επιπέδου, όπως η C, γεγονός που ϰαϑιστά ευϰολότερη την ανάπτυξη ϰαι τη δοϰιµή τους [33,

34] .

1.2.4 Ετερογενείς αρχιτεϰτονιϰές

Τα ετερογενή υπολογιστιϰά συστήµατα αναφέρονται σε συστήµατα που χρησιµοποιούν πολλα-

πλές µονάδες επεξεργασίας µε διαφορετιϰές αρχιτεϰτονιϰές, δυνατότητες ϰαι λειτουργίες, οι οποίες

λειτουργούν στην ίδια ροή εργασίας για την εϰτέλεση ενός ή περισσότερων υπολογισµών ϰαι ανα-

ϑέτουν ϰάϑε έναν από αυτούς στο στοιχείο επεξεργασίας που του ταιριάζει ϰαλύτερα [35].

Παραδείγµατα αποτελούν:

Υβριδιϰό σύστηµα CPU-GPU Τα δεδοµένα ελέγχου του προγράµµατος σε τέτοια συστήµατα µπο-

ρούν να υποβληϑούν σε επεξεργασία από την CPU, ενώ οι πράξεις ϰινητής υποδιαστολής

µπορούν να µεταφερϑούν στην GPU.

Συστάδα ετερογενών επεξεργαστών Μια συστάδα που αποτελείται από πολλούς επεξεργαστές

µε διαφορετιϰές αρχιτεϰτονιϰές, όπως CPU, GPU, FPGA ϰαι DSP.

Σύστηµα στοιχείων υλιϰού ϰαι λογισµιϰού ΄Ενα σύστηµα που περιλαµβάνει τόσο στοιχεία υλι-

ϰού όσο ϰαι στοιχεία λογισµιϰού, όπως πλατφόρµες ϰαϑορισµένες από λογισµιϰό (SDR) που

περιλαµβάνουν FPGA ϰαι DSP.

Ασύµµετροι πολυεπεξεργαστές τσιπ (ACMP) Ασύµµετροι πολυεπεξεργαστές τσιπ (ACMP): Πολ-

λαπλοί διαφορετιϰοί επεξεργαστές που βρίσϰονται στο ίδιο chip, οι οποίοι συνήϑως διαφέρουν

ως προς τον υπερϰλιµάϰωση ϰαι το µήϰος του παραϑύρου εντολών.
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Σχήµα 1.4: Τροποποιήσεις του LOOG στη βασιϰή µιϰροαρχιτεϰτονιϰή [14]

1.2.5 Accel-Sim

Η υλοποίηση του LOOG ϰαι άλλων τροποποιήσεων της µιϰροαρχιτεϰτονιϰής που έγιναν στην

έϰδοση 4.1.0 του GPGPU-sim παρεχουν πρόσβαση σε όλες τις δυνατότητες του Accelsim [36] . Ο

Accel-sim εισάγει ένα ευέλιϰτο frontend που παρέχει τη δυνατότητα αξιοποίησης της ISA µηχανής

(mISA) σε λειτουργία µε βάση ίχνη (traces). Για προσοµοίωση νέων ϰαρτών, ένα αυτοµατοποιηµένο

πλαίσιο ρύϑµισης τροποποιεί το αρχείο διαµόρφωσης της αρχιτεϰτονιϰής που προσοµοιώνεται,

παράγοντας ένα αϰριβές µοντέλο επιδόσεων.

ΟAccel-sim παρέχει αϰριβέστερη µοντελοποίηση ϰαι διαµόρφωση επιδόσεων των δοϰιµασµένων

GPU, συµπεριλαµβανοµένης της NVIDIA Quadro GV100.

Στοπλάισιο της εργασίαςπροστίϑενται νέαλεπτοµερήστατιστιϰάστοιχεία, σχετιϰά µε το LOOG

(η συνολιϰή ετοιµότητα ανά warp, η συνολιϰή ϰατανοµή ετοιµότητας warp, η παραϰολούϑηση της

απόδοσης αποϰωδιϰοποιητή, η ϰατανοµή πληρότητας RRS, οι ϰαταχωρήσεις RAT συνολιϰά ανά

warp ϰαι οι ϰαταχωρήσεις RAT που χρησιµοποιούνται ανά warp για την παραϰολούϑηση του ILP.

1.2.6 Οι δοµές του LOOG ϰαι οι τροποποιήσεις στον GPGPU-Sim

Το Light-Weight Out-of-Order GPU execution scheme (LOOG) [12, 13, 14] περιλαµβάνει την επανα-

χρησιµοποίηση τυπιϰών µιϰροαρχιτεϰτονιϰών GPU για την εϰµετάλλευση της ILP ϰαι την ϰαλύτερη

διαχείριση ενός συνόλου εφαρµογών-στόχων που χαραϰτηρίζονται από χαµηλή επιτυγχανόµενη

αξιοποίηση ϰαι συναϰόλουϑο χαµηλό IPC (εντολές ανα ϰύϰλο). Οι αλλαγές ϰαι οι προσϑήϰες στα

στοιχεία της τυπιϰής µιϰροαρχιτεϰτονιϰής GPU για την παραγωγή του LOOG φαίνονται στο Σχήµα

1.4 ϰαι είναι οι αϰόλουϑες:

• Οι Μονάδες Συλλογής (CUs) τροποποιούνται ώστε να χρησιµεύουν ως σταϑµοί ϰράτησης

του αλγορίϑµου Tomasulo, ο οποίος επιτρέπει την άµεση έϰδοση οδηγιών χωρίς να περάσει

πρώτα από έλεγχο του πίναϰα αποτελεσµάτων.
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• Προστίϑεται ένας πίναϰας Register Alias Table (RAT) για την εξάλειψη των εξαρτήσεων

ψευδών ονοµάτων. ΄Οταν µια εντολή ϰατανέµει µια CU/RS, διαβάζει τον RAT ανά warp για

ϰάϑε αρχιϰό τελεστή.

• Το παράϑυρο εντολών τροποποιείται ώστε να εξυπηρετεί την εϰµετάλλευση του παραλληλι-

σµού επιπέδου εντολών (ILP) µε την ανάϰτηση 16 έως 128 bytes δεδοµένων από την ICache σε

ϰάϑε ανάϰληση ϰαι οι εντολές εϰδίδονται απευϑείας στις CUs για αναδιάταξη.

• Το LOOG επωφελείται από τον χρονοπρογραµµατισµό των warp σε βάϑος, ο οποίος αποδει-

ϰνύεται ότι βελτιώνει σηµαντιϰά την απόδοση.

• Η αναδιάταξη φόρτωσης-αποϑήϰευσης στο LOOG περιλαµβάνει τη δηµιουργία µιας ουράς

φόρτωσης ϰαι µιας ουράς αποϑήϰευσης ϰαι την εϰχώρηση µιας εγγραφής για τις αντίστοι-

χες εντολές µνήµης για την αντιµετώπιση των εξαρτήσεων δεδοµένων µνήµης πέρα από τις

εξαρτήσεις ϰαταχωρητών.

• Ο δίαυλος µετάδοσης αποτελεσµάτων µεταδίδει τα αποτελέσµατα µετά την ολοϰλήρωση της

εϰτέλεσης ϰαι στέλνει ένα αίτηµα εγγραφής RF στον διαιτητή. Οι CUs απελευϑερώνονται

µόνο µετά την εγγραφή της αντίστοιχης εντολής.

• Εισάγεται η Στοίβα Μετονοµασίας Καταχωρητών (Register Renaming Stack - RRS) για την

αποϑήϰευση ενός ϰαταλόγου µοναδιϰών αναγνωριστιϰών που ϑα χρησιµοποιηϑούν στο RAT

αντί του αναγνωριστιϰού CU, γεγονός που µειώνει σηµαντιϰά τη συµφόρηση CU ϰαι αυξάνει

την εϰµετάλλευση του ILP.

1.2.7 Ανασϰόπηση ετερογενών ϰαι αναδιαµορφώσιµων αρχιτεϰτο-

νιϰών

Αναδιαµορφώσιµοι πολυεπεξεργαστές τσιπ (reconfigurable CMPs)

Οι αναδιαµορφώσιµες αρχιτεϰτονιϰές CMP [37, 38] προσφέρουν µια εναλλαϰτιϰή λύση στις αρχι-

τεϰτονιϰές ασύµµετρων πολυεπεξεργαστών τσιπ για τον χειρισµό της ποιϰιλοµορφίας του φόρτου

εργασίας. Η συγχώνευση πυρήνων (Core Fusion) [37] είναι µια επαναδιαµορφώσιµη αρχιτεϰτονιϰή

CMP που χρησιµοποιεί ISA RISC ή CISC ϰαι πρόσϑετα στοιχεία για την αποτελεσµατιϰή εϰτέλεση

λειτουργιών FUSE ϰαι SPLIT µεταξύ υποσυνόλων πυρήνων ϰατά τη διάρϰεια του χρόνου εϰτέλεσης.

Κλιµαϰούµενοι πυρήνες

Η αρχιτεϰτονιϰή Elastic Core [10] ϰλιµαϰώνει δυναµιϰά τους πόρους, την τάση λειτουργίας ϰαι

τη συχνότητα ώστε να προσαρµόζονται στη συµπεριφορά της εφαρµογής, χρησιµοποιώντας ένα

µοντέλο γραµµιϰής παλινδρόµησης για την πρόβλεψη ισχύος ϰαι απόδοσης. Χρησιµοποιεί αποϰοπή

ρολογιού (clock gating) σε επίπεδο µονάδας για τον περιορισµό της δυναµιϰής διάχυσης ισχύος σε

ανενεργά στοιχεία.
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Ετερογενείς αρχιτεϰτονιϰές

Οι ετερογενείς αρχιτεϰτονιϰές σε αυτό το πλαίσιο αναφέρονται στους ασύµµετρους πολυεπεξερ-

γαστές τσιπ (ACMP), επίσης γνωστούς ως ετερογενή συστήµατα πολυεπεξεργαστών σε ένα τσιπ

(MPSoC). Το Big.Little [39] είναι µια αρχιτεϰτονιϰή που συνδυάζει πυρήνες υψηλής απόδοσης ϰαι

πυρήνες χαµηλής ϰατανάλωσης ενέργειας για βελτιστοποιηµένη απόδοση ϰαι ενεργειαϰή αποδο-

τιϰότητα. Η ετερογενής αρχιτεϰτονιϰή µπλοϰ (HBA) [40] χωρίζει τον ϰώδιϰα σε ατοµιϰά µπλοϰ

που εϰτελούνται ανεξάρτητα σε διαφορετιϰές µιϰροαρχιτεϰτονιϰές, επιτρέποντας ϰαλύτερο χειρι-

σµό φάσεων µνήµης ϰαι έντασης υπολογισµού. Το Dynamic Core Boosting (DCB) [9] µετριάζει την

ανισορροπία του φόρτου εργασίας aCMPs, ενισχύοντας τα ϰρίσιµα νήµατα µέσω µεµονωµένου DVFS

σε επίπεδο πυρήνα.

"Μαλαϰοί πυρήνες " (Soft cores)

Το TRIPS [41, 42] είναι ένα παράδειγµα αναδιαµορφώσιµου υπολογισµού που χρησιµοποιεί ένα

Explicit Data Graph Execution (EDGE) ISA για την αποτελεσµατιϰή εϰτέλεση φορτίων εργασίας

έντασης δεδοµένων, λειτουργώντας απευϑείας στον γράφο ροής δεδοµένων. Η ϰύρια ϰαινοτοµία του

έγϰειται στη χρήση ζωνών προστασίας για την ατοµιϰή εϰτέλεση οµάδων εντολών. Η απαιτούµενη

υποστήριξη µεταγλωττιστή είναι το σηµαντιϰότερο µειονέϰτηµά της.

Αναδιαµορφώσιµες αρχιτεϰτονιϰές GPU

Η αρχιτεϰτονιϰή Bahurupi [43] είναι ένα πολυµορφιϰό οµοιογενές πολυπύρηνο σύστηµα που µπορεί

να µετατραπεί σε ετερογενή πολυπύρηνη αρχιτεϰτονιϰή ϰατά την εϰτέλεση µε οδηγίες λογισµιϰού,

επιτρέποντάς του να εϰµεταλλεύεται τόσο τον παραλληλισµό µε νήµατα όσο ϰαι τον παραλληλισµό

µε εντολές. Υλοποιεί τη συγχώνευση πυρήνων (Core Fusion) σε GPU.

Το Equalizer [44] είναι ένα σύστηµα διαχείρισης υλιϰού που έχει σχεδιαστεί για να παραϰο-

λουϑεί δυναµιϰά τις απαιτήσεις πόρων ενός πυρήνα µε σϰοπό τη βελτιστοποίηση της απόδοσης

ϰαι της ενεργειαϰής αποδοτιϰότητας. Προσαρµόζει το υλιϰό ώστε να ταιριάζει µε τις ανάγϰες του

εϰτελούµενου CUDA kernel, διαχειριζόµενο την ταυτόχρονη χρήση στο chip, τη συχνότητα των

πυρήνων ϰαι τη συχνότητα της µνήµης.

Το Amoeba [45] παραϰολουϑεί δυναµιϰά την επεϰτασιµότητα των εφαρµογών ϰαι προσαρµόζει

ανάλογα τη διαµόρφωση των πολυεπεξεργαστών ροής (SM), συγχωνεύοντάς τα σε αδροµερή βάση

ως προς τη χρήση του Network-on-Chip, τη συνένωση υπο-warp, τη µνήµη, την απόϰλιση ελέγχου

ϰαι τη διεϰδίϰηση της ϰρυφής µνήµης L1.

1.3 Λεπτοµέρειες υλοποίησης

1.3.1 Ανάλυση ϰύϰλων αναµονής

Η ανάλυση των ϰύϰλων αναµονής σε αυτό το ϰεφάλαιο, µας δίνει µια ειϰόνα για τα χαραϰτηριστιϰά

των εφαρµογών που µπορούν να αξιοποιηϑούν από τη σϰοπιά της αναδιαµόρφωσης της αρχιτεϰτο-

νιϰής (όσον αφορά τα αρχιτεϰτονιϰά σηµεία συµφόρησης) όσο ϰαι για εϰείνα που συσχετίζονται
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Σχήµα 1.5: Ροή αιτηµάτων µνήµης στον GPGPU-Sim [24]

(αʹ) Σηµεία συµφόρησης υψη-

λού επιπέδου

(βʹ) Αναλογία αναστολών

DRAM, µνήµης SM

(γʹ) Αναστολές SM (δʹ) Ιστόγραµµα αριϑµού

warps

Σχήµα 1.6:

σηµαντιϰά µε τη βελτίωση υπό LOOG. ΄Οπως φαίνεται στο Σχήµα 1.5, ϰαταγράφονται µετριϰές

αναστολής µνήµης.

Στο σχήµα 1.6αʹ, φαίνεται η ϰατανοµή των αναστολών µνήµης σε υψηλό επίπεδο. Επιπλέον, στο

Σχήµα 1.6βʹ φαίνεται ότι µόνο το 12% των πυρήνων αναστέλλεται περισσότερο στην DRAM από ό,τι

στη διοχέτευση του SM.

΄Οπως απειϰονίζεται στο Σχήµα 1.6γʹ, οι αναστολές στο SM αϰολουϑούν την αναµενόµενη

παρόµοια ϰατανοµή µε τις αναστολές υψηλού επιπέδου. Στο Σχήµα 1.6δʹ, φαίνεται ότι για τη

συντριπτιϰή πλειονότητα των εφαρµογών GPGPU που προσοµοιώϑηϰαν, το µέγιστο ποσό των

διαϑέσιµων warp slots είναι υποαπασχοληµένο, γεγονός που εµποδίζει τη GPU να ϰρύψει τις εν

λόγω αναστολές µε εναλλαγή περιβάλλοντος µεταξύ των ενεργών warps.

Οι αναστολές αδράνειας ή ελέγχου ϰατά τη διάρϰεια ενεργών ϰύϰλων έϰδοσης αντιπροσω-

πεύουν διάµεσο 0,91% ϰαι µέσο όρο 2,3% επί του συνόλου των ενεργών ϰύϰλων, όπως φαίνεται

στο Σχήµα 1.7γʹ ΄Ολες οι αναστολές του προβλήµατος προϰαλούνται ουσιαστιϰά από αναστολές

λειτουργιϰών µονάδων, η ϰατανοµή των οποίων απειϰονίζεται στο Σχήµα 1.7αʹ. Μία σηµαντι-

ϰή ϰατηγορία πυρήνων (περίπου 25%) που δεν παρουσιάζουν σχεδόν ϰαϑόλου αναστολές µνήµης

(compute intensive) στον αγωγό. Ωστόσο, όπως φαίνεται στο Σχήµα 1.7βʹ, αϰόµη ϰαι αυτοί οι CUDA

kernels έχουν σηµαντιϰό αριϑµό λειτουργιών µνήµης συνολιϰά, εποµένως όλα τα αδιέξοδα µνήµης

τους συµβαίνουν στην DRAM.

Μια ανάλυση των αϰινητοποιήσεων της ϰρυφής µνήµης του SMπου προϰαλούν αϰινητοποιήσεις

µνήµης φαίνεται στο Σχήµα 1.8βʹ. Εµφανώς, οι µισές από τις εντολές που αστοχούν στην ϰρυφή

µνήµη δεδοµένων L1 αστοχούν ϰαι στην εϰτός chip, ανά τµήµα µνήµης L2. ∆εδοµένου ότι οι

ϰαϑυστερήσεις που προϰαλούνται από αυτές τις αστοχίες δεν µπορούν να αντιµετωπιστούν µε
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(αʹ) Αναστολές SM backend (βʹ) ∆υναµιϰές εντολές (γʹ) Αναστολές ελέγχου ϰαι α-

δράνειας

Σχήµα 1.7:

(αʹ) Αναστολές λειτουργιϰών µο-

νάδων

(βʹ) Αστοχίες ϰρυφής µνήµης (γʹ) Κατανοµή αστοχιών ϰρυφής µνήµης

Σχήµα 1.8:

αναδιάταξη των εντολών ϰαι αλλαγές στον χρονοπρογραµµατισµό, αυτό αποτελεί ϰίνητρο για την

ιδέα της δυνητιϰής αύξησης της απόδοσης της ϰρυφής µνήµης ϰαι της µελέτης του συµβιβασµού

µεγέϑους ϰρυφής µνήµης / Area-Power overhead, στο ϰεφάλαιο 5.9 .

1.3.2 Χαραϰτηρισµός των εφαρµογών ϰαι συσχετίσεις µε την ILP

Ο σϰοπός αυτής της µελέτης είναι τόσο ο προσδιορισµός αναδυόµενων ϰατηγοριών εφαρµογών

GPGPU βάσει αρχιτεϰτονιϰών σηµείων συµφόρησης που ϑα υπαγορεύουν αντίστοιχες ϰατηγορίες

διαµόρφωσης υλιϰού, όσο ϰαι η συσχέτιση των εν λόγω ϰατηγοριών µε τη βελτίωση της απόδοσης σε

σχήµατα εϰτέλεσης OOO, Long Instruction Window, όπως το LOOG [12, 13]. Συλλέξαµε στατιστιϰά

στοιχεία σε πολλαπλές διαµορφώσεις, in-order , για τα τρία επίπεδα της ανάλυσης όπως ϰαι στην

"Whole Picture Analysis" [46, 47]. Τα πιο σηµαντιϰά χαραϰτηριστιϰά που παράγουν ποιϰιλοµορφία

φόρτου εργασίας παρουσιάζονται στο Σχήµα 1.10.

importance(feature) =
X
x2S

�(x) � coeff(x; feature) (1.1)

S: Το σύνολο όλων των ιδιοδιανυσµάτων
�(x): Η ιδιοτιµή για το ιδιοδιάνυσµα x
Οι βαϑµολογίες σιλουέττας µεγιστοποιούνται στην τιµή 5 ϰαι επιλέξαµε τόσες συστάδες, όπως
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φαίνεται στο Σχήµα 1.12 . Οι συστάδες που δηµιουργήϑηϰαν, ϰαϑώς ϰαι οι ϰορεσµένες βελτιώσεις

LOOG IPC ϰαι οι χρήσεις GPU απειϰονίζονται στο Σχήµα 1.11.

(αʹ) Αναλογία αϑροιστιϰής απόϰλισης (βʹ) Σϰορ σιλουέττας ανά αριϑµό συ-

στάδων

(γʹ) Ταξινοµηµένα σϰορ σηµαντιϰότητας

Σχήµα 1.9: Εξαγωγή χαραϰτηριστιϰών ϰαι οµαδοποίηση

Σχήµα 1.10: Σχετιϰή σηµαντιϰότητα εξαγόµενων χαραϰτηριστιϰών
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Σχήµα 1.11: Σχετιϰές τιµές συστάδων
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Σχήµα 1.12: Οπτιϰοποίηση των συστάδων µε ιεραρχιϰή οµαδοποίηση
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(αʹ) Μέγιστες ϰαταχωρήσεις

RRS

(βʹ) Μέση πληρότητα RRS (γʹ)Μέσο παράϑυρο εντολών α-

νά warp στα για RRS 64

(δʹ) Κύϰλοι χωρίς διατεϑειµένα

CUs

Σχήµα 1.13: ∆ιαστασιολόγηση RRS

1.3.3 ∆ιαστασιολόγηση του LOOG στην NVIDIA Quadro GV100

Μετά την υλοποίηση του LOOG στην έϰδοση 4.1.0 του GPGPU-sim [23], ϰρίϑηϰε απαραίτητη η

επανεϰτίµηση του σωστού µεγέϑους των σχετιϰών δοµών, ϰαϑώς η αρχιϰή υλοποίηση µελετήϑηϰε

στο µοντέλο GeForce GTX1080Ti [48, 14], µια GPU βιντεοπαιχνιδιών, που υλοποιεί την Pascal, την

προηγούµενη γενιά αρχιτεϰτονιϰής της Volta. ∆εδοµένου ότι η νέα βασιϰή µας πλατφόρµα GPU

είναι µια GPU σταϑµού εργασίας, η συµπεριφορά του LOOG αναµένεται να διαφέρει όσον αφορά το

σωστό µέγεϑος της στοίβας µετονοµασίας ϰαταχωρητών [12, 13] , του συλλέϰτη τελεστών ϰαι του

παραϑύρου εντολών.

Στοίβα Μετονοµασίας Καταχωρητών (RRS)

΄Οπως φαίνεται στον Πίναϰα 1.1, η επιβάρυνση ισχύος ϰαι επιφάνειας της ϰλιµάϰωσης RRS είναι

ελάχιστη, ενώ η µέση απόδοση ανά CUDA kernel βελτιώνεται σηµαντιϰά µόνο από 32 σε 64 RRS, που

αποτελεί την τελιϰή τιµή. Στο Σχήµα 1.13αʹτο απόλυτο µέγιστο είναι 146 ϰαι το απόλυτο ελάχιστο

41. Στο Σχήµα 1.13βʹ, παρουσιάζεται η µέση ϰατάληψη RRS σε όλους τους CUDA kernels µε RRS

ρυϑµισµένο σε 64. Προφανώς, µια µειοψηφία (30%) των πυρήνων έχει µέση πληρότητα RRS για την

οποία τα 64 RRS δεν επαρϰούν, ϰάτι που επηρεάζει αµελητέα την απόδοση του backend. Οι τιµές

ϰοντά στο 64 στο Σχήµα 1.13βʹ παράγονται από υψηλή απόδοση εύρους ζώνης, πιϑανώς σε CUDA

kernels έντασης υπολογισµών.Το µέσο διαϑέσιµο µήϰος παραϑύρου Ι ανά ωαρπ για µια διαµόρφωση

RRS 64 απειϰονίζεται στο Σχήµα 1.13γʹ (µέση τιµή 2,93).

RRS size 64 128 256

Power overhead 0.07 0.018% 0.047%

Area overhead 0.002% 0.004% 0.008%

DeltaIPC 7.52% 7.67% 7.67%

1.1: Βελτίωση επίδοσης ϰαι επιβαρύνσεις για ϰλιµαϰούµενα RRS

Παράϑυρο εντολών

Οι επιβαρύνσεις ισχύος ϰαι επιφάνειας για την ϰλιµάϰωση του παραϑύρου εντολών µε βασιϰή

τιµή IWindow = 1 (οι τιµές IWindow στον πίναϰα είναι ϰανονιϰοποιηµένες σε 1 εντολή Fetched,

Decoded ϰαι Issued ανά ϰύϰλο ανά µπλοϰ επεξεργασίας SM) παρουσιάζονται στον πίναϰα 5.4. Στη

νέα αρχιτεϰτονιϰή µε 4 µπλοϰ επεξεργασίας ανά SM [49] (sub-cores[36, 24]) δεν είναι συµφέρον να

αυξηϑεί το Instruction Window, αλλά µπορεί να µειωϑεί σε
1 insn

processing block�cycle χωρίς σηµαντιϰή

επιδείνωση της επίδοσης.
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IWindow 2 4 6 8 10 12 14 16

Power 4.79% 10.68% 17.58% 24.98% 34.06% 47.01% 60.47% 74.77%

Area 0.22% 0.95% 1.80% 2.71% 3.70% 4.85% 5.99% 7.23%

1.2: Επιβαρύνσεις ϰλιµαϰούµενου παράϑυρου εντολών (Fetch - Decode - Issue

scheduler throughput)

Μονάδες Συλλογής

Εϊναι εµφανές ότι οι Μονάδες Συλλογής, που χρησιµεύουν ως σταϑµοί ϰράτησης του αλγορίϑµου

Tomasulo [15] είναι το πιο ϰρίσιµο τµήµα του, τόσο από την άποψη της αύξησης της απόδοσης όσο

ϰαι από την άποψη των επιβαρύνσεων ισχύος ϰαι επιφάνειας. Η µέση αύξηση της ταχύτητας για

όλους τους CUDA kernels που δοϰιµάστηϰαν ϰαϑώς ϰαι οι επιβαρύνσεις Area ϰαι Power παρουσι-

άζονται στον Πίναϰα 1.3. Προφανώς, η βελτίωση του IPC σε LOOG ϰοραίνεται πέραν των 48 CUs

για τον µέσο CUDA kernel, αποτελώντας το όριο σχεδιασµού για τις περαιτέρω δοϰιµές.

Ορίζουµε την ϰορεσµένη βελτίωση LOOG ως τη µέγιστη εϰατοστιαία βελτίωση της απόδοσης

που µπορεί να επιτευχϑεί σε σχέση µε τη βασιϰή µιϰροαρχιτεϰτονιϰή. Είναι περίπου ίση µε τη

βελτίωση στις 48 CUs ϰαι αϰριβώς ίση µε τη βελτίωση στις 64 CUs. Το ιστόγραµµα της ϰορεσµένης

βελτίωσης για όλους τους CUDA kernels που εϰτελέστηϰαν απειϰονίζεται στο Σχήµα 1.14. Οι ϰα-

µπύλες βελτίωσης για την ϰλιµάϰωση CU ανά εϰατοστηµόριο CUDA kernel ϰορεσµένης βελτίωσης

από την 50η έως την 90η παρουσιάζονται στο Σχήµα 1.15αʹ. Ορίζουµε αυϑαίρετα την ϰλάση "LOOG-

sensitive" ως την ϰλάση των εφαρµογών των οποίων η ϰορεσµένη βελτίωση LOOG είναι µεγαλύτερη

από 100%.

Θέσαµε ως στόχο να σχεδιάσουµε έναν µηχανισµό αναδιαµόρφωσης στην λεπτοµέρεια που

βλέπουµε στον πίναϰα 1.3, προϰειµένου να βελτιστοποιήσουµε την επίδοση ή την ενεργειαϰή α-

πόδοση για ϰάϑε φόρτο εργασίας ϰατά την εϰτέλεση.

Στο Σχήµα 1.15βʹ, οι επιβαρύνσεις περιοχής ϰαι ισχύος συνδιαγραµµίζονται µε τη βελτίωση

του IPC ανά ϰατηγορία ευαισϑησίας LOOG. Εµφανώς, ο διάµεσος CUDA kernelς όσον αφορά την

ευαισϑησία LOOG είναι ουσιαστιϰά µη LOOG-ευαίσϑητος. Η µέση βελτίωση IPC για τους CUDA

kernels µε ευαισϑησία LOOG ξεπερνά το 160%.

Collector Units 8_CUs 16_CUs 24_CUs 32_CUs 40_CUs 48_CUs 56_CUs 64_CUs

Area overhead 3.33% 6.80% 10.26% 13.72% 17.19% 20.65% 24.12% 27.58%

Power overhead 6.50% 9.90% 13.64% 17.72% 22.13% 26.87% 31.95% 37.37%

Average DeltaIPC 22.29% 40.76% 48.57% 52% 59.66% 61.14% 61.16% 61.16%

1.3: Επίδοση ϰαι επιβαρύνσεις ϰλιµαϰούµενων Σταϑµών Συλλογής
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Σχήµα 1.14: Ιστόγραµµα ϰορεσµένου IPC στο LOOG

(αʹ) Βελτίωση επίδοσης ανά εϰατοστη-

µόριο στο LOOG

(βʹ) Επιβαρύνσεις ϰατά την ϰλιµάϰωση

του LOOG

(γʹ) Βελτίωση επίδοσης ϰαι επιβαρύνσεις

(δʹ) Κλιµαϰούµενο γινόµενο Εµβαδού-

Χρόνου εϰτέλεσης

(εʹ) Κλιµαϰούµενο γινόµενο ισχύος-χρόνου

εϰτέλεσης

(ϛʹ) Κλιµαϰούµενο γινόµενο Ενέργειας-

χρόνου εϰτέλεσης

Σχήµα 1.15:

Προσαρµογή του front-end βάσει του LOOG στην NVIDIA Quadro GV100

Το LOOG επιβάλλει άµεσα µόνο τροποποιήσεις στο backend ενώ το frontend παραµένει ουσια-

στιϰά άϑιϰτο. Ωστόσο, µε την αυξηµένη απόδοση του backend ενδέχεται να δηµιουργούνται νέα

σηµεία συµφόρησης, ή υποβέλτιστες διαµορφώσεις στο frontend. ΄Ετσι, εξετάζουµε τη βέλτιστη

συµπεριφορά των στοιχείων του frontend: Decoder, Issue scheduler ϰαι Instruction Bu�er.
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Benchmark Suite Kernel Sat- ∆IPC
MST Lonestar Find Minimum 405%

LPS Ispass-2009 3D Laplace calculation 396%

LIB Ispass-2009 Path calculation 319%

Gramschmidt Polybench Gramschmidt 245%

Correlation Polybench Mean calculation 232%

MST Lonestar Verify minimum element 226%

MST Lonestar Find minimum element 194%

MST Lonestar Find minimum element 2 185%

QTC Shoc Compute degrees 180%

testAmr Dragon Re�nement kernel 157%

Hotspot Rodinia-3.1 Calculate temperature 153%

Backprop Rodinia-3.1 Weights adjustment 145%

NN Ispass-2009 Execute second layer 140%

Reduction Shoc Reduce 127%

Histo Parboil Input image 125%

Gramschmidt Polybench Initialization 119%

S3D Shoc Find Minmum 116%

Histo Parboil Intermediate kernel 115%

Histo Parboil Histogram calculation 112%

CFD Rodinia-3.1 Compute 110%

Stencil2D Parboil Stencil kernel 106%

FFT Shoc FFT kernel 102%

1.4: Εφαρµογές " ευάισϑητες στο LOOG" ϰαι οι ϰορεσµένες βελτιώσεις επί-

δοσής τους.

Σχήµα 1.16: Εντολές warp ανά ϰύϰλο

Προσαρµογή Fetch-Decode

Η επέϰταση του ορισµού των Instructions Per Cycle (Εντολές ανά ϰύϰλο) αναφέρεται συνήϑως σε

εντολές νήµατος ανά ϰύϰλο, χωρίς να λαµβάνει υπόψη τις εντολές warp, που είναι η πραγµατιϰή

µονάδα που εϰτελείται στο backend:

IPC =
scalar thread instructions

total cycles
(1.2)

∆εδοµένου του ενιαίου µετρητή προγράµµατος της αρχιτεϰτονιϰής Pascal ϰαι του µοντέλου απόϰλι-

σης ενεργής µάσϰας ανά warp (όπου τα νήµατα µεταξύ των warp δεν µπορούν να συνενωϑούν),

επαναπροσδιορίζουµε τη µετριϰή IPC ως προς την απόδοση εντολών του frontend ως εξής:

W IPC =
warp insn

total cycles
=
scalar thread insn

total cycles
� warp instructions
scalar thread insn

=
IPC

warp size � warp occupancy

(1.3)

΄Ετσι µπορούµε να συγϰρίνουµε το Warp IPC, το οποίο είναι µια µετριϰή του backend, µε την

αντίστοιχη του frontend. ΄Οπως απειϰονίζεται στο Σχήµα 1.16, όταν εϰτελείται µε ϰορεσµένο

frontend, η απόδοση του backend σε επίπεδο SM ϰαι ο µέσος όρος σε χρονιϰή βάση είναι ϰάτω
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(αʹ) (βʹ)

Σχήµα 1.17: Περιορισµός απόδοσης Fetch-Decode

από την ελάχιστη απόδοση του frontend (που ισοδυναµεί µε 1 εντολή που λαµβάνεται ανά SM-wide

L1 Icache ανά ϰύϰλο) για το 83% των εφαρµογών. Ως εϰ τούτου, η έννοια των front-end bound

ϰαι back-end bound εφαρµογών δεν είναι εφαρµόσιµη στη GPU. Στο Σχήµα 1.17αʹ ϰαι στο Σχήµα

1.17βʹ, εµφανίζεται η επιβάρυνση ϰαϑυστέρησης για ϰάϑε ένα από τα µειωµένα εύρη ζώνης του

αποϰωδιϰοποιητή ϰαι για ϰάϑε ϰατηγορία ευαισϑησίας LOOG.

Στον Πίναϰα 1.5, παρουσιάζεται το IPC, ϰανονιϰοποιηµένο ως προς τη βασιϰή απόδοση frontend

(8 ανά SM ανά ϰύϰλο ή 2 ανά µπλοϰ επεξεργασίας ανά ϰύϰλο) για ϰάϑε µία από τις περιορισµένες

τιµές εύρους ζώνης Fetch-Decode. Οι τιµές αυτές ϰανονιϰοποιούνται όπως εξηγήϑηϰε παραπάνω. Η

εξοιϰονόµηση ισχύος ϰαι εµβαδού λόγω περιορισµού απόδοσης σε αυτά τα στάδια ϰαι στο στάδιο

έϰδοσης είναι 4,57% ϰαι 0,22% αντίστοιχα.

Decoder BW 1 2 3 4

LOOG-sensitive IPC 89,22% 97,43% 98,78% 99,88%

LOOG-insensitive IPC 74,43% 92,54% 98,84% 99,48%

1.5: Εντολή ανά ϰύϰλο για απόδοση Fetch-Decode ϰανονιϰοποιηµένη στο

1_insn
SM �cycle .

IWindow 4 6 8 10 12 14 16

Fetch 0.03% 0.05% 0.08% 0.11% 0.14% 0.16% 0.19%

Decode 0.54% 1.09% 1.63% 2.17% 2.72% 3.26% 3.80%

Issue 0.16% 0.44% 0.77% 1.19% 1.77% 2.33% 3.00%

Total 0.73% 1.58% 2.48% 3.47% 4.62% 5.76% 6.99%

1.6: Επιβαρύνσεις εµβαδού ϰάϑε σταδίου σε σχέση µε παράϑυρο εντολών 2
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IWindow 4 6 8 10 12 14 16

Fetch 0.20% 0.39% 0.59% 0.79% 0.98% 1.18% 1.38%

Decode 3.86% 7.72% 11.58% 15.44% 19.30% 23.17% 27.03%

Issue 1.56% 4.09% 7.09% 11.70% 20.00% 28.79% 38.38%

Total 5.62% 12.21% 19.27% 27.93% 40.29% 53.13% 66.78%

1.7: Επιβαρύνσεις ισχύος ϰάϑε σταδίου σε σχέση µε παράϑυρο εντολών 2

(αʹ) (βʹ)

Σχήµα 1.18: Επιβαρύνσεις για ϰλιµάϰωση του front-end (σε σχέση µε παράϑυ-

ρο εντολών 2)

Προσαρµογή Issue scheduling

΄Οπως απειϰονίζεται στα Σχήµατα 1.19αʹ ϰαι 1.19βʹ , ένας χρονοπρογραµµατιστής µε τη δυνατότητα

να χρησιµοποιεί παράϑυρα εντολών µεγαλύτερου βάϑους από µεµονωµένα warps, παρέχει σηµαντι-

ϰά ϰαλύτερα αποτελέσµατα µε το LOOG, ειδιϰά για εφαρµογές ευαίσϑητες στο LOOG. Η βελτίωση

αυτή είναι ϰορεσµένη πέραν των 8 εντολών. Συγϰεϰριµένα στο Σχήµα 1.19αʹ βλέπουµε µια προϰα-

τάληψη των πυρήνων single-launch προς την LOOG-ευαισϑησία, η οποία επανεξετάζεται εϰτενώς

στην ενότητα 5.8.2. Το βάϑος του scheduling αντιστοιχεί στο issue_depth στον αλγόριϑµο 1.

1.3.4 Αναδιαµόρφωση Instruction Buffer

∆εδοµένου ότι οι CUDA kernels που είναι ευαίσϑητοι στο LOOG επωφελούνται περισσότερο από

βαϑύτερα παράϑυρα χρονοπρογραµµατισµού Issue, παρουσία ετερογένειας ILP µεταξύ των warps

περισσότερη ταυτόχρονη πρόσβαση στονOperand Collector ϑα πρέπει να δίνεται σεwarps µε υψηλό

ILP. ∆εδοµένης της ευρείας ϰατανοµής των προαναφερϑέντων µετριϰών µεταξύ των warps για τους

περισσότερους CUDA kernels, ϰαϑιστούµε την ϰατάτµηση Ibu�er ανά warp παραµετροποιήσιµη

αντί για στατιϰή (όπως στο βασιϰό µοντέλο [24] ) ϰαι εξασφαλίζουµε ότι προσαρµόζεται στο

εϰµεταλλεύσιµο ILP του αντίστοιχου warp ϰατά την εϰτέλεση.
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(αʹ) (βʹ)

Σχήµα 1.19: Delay improvement across Issue scheduling depths

Σχήµα 1.20: Τα δεδοµένα που παρουσιάζονται παραϰάτω

Μετριϰή αναδιαµόρφωσης χρησιµοπιοηµένων ϰαταχωρήσεων RAT

Η αξιοοποίηση των χρησιµοποιούµενων ϰαταχωρήσεων RAT για την απο-προτεραιοποίηση των

warps, παρέχει έναν οµαλό προγραµµατισµό εντολών στο backend για warps µε ανεξάρτητες εντο-

λές. Τα warps µε υψηλές εξαρτήσεις µπορούν να ϰαταλαµβάνουν τις CUs όταν οι πρώτες έχουν

εξαντλήσει το IWindow τους ή έχουν αντιµετωπίσει αϰινητοποιήσεις της Icache.

Μετριϰή αναδιαµόρφωσης ετοιµότητας warp

Η ετοιµότητα των warps ποιϰίλλει µεταξύ των warps παρουσία ϰινδύνων ελέγχου λόγω βρόχων, που

προϰαλούν περισσότερα χτυπήµατα στην Icache ϰαι λόγω της προτίµησης χρονοπρογραµµατισµού

έϰδοσης των αντίστοιχων warps, που προϰαλεί συχνό άδειασµα των ϰαταχωρίσεων IBu�er τους.

΄Οταν ένα warp έχει προτεραιότητα για Issue, αυξάνεται η µετριϰή ετοιµότητάς του, παρέχοντάς

του αϰόµη µεγαλύτερη προτεραιότητα ϰ.ο.ϰ.

Πολιτιϰή αναδιαµόρφωσης δίϰαιου διαχωρισµού (Split)

΄Οταν χρησιµοποιείται η πολιτιϰή Split που παρουσιάζεται στην εξίσωση 5.4, οι διαϑέσιµες εγγραφές

Ibu�er ϰατανέµονται δίϰαια µεταξύ των warps.
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Algorithm 1

ά µό warp

order_warps_RR()

total_issued = 0

while total_issued < max_issue_per_cycle do

get_next_warp()

issued = 0

while issued < issue_depth && total_issued < max_issue_per_cycle do

if !ibu�er_empty() && !warp_waiting() && pipeline_avail() then

issue_instruction()

issued += 1

total_issued += 1

else

break

end if

end while

end while

(αʹ) Συνολιϰές εγγραφές RAT (βʹ) Χρησιµοποιηµένες εγγραφές RAT (γʹ) Μέγιστη χρησιµοποίηση εγγραφών

RAT

(δʹ) Τυπιϰή απόϰλιση ανά εϰϰίνηση kernel

των συνολιϰών εγγραφών RAT, ϰαν. στο

µέγιστο

(εʹ) Χρησιµοποιηµένες εγγραφές RAT (ϛʹ) Ετοιµότητα warp

Σχήµα 1.21
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Πολιτιϰή αναδιαµόρφωσης winner-take-all

Ηπολιτιϰή "winner-take-all" αναϰατανέµει άπληστα τις διαϑέσιµες ϰαταχωρήσεις µεταξύ τωνwarps

µε τις υψηλότερες βαϑµολογίες.

warp score =
1

1 + reverse reconf metric

warp score = reconf metric

total score =
X

warp2Ready W arps

warp score(warp)

warp entry pool =
X

warp2Ready W arps

current entries(warp)

entries(warp) = floor(warp entry pool � warp score
total score

)

remaining entries = warp entry pool �
X

warp2Ready W arps

entries(warp)

remaining score(warp) =
warp score

total score
� floor(

warp score

total score
)

(1.4)

Algorithm 2

Winner-take-all IBu�er recon�guration policy

sort_warps_by_score()

while warp_entry_pool do

warp = get_next_warp()

entries[warp] = min(max_entries_per_warp, warp_entry_pool)

warp_entry_pool -= entries[warp]

end while

Αποτελέσµατα αναδιαµόρφωσης

Τα αποτελέσµατα που προϰύπτουν από το συνδυασµό των δύο πολιτιϰών αναδιαµόρφωσης µε τις

δύο µετριϰές, σε όλους τους CUDA kernels, απειϰονίζονται στο Σχήµα 1.22αʹ, στα Σχήµατα 1.22βʹ,

1.22γʹ ϰαι 1.22δʹ. Η πολιτιϰή διαχωρισµού µε τη χρήση της µετριϰής ετοιµότητας warp παρέχει

σηµαντιϰά αποτελέσµατα, µε µέση επιτάχυνση 4,4% για CUDA kernels ευαίσϑητους σε LOOG, έως

ϰαι 10,2%.

1.3.5 Εϰτός σειράς αναδιαµόρφωση

Η βελτιστοποίηση της επίδοσης ή των αριϑµητιϰών µεγεϑών που λαµβάνουν υπόψη τη διάχυση

ισχύος (PDP, EDP) απαιτεί πολύ διαφορετιϰές διαµορφώσεις µονάδων συλλέϰτη για διαφορετιϰούς

CUDA kernels. Συγϰεϰριµένα, η ϰλιµάϰωση των CUs παράγει αρϰετή αύξηση των επιδόσεων για

ορισµένα φορτία εργασίας (ευαίσϑητα στο LOOG) που διϰαιολογεί την επιβάρυνση ισχύος ϰαι ε-

πιφάνειας των µεγαλύτερων διαµορφώσεων, ενώ για άλλα, ϰαµία διαµόρφωση LOOG δεν παρέχει

αρϰετά µεγάλη επιτάχυνση ώστε να διϰαιολογούνται οι επιβαρύνσεις. Οι βελτιώσεις του LOOG σε
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(αʹ) Πολιτιϰή διαχωρισµού, µε-

τριϰή χρησιµοποιηµένων εγγρα-

φών RAT

(βʹ) Πολιτιϰή διαχωρισµού, µε-

τριϰή ετοιµότητας warp

(γʹ) Πολιτιϰή Winner-Take-All

policy, µετριϰή χρησιµοποιη-

µένων εγγραφών RAT

(δʹ) Πολιτιϰή Winner-Take-

All policy, µετριϰή ετοιµότητας

warp

Σχήµα 1.22: Βελτίωση IPC ανά µετριϰή ϰαι πολιτιϰή αναδιαµόρφωσης

8_CUs 16_CUs 24_CUs 32_CUs 40_CUs 48_CUs 56_CUs 64_CUs

90th 55.39% 97.63% 121.77% 138.65% 146.71% 148.84% 148.85% 148.89%

80th 43.50% 71.17% 82.92% 89.10% 99.94% 104.97% 105.10% 105.40%

70th 27.65% 49.72% 58.13% 68.07% 76.13% 78.74% 79.66% 79.50%

60th 22.42% 34.69% 40.89% 46.32% 49.84% 49.12% 49.31% 49.41%

50th 17.32% 29.35% 31.58% 32.18% 33.26% 33.39% 32.79% 32.77%

AVG 22.50% 40.32% 49.15% 55.24% 59.44% 60.79% 60.96% 60.93%

1.8: Βελτίωση IPC ανά διαµόρφωση ϰαι εϰατοστηµόριο

σχέση µε τη βασιϰή µιϰροαρχιτεϰτονιϰή για τα διάφορα εϰατοστηµόρια της ϰορεσµένης βελτίωσης

παρουσιάζονται µε µεγαλύτερη αϰρίβεια στον πίναϰα ;;

Συµπεριφορά εϰϰινήσεων kernels µε το LOOG

΄Οσον αφορά τον αριϑµό των εϰϰινήσεων για τους εξεταζόµενους CUDA kernels, στον πίναϰα 3.1

42% των πυρήνων είχαν συνολιϰά µία εϰϰίνηση. Η ϰατανοµή του αριϑµού των εϰϰινήσεων για τους

υπόλοιπους CUDA kernels απειϰονίζεται στο Σχήµα ;;.

΄Οπως απειϰονίζεται στο σχήµα 1.23βʹ, 1.23γʹ ϰαι 1.23αʹ, υπάρχει σαφής συσχέτιση µεταξύ

των υπολογιστιϰών εντολών ϰαι του αριϑµού των ϰλήσεων. ΄Οπως φαίνεται στο Σχήµα 1.25βʹ,

οι προσπελάσεις σταϑερής µνήµης των φόρτων εργασίας µας συσχετίζονται ϰυρίως µε εντολές

µνήµης παραµέτρων. Πράγµατι, αυτό οφείλεται στους χαµηλούς συνολιϰούς χρόνους εϰτέλεσης. Η

βελτίωση του ϰορεσµένου IPCστο LOOGσυσχετίζεται έντονααρνητιϰά µε (Σχήµα 1.25αʹ). Εποµένως,

ο χαµηλός χρόνος εϰτέλεσης εϰϰίνησης είναι µια σηµαντιϰή παράµετρος ϰατά τη σϰιαγράφηση

πυρήνων σύµφωνα µε τη βελτίωση του LOOG.

(αʹ) ∆υναµιϰές εντολές SFU (βʹ) ∆υναµιϰές εντολές SP (γʹ) ∆υναµιϰές εντοµές µοιρα-

ζόµενης µνήµης

(δʹ) Κορεσµένη βελτίωση επίδο-

σης - εϰϰινήσεις

Σχήµα 1.23: Τύποι εντολών - εϰϰινήσεις kernels. Εµφανής συσχέτιση ϰλήσεων

- εντολών µνήµης
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Σχήµα 1.24: Αριϑµός ϰλήσεων ανά kernel

(αʹ) Η ϰορεσµένη βελτίωση επίδοσης είναι αντι-

στρόφως ανάλογη των προσβάσεων L1C

(βʹ) Οι προσβάσεις L1C εξυπηρετούν ϰυρίως εντολές

µνήµης παραµέτρων

Σχήµα 1.25:

Χρησιµοποιούµενες µετριϰές

Ο ϰαϑορισµός της βέλτιστης αναδιαµόρφωσης είναι σχετιϰός µε τον απαιτούµενο δείϰτη αξίας,

ο οποίος αντιπροσωπεύει ϰάποιο είδος τοµέα αποδοτιϰότητας που πρέπει να βελτιστοποιήσουµε.

Μαζί µε αυτό χρησιµοποιούνται ϰαι αριϑµοί αξίας που λαµβάνουν υπόψη την ισχύ:

• Κορεσµένη βελτίωση IPC 98%
Θεωρείται ότι είναι βελτιστοποιηµένη όταν η τρέχουσα διαµόρφωση παρέχει απόδοση εντός

ενός αυϑαίρετου 2% της ϰορεσµένης απόδοσης βελτίωσης (µέγιστη επιτεύξιµη βελτίωση IPC

στην πιο ϰλιµαϰούµενη διαµόρφωση LOOG).

• Κορεσµένη βελτίωση IPC 95%
Το IPC ϑα πρέπει να είναι εντός του 5% της µέγιστης επιτεύξιµης βελτίωσης IPC.

• Power-Delay Product
Ισοδυναµεί µε τη συνολιϰή διάχυση ενέργειας της εφαρµογής.
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• Energy-Delay Product
Ισοδύναµο µε το γινόµενο Power � Delay2

, λαµβάνοντας περισσότερο υπόψη το χρόνο

εϰτέλεσης.

Αυτές είναι οι µετριϰές µε βάση τις οποίες ϑα αξιολογηϑεί ϰαι το µοντέλο αναδιαµόρφωσης, σε σχέση

µε τις βέλτιστες τιµές τους. Συχνά ϑα αναφερόµαστε σε αυτές ως ¨µετριϰές αναδιαµόρφωσης¨.

Είδη αναδιαµόρφωσης

• Βάσει του επιπέδου υλοποίησης του ελεγϰτή αναδιαµόρφωσης:

Επίπεδο λογισµιϰού/ υλιϰού,

• Βάσει της εισόδου του ελεγϰτή αναδιαµόρφωσης:

Βέλτιση αναδιαµόρωση (όπου οι βέλτιστες διαµορφώσεις είναι γνωστές για ϰάϑε εφαρµο-

γή ϰαι µετριϰή αναδιαµόρφωσης) / Αναδιαµόρφωση ϰατά την εϰτέλεση (όπου οι βέλτιστες

διαµορφώσεις προβλέπονται από µετρητές υλιϰού)

• Βάσει του χρονιϰού βαϑµού λεπτοµέρειας:

Στατιϰή (αναδιαµόρφωση ανά εφαρµογή) / Ηµι-δυναµιϰή (αναδιαµόρφωση ανά εϰϰίνηση

kernel ) / Πρώτης εϰϰίνησης (πρώτη εϰϰίνηση εντός σειράς ϰαι σταϑερή διαµόρφωση για τις

υπόλοιπες εϰϰινήσεις)

Προσδιορισµός βέλτιστων διαµορφώσεων

Values 98% saturation PDP EDP

LOOG-sensitive

min 24 16 24

max 48 48 48

median 40 32 40

LOOG-insensitive

min inorder inorder inorder

max 48 48 48

median 32 16 16

1.9: Βέλτιστες διαµορφώσεις ανά kernel ϰαι µετριϰή

Βέλτιστη διαµόρφωση για CUDA kernels µίας εϰϰίνησης

Για τη βέλτιστη αναδιαµόρφωση για CUDA kernels µονής εϰϰίνησης µε βάση τη βελτιστοποίηση

όλων των µετριϰών που ορίζονται, λαµβάνουµε αποτελέσµατα για τη µέση βελτίωση του χρόνου

εϰτέλεσης ϰαι τη µέση ενεργειαϰή απόδοση σε όλους τους CUDA kernels ϰαι τις ϰατηγορίες ευαι-

σϑησίας LOOG στον πίναϰα 1.10.

Τα διαγράµµατα 1.28αʹ ϰαι 1.28βʹ απειϰονίζουν σαφώς την παρατήρηση ότι οι CUDA kernels

πολλαπλών εϰϰινήσεων τείνουν να µην είναι ευαίσϑητοι στο LOOG.
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Σχήµα 1.26: Τύποι αναδιαµόρφωσης βάσει χρονιϰής λεπτοµέρειας
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(a) sat98,launches, LOOG-

sensitivity

(b) PDP, kernels, LOOG-

sensitivity

(c) sat98, kernels, LOOG-

sensitivity

(d) PDP, launches, LOOG-

sensitivity

(e) sat98, kernels and launches (f) PDP, kernels and launches (g) EDP, launches, LOOG-sens (h) EDP, kernels, LOOG-sens

(i) EDP, kernels and launches

µ 1.27: Βέλτιστες διαµορφώσεις CU ανά CUDA kernels, εϰϰινήσεις, µετριϰές

αναδιαµόρφωσης ϰαι ευαισϑησία στο LOOG
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(αʹ) Βελτίωση χρόνου εϰτέλεσης (βʹ) Βελτίωση ενέργειας (γʹ) Επιδείνωση χρόνου εϰτέλε-

σης από ϰορεσµό

(δʹ) Βελτίωση ενέργειας από ϰο-

ρεσµό

Σχήµα 1.28:

΄Οπως φαίνεται στο Σχήµα 1.28γʹ, η βελτιστοποίηση για τις άλλες µετριϰές προϰαλεί µια αναµε-

νόµενη µιϰρή επιδείνωση της ϰαϑυστέρησης σε σύγϰριση µε το 98%sat. ΄Οσον αφορά τη µεταβολή

ενέργειας, στο Σχήµα 1.28 παρατηρούµε ότι ϰατά µέσο όρο - 1,1%, -1,4% ϰαι -0,9% µτεαβολή ενέργειας

παράγεται από τις µετριϰές 95% IPC saturation, PDP ϰαι EDP αντίστοιχα.

Σηµειώνεται ότι, όπως φαίνεται στις ϰατανοµές ενέργειας στο Σχήµα 1.29γʹ, εϰτός από την ανα-

µενόµενη βελτιστοποίηση του PDP, ένα σύνολο πυρήνων δεν ϰερδίζει αρϰετά σηµαντιϰή επιτάχυνση

ώστε να αντισταϑµίσει την επιβάρυνση ισχύος των µεγαλύτερων διαµορφώσεων LOOG. Αυτοί οι

CUDA kernels αντιπροσωπεύουν 25% για τις µετριϰές ϰορεσµού 95% ϰαι EDP ϰαι 27% για τη µετριϰή

ϰορεσµού 98%. ΄Οπως φαίνεται στο Σχήµα 1.29δʹ, όλοι οι CUDA kernels που είναι ευαίσϑητοι στο

LOOG µειώνουν τη διάχυση ενέργειας ϰατά τουλάχιστον 38% σε βέλτιστες διαµορφώσεις.

95% sat 98% sat PDP EDP

Delay

Total -29.4% -30.1% -28.2% -30%

LOOG-sensitive -59.8% -60% -60% -60%

Energy

Total -20% -19% -21% -20%

LOOG-sensitive -53% -52.9% -52.8% -52.8%

1.10: Βέλτιστες διαµορφώσεις για kernels µονής εϰϰίνησης

(αʹ) Χρόνος εϰτέλεσης, γενιϰοί

kernels

(βʹ) Χρόνος εϰτέλεσης, kernels

ευαίσϑητοι στο LOOG

(γʹ) Ενέργεια, γενιϰοί kernels (δʹ) Ενέργεια, kernels ευαίσϑη-

τοι στο LOOG

Σχήµα 1.29: Χρόνος εϰτέλεσης ϰαι ενέργεια για τις βέλτιστες διαµορφώσεις

σε kernels µονής εϰϰίνησης
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(αʹ) Βελτίωση χρόνου εϰτέλεσης

σε ηµι-δυναµιϰή διαµόρφωση

(βʹ) Βελτίωση ενέργειας σε ηµι-

δυναµιϰή διαµόρφωση

(γʹ) Χειροτέρευση χρόνου

εϰτέλεσης σε διαµόρφωση

πρώτης εϰϰίνησης

(δʹ) Χειροτέρευση ενέργειας σε

διαµόρφωση πρώτης εϰϰίνησης

Σχήµα 1.30:

CUDA kernels πολλαπλών εϰϰινήσεων

Ηµι-δυναµιϰή αναδιαµόρφωση

΄Οπως φαίνεται στα σχήµατα 1.30αʹ ϰαι 1.30βʹ, οι µέσοι όροι ϰατανοµής των δέλτα για την ϰα-

ϑυστέρηση ϰαι την ενέργεια ϰατά τη διαµόρφωση ανά εϰϰίνηση ϰαι τη χρήση της ϰατάλληλης

µετριϰής (ϰορεσµός IPC για την ϰαϑυστέρηση ϰαι PDP για την ενέργεια) δεν διαφέρουν σηµαντιϰά

από τη στατιϰή αναδιαµόρφωση.

Εϰτός από µεριϰές αϰραίες τιµές µε υπερβολιϰό αριϑµό εϰϰινήσεων CUDA kernel που φαίνονται

στον πίναϰα 1.11 , των οποίων οι είσοδοι ϰαι οι παράµετροι ενδεχοµένως αλλάζουν µε την πάροδο

του χρόνου, τα αποτελέσµατα είναι ίδια για τις δύο οµάδες µε βάση τον αριϑµό των εϰϰινήσεων.

Benchmark suite Name Description Characteristics Kernels Launches deltaDelay deltaEnergy

Rodinia-3.1 NW Sequence alignment Compute intensive 1 104 -2.4% -4.3%

Rodinia-3.1 CFD Fluid Dynamics Compute intensive 3 15 -2% -3.5%

Polybench 3DConvolution 3D �ltering Compute & BW 1 32 -1.8% -3%

SHOC Spmv Sparse Vector Mul Sparse lin Algebra 1 129 -2.1% -4.1%

SHOC Scan Parallel Scan Memory BW 3 45 -1.8% -3.1%

1.11: Kernels πολλών εϰϰινήσεων µε ανοµοιόµορφη ϰλιµάϰωση εϰτός σειράς

Στατιϰή αναδιαµόρφωση πρώτης εϰϰίνησης

Λαµβάνοντας υπόψη αυτά τα αποτελέσµατα, είναι λογιϰό να εξετάσουµε αν η βέλτιστη σϰιαγράφη-

ση τουπροφίλ της πρώτης εϰϰίνησηςπαρέχει µια αξιοπρεπή διαµόρφωσηγια την υπόλοιπη εϰτέλεση

του CUDA kernel. ΄Οπως απειϰονίζεται στο Σχήµα 1.30γʹ, για CUDA kernels πολλαπλών εϰϰινήσεων

µε λιγότερες από 7 εϰϰινήσεις ϰαι περισσότερες από 7 εϰϰινήσεις αντίστοιχα, όταν εφαρµόζεται η

βέλτιστη αναδιαµόρφωση πρώτης εϰϰίνησης σε σύγϰριση µε τη βέλτιστη στατιϰή αναδιαµόρφωση,

εισάγεται µια µέση επιβάρυνση ϰαϑυστέρησης 2,6% ϰαι 3,9%. Οι αντίστοιχες επιβαρύνσεις ενέργειας

είναι 1,2% ϰαι 2,6%, όπως φαίνεται στο Σχήµα 1.30δʹ. Οι µιϰρές αυτές επιβαρύνσεις ϰινητοποιούν την

πρόβλεψη της ϰλιµάϰωσης εϰτός σειράς στο υλίϰό, για την εύρεση των βέλτιστων διαµορφώσεων

ϰατά την εϰτέλεση.
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Prìbleyh klimˆkwshc ektìc seirˆc

Dokimˆsthkan pollaplˆ montèla palindrìmhshc gia thn prìbleyh thc koresmènhc beltÐwshc

LOOG(ousiastikˆ èna mètro thc klimˆkwshc OOO) apì tic metr seic pou sullèqjhkan se ìla

ta epÐpeda qarakthrismoÔ twn efarmog¸n. H rÐza mèsou tetragwnikoÔ lˆjouc diastauroÔmenhc

epikÔrwshc gia ìla ta montèla pou prosarmìsthkan apeikonÐzontai sto Sq ma 1.31.

Arqikˆ dokimˆsthke èna montèlo grammik c palindrìmhshc, me ta shmantikìtera qarakth-

ristikˆ tou na apeikonÐzontai sto Sq ma 1.32. Ta qarakthristikˆ me arnhtikoÔc suntelestèc

eÐnai qrwmatismèna me kìkkino qr¸ma. 'Opwc suzht jhke ekten¸c sthn enìthta 5.3, ta stati-

stikˆ stoiqeÐa qrìnou ektèleshc pou sqetÐzontai me prospelˆseic mn mhc (Global accesses, MEM

dispatch stalls, L1 Data pending hits-apait seic gia trèqonta misses-) susqetÐzontai arnhtikˆ me

thn epitˆqunsh se diamorf¸seic LOOG, en¸ ekeÐna pou shmatodotoÔn uyhl  apìdosh entol¸n

susqetÐzontai jetikˆ.

To sÔnolo ekpaÐdeushc perilˆmbane kai touc 42CUDA kernelsmon c ekkÐnhshc kaj¸c kai

28CUDA kernelspollapl¸n ekkin sewn kai to sÔnolo dokim c perilˆmbane touc upìloipouc 40

CUDA kernelspollapl¸n ekkin sewn. H prosarmog  pragmatopoi jhke me bˆsh ta ajroistikˆ

statistikˆ stoiqeÐa olìklhrou tou CUDA kernel (mèsoc ìroc gia ìlec tic ekkin seic gia touc

CUDA kernelspollapl¸n ekkin sewn). Gia na apofeuqjeÐ h uperbolik  prosarmog  kai lìgw tou

apagoreutikoÔ megèjouc twn dedomènwn ekpaÐdeushc gia diastauroÔmenh epikÔrwsh, to montèlo

pou epilèqjhke pareÐqeRMSEentìc 5% thc diamèsou twn 100 prosarmog¸n (telikìRMSE0,12 kai

MAPE27%).

Sq ma 1.31: ApotelèsmataRMSEdiastauroÔmenhc epikÔrwshc gia ìlouc
touc regressorspou prosarmìsthkan sta dedomèna

H susqètish thc metablht c-stìqou me to shmantikìtero qarakthristikì tou Regressor, pou

faÐnetai sto Sq ma 1.33 den eÐnai grammik .

Prìbleyh epÐdoshc stic endiˆmesec diamorf¸seic

ProspajoÔme na problèyoume th beltÐwsh twn epidìsewn stic endˆmesec diamorf¸seic dedo-

mènhc thc koresmènhc beltÐwshcIPCkai thc mèshc kanonikopoihmènhc kampÔlhc beltÐwshcIPC

(koukkÐdec pou apeikonÐzontai sto Sq ma 1.34aþ).
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Sq ma 1.32: Ta pio shmantikˆ qarakthristikˆ gia thn polumetablht  gram-
mik  palindrìmhsh pou prosarmìzetai sta dedomèna

Sq ma 1.33: SusqètishL1 Data pending hitsme koresmènh beltÐwsh epÐdoshc

H beltÐwsh tou IPCsth diamìrfwsh 64 CU èqei oristeÐ sth gnwst  tim  koresmoÔ. Oi endi-

ˆmesec timèc upologÐzontai pollaplasiˆzontac th mèsh kanonikopoihmènh beltÐwshIPCse kˆje

diamìrfwsh me thn tim  koresmoÔ. Ta apotelèsmata apeikonÐzontai sto Sq ma 1.34gþ.

Oi epitaqÔnseic se endiˆmesec diamorf¸seic upologÐzontai ìpwc perigrˆfhke prohgoumènwc,

qrhsimopoi¸ntac th mèsh kampÔlh epitˆqunshc sto eÔroc[8_CUs, 48_CUs]. Ta apotelèsmata

apeikonÐzontai sto Sq ma 1.34bþ.

(aþ)KampÔlh beltÐwshcIPCme thn kli-
mˆkwsh tou LOOG

(bþ)Tupik  apìklish twn tim¸n IPC
pou problèpontai apì ton elegkt  se

ìlec tic diamorf¸seic CU

(gþ)Tupik  apìklish gia tic telikèc problepìme-
nec timèc

Sqediasmìc elegkt  anadiamìrfwshc sto ulikì

Ta dèntra apofˆsewn gia thn prìbleyh elˆqisthc beltÐwshc tou IPC LOOGkai thn prìbleyh

koresmènhc beltÐwshc touIPCapeikonÐzontai sta sq mata 1.35aþ kai 1.35. Oi timèc exìdou gia kˆje
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dèntro apìfashc tou elegkt  anadiamìrfwshc parousiˆzontai ston pÐnaka 1.12. O sqediasmìc

tou elegkt  anadiamìrfwshc ulikoÔ apeikonÐzetai sto Sq ma 1.36.

Predictor RMSE MAPE Leaf values Test set mean Test set 90th
8_CU regressor 0.08 21% 0.08 0.21 0.24 0.71 1.19 1.85 3.96 - 0.18 0.57
64_CU regressor 0.12 27% 0.23 0.49 0.51 0.87 1.33 1.81 2.45 4.1 0.61 1.52

1.12:Sfˆlmata kai problepìmenec timèc IPC gia touc regressorsdèntrwn
apìfashc

1.4 Axiolìghsh thc anadiamorf¸simhc arqitektonik c

1.4.1 Diastasiolìghsh

Sto Sq ma 1.38aþ parèqetai h metrik ADP, kanonikopoihmènh wc proc th basik  mikroarqitekto-

nik , gia ìlec tic exetazìmenec mikroarqitektonikèc kai me th qr sh twn metrik¸n anadiamìrfwshc

PDPkai EDP. ElaqistopoieÐtai sthn pio qamhl c klÐmakac mikroarqitektonik  twn 16 CUsme tic

32CUsna akoloujoÔn amèswc metˆ. Sta sq mata 1.38gþ, 1.38 kai 1.38bþ, eÐnai profanèc ìti ìlec oi

ˆllec metrikèc beltistopoioÔntai sthn pio klimakoÔmenh diamìrfwsh klÐmakac, 48CU. Wstìso,

h pio shmantik  pt¸sh sumbaÐnei apì 16 se 32CUs, me elˆqisth beltÐwsh apì 32 se 48.

Oi mèsec timèc twn bèltistwn apotelesmˆtwn anadiamìrfwshc gia mia dedomènh arqitektonik 

anˆ metrik  anadiamìrfwshc sunoyÐzontai ston pÐnaka 1.37a , kanonikopoihmènec wc proc th

basik  mikroarqitektonik  (p.q. Mia mikroarqitektonik  me 16 CUs, parˆgei mia mèsh kajustèrhsh

0,749 kanonikopoihmènh wc proc th basik  mikroarqitektonik  ìtan anadiamorf¸netai bèltista

me mia metrik PDP). 'Opwc faÐnetai epÐshc ston pÐnaka, ìlec oi metrikèc ektìc apì thnADP

elaqistopoioÔntai gia mègistecCUs. Gia ìla ta megèjh axÐac, h diamìrfwsh 32CUparèqei timèc

pou proseggÐzoun th bèltisth. 'Opwc faÐnetai ston pÐnaka 1.37b, gia ìla ta megèjh axÐac pou

qrhsimopoi jhkan (Delay, Energy, ADP, PDP)h mikroarqitektonik  32 CU parèqei epibarÔnseic

entìc 2% tou bèltistou.

Profan¸c, gia ton mèso CUDA kernel, h mikroarqitektonik  32 CU parèqei ton pio logikì

sumbibasmì metaxÔ thc beltistopoÐhshc touADP kai twn ˆllwn sÔnjetwn metr sewn. 'Opwc

faÐnetai stouc pÐnakec 1.37c kai 1.37b, gia touc euaÐsjhtouc stoLOOG kernels,h tim  aut  eÐnai

48.

1.4.2 Elegkt c sto logismikì

Statik  anadiamìrfwsh

Sto Sq ma 1.39aþ, ìson aforˆ tic statikèc ( set-in-stone) mikroarqitektonikèc, h antistˆjmish ener-

geiak c apìdoshc-kajustèrhshc apeikonÐzetai gia 16 èwc 32CUs, me toEDPna elaqistopoieÐtai

stic 32 CUs. H epÐdosh, h energeiak  apìdosh kai toEDPbeltistopoioÔntai se 48, 16 kai 32

CUsantÐstoiqa. EÐnai endiafèron ìti, akìmh kai gia genikoÔcCUDA kernels, h anadiamìrfwsh me

opoiad pote metrik  eÐnai energeiakˆ apodotikìterh apì opoiad pote statik  diamìrfwsh.



36 Kefˆlaio 1. Ektetamènh Ellhnik  PerÐlhyh

(aþ)Prìbleyh beltÐwshc IPCsthn elˆqisth diamìrfwsh LOOG

(bþ)Prìbleyh beltÐwshc IPCsth mègisth diamìrfwsh LOOG

Sq ma 1.35: Prosarmosmèna dèntra apìfashc gia thn prìbleyh thc bel-
tÐwshc epÐdoshc stoLOOG
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Sq ma 1.36: Sqèdio tou elegkt  anadoiamìrfwshc sto ulikì
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CU 16 32 48
ADP

PDP 0,800 0,815 0,857
EDP 0,790 0,796 0,833

Delay
PDP 0,749 0,716 0,710
EDP 0,739 0,699 0,690

Energy
PDP 0,800 0,780 0,776
EDP 0,803 0,786 0,784

EDP
PDP 0,599 0,558 0,551
EDP 0,593 0,549 0,541

(a) SÔgkrish diaforetik¸n
mikroarqitektonik¸n gia

genikoÔckernels

CU 16 32 48
ADP

PDP 0 1.87% 7.12%
EDP 0 0.76% 5.44%

Delay
PDP 5.49% 0.85% 0
EDP 7.1% 1.3% 0

Energy
PDP 3.09% 0.52% 0
EDP 2.42% 0.26% 0

EDP
PDP 8.71% 1.27% 0
EDP 9,61% 1,48% 0

(b) EpibarÔnseic se sÔgkr-
ish me to bèltisto gia

genikoÔckernels

CU 16 32 48
ADP

PDP 0,582 0,533 0,537
EDP 0,582 0,525 0,531

Delay
PDP 0,545 0,462 0,445
EDP 0,545 0,462 0,440

Energy
PDP 0,599 0,536 0,528
EDP 0,599 0,536 0,530

EDP
PDP 0,346 0,270 0,258
EDP 0,346 0,270 0,256

(c) SÔgkrish diaforetik¸n
mikroarqitektonik¸n gia eu-
aÐsjhtouc sto LOOG kernels

CU 16 32 48
ADP

PDP 9,13% 0 0,70%
EDP 10,78% 0 1,15%

Delay
PDP 22,45% 3,79% 0
EDP 23,73% 4,88% 0

Energy
PDP 13,45% 1,58% 0
EDP 13,03% 1,20% 0

EDP
PDP 34,21% 4,66% 0
EDP 35,10% 5,36% 0

(d) EpibarÔnseic se sÔgkr-
ish me to bèltisto gia eu-
aÐsjhtouc sto LOOG kernels

µ 1.37: SÔgkrish anadiamorf¸simwn mikroarqitektonik¸n diaforetikoÔ
megèjouc katˆ th bèltisth anadiamìrfwsh me tic metrikèc anadiamìrfw-

shc PDPkai EDP

(aþ) (bþ) (gþ) (dþ)

Sq ma 1.38:SÔgkrish mikroarqitektonik¸n diaforetik c klimˆkwshc ektìc seirˆc

Hmi-dunamik  anadiamìrfwsh

Se autì to upotm ma, h epÐdrash miac hmi-dunamik c anadiamìrfwshc exetˆzetai apokleistikˆ gia

CUDA kernelspollapl¸n ekkin sewn, se dÔo kathgorÐec kernels, pˆnw kai kˆtw apì ton diˆmeso

arijmì ekkin sewn. 'Opwc parousiˆsthke sthn enìthta 5.8.5, h statik  anadiamìrfwsh den

dhmiourgeÐ shmantikèc epibarÔnseic se sÔgkrish me thn hmidunamik  anadiamìrfwsh pou faÐnetai

sto Sq ma 1.26. Pio sugkekrimèna, ìpwc faÐnetai ston pÐnaka 1.13, parathroÔntai elˆqistec mèsec

timèc epibˆrunshc kai gia tic dÔo kathgorÐec efarmog¸n (sÔmfwna me ton arijmì twn kl sewn),

me thn katanom  na eÐnai arketˆ eureÐa. Epomènwc, perijwriakèc peript¸seic qamhl c sunoq c

klimˆkwshc entìc tou Ðdioukernel (qronik  allag  thc sumperiforˆc klimˆkwshc ektìc seirˆc)

pou parˆgoun shmantikèc epibarÔnseic parathroÔntai stouc pÐnakec 1.15 kai 1.14.

Launches Less than 7 launches7 or more launches
Delay Energy Delay Energy

Min 0 0 0 0
Median -0.45% -0.52% -0.82% -0.58%
Mean -0.52% -0.80% -1.10% -0.86%
Max -2.41% -2.65% -4.42% -4.89%

1.13:Katanom  beltÐwshc qrìnou ektèleshc kai enèrgeiac apì statik  se
hmi-dunamik  anadiamìrfwsh
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(aþ)GenikoÐkernels (bþ)kernelseuaÐsjhtoi sto LOOG

Sq ma 1.39: BeltÐwsh twn statik¸n mikroarqitektonik¸n kai twn anadia-
morf¸simwn anˆ metrik  apì th basik  mikroarqitektonik .

Kernel DEnergy Description static con�guration inorder 8_CUs 16_CUs 24_CUs 32_CUs 40_CUs 48_CUs
testSssp -4,89% Reg. expand kernel 8_CUs 3 3 0 0 0 0 0
ispass-2009-BFS-3,26% BFS 16_CUs 1 0 8 0 0 0 0
shoc-Reduction -2,85% Reduce operation 32_CUs 0 0 0 0 3 1 0
shoc-Sort -1,77% Scan 16_CUs 2 0 2 0 0 0 0
test-Amr -1,49% Reg re�ne kernel 24_Cus 0 0 1 2 1 0 0

1.14: kernels me th megalÔterh qeirotèreush se enèrgeia apì thn hmi-
dunamik  sth statik  anadiamìrfwsh

Kernel DDelay Description static con�guration inorder 8_CUs 16_CUs 24_CUs 32_CUs 40_CUs 48_CUs
dwt2d-rodinia-3.1 -4,42% DWT2D kernel 32_CUs 0 0 0 0 3 4 0
lonestar-sssp-wln -4,27% RelaxGraphWorklist 16_CUs 0 0 4 2 1 1 0
cfd-rodinia -3,87% Initialization 16_CUs 0 2 0 1 0 0 0
shoc-Spmv -3,69% spmv_scalar 48_CUs 0 0 0 0 13 4 82
test-Amr -2,55% Reg re�ne kernel 32_CUs 0 0 0 3 1 0 0

1.15:kernelsme th megalÔterh qeirotèreush se qrìno ektèleshc apì thn
hmi-dunamik  sth statik  anadiamìrfwsh

Susqètish me sustˆdec efarmog¸n

Sto Sq ma 1.40aþ, to bèltisto sq ma statik c anadiamìrfwshc axiologeÐtai se sqèsh me th

statik  48 CUmikroarqitektonik  stic sustˆdec efarmog¸n pou orÐzontai sthn enìthta 5.3 .

1.4.3 Elegkt c sto ulikì

Anadiamìrfwsh pr¸thc ekkÐnhshc

Ta apotelèsmata gia ton mèsoCUDA kernelsunoyÐzontai ston pÐnaka 1.16. Se aut  thn enìthta,

o elegkt c anadiamìrfwshc ulikoÔ axiologeÐtai se sqèsh me th bèltisth statik  anadiamìrfwsh

pou ulopoieÐtai me logismikì, ìpwc perigrˆfetai sthn enìthta 5.8.4, kaj¸c kai me mia statik 

(set-in-stone)mikroarqitektonik  me 48CUs.Oi metrhtèc epidìsewn ulikoÔ sullègontai gia ìlec

tic kl seic tou CUDA kernel, katˆ th diˆrkeia miac ektèles c tou kai qrhsimopoioÔntai gia thn

exagwg  sumperasmˆtwn sqetikˆ me mia bèltisth diamìrfwsh, h opoÐa efarmìzetai sth sunèqeia

se epìmenec ektelèseic touCUDA kernelse ìlec tic ekkin seic tou. Sto Sq ma 1.40bþ, parousiˆzetai

h proanaferjeÐsa sÔgkrish. O elegkt c ulikoÔ eÐnai ligìtero apodotikìc apì ton elegkt 

statik c anadiamìrfwshc logismikoÔ se ìla ta megèjh axÐac kai tic metrikèc anadiamìrfwshc.



40 Kefˆlaio 1. Ektetamènh Ellhnik  PerÐlhyh

(aþ)Axiolìghsh thc anadiamorf¸simhc arqitektonik c anˆ su-
stˆda efarmog¸n

(bþ)Axiolìghsh tou elegkt  anadiamìrfwshc sto ulikì ènanti thc
bèltisthc anadiamìrfwshc kai thc statik c mikroarqitektonik c

me48 CUs

Static 48CU uArch
Delay 0,680
Energy 0,863
EDP 0,643
Optimal static reconf

Metric PDP EDP
Delay 0,710 0,690
Energy 0,776 0,784
EDP 0,599 0,587

Regressor
Metric PDP EDP
Delay 0,726 0,694
Energy 0,805 0,817
EDP 0,633 0,602

1.16:Enèrgeiec kai qrìnoi ektèleshc gia ta sq mata anadiamìrfwshc kai
th statik  mikroarqitektonik , kanonikopoihmèna sth basik .

To RMSEgia to problepìmeno kanonikopoihmèno diˆnusma beltÐwshc touIPC sto sÔnolo

dokim¸n parousiˆzetai sto Sq ma 1.41.

Axiolìghsh tou elegkt  se statik  anadiamìrfwsh

Se autì to upotm ma, o elegkt c axiologeÐtai se statik  (olìklhroi CUDA kernels) antÐ gia

anadiamìrfwsh katˆ thn pr¸th ekkÐnhsh. O skopìc aut c thc axiolìghshc eÐnai na epekteÐnei

to periorismèno sÔnolo dedomènwn pur nwn pollapl¸n ekkin sewn ¸ste na sumperilˆbei ìlouc

touc CUDA kernelskai na kajorÐsei th sumperiforˆ tou elegkt  ìson aforˆ CUDA kernels

euaÐsjhtouc seLOOG.
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Sq ma 1.41:RMSEgia tic problèyeic tou elegkt  kai tic upologismènec
endiˆmesec timècIPC

(aþ)Qrìnoc ektèleshc, genikoÐ
kernels

(bþ)Qrìnoc ektèleshc, euaÐsjh-
toi sto LOOG kernels

(gþ)Enèrgeia, genikoÐkernels (dþ)Enèrgeia, euaÐsjhtoi sto
LOOG kernels

Sq ma 1.42: BeltÐwsh qrìnou ektèleshc kai enèrgeiac gia bèltisth statik 
anadiamìrfwsh me ton elegkt 

1.5 Sumperˆsmata kai mellontikèc epektˆseic

1.5.1 Sumperˆsmata

Me thn efarmog  tou sq matoc ektèleshc LOOGston Accel-Sim, apoktoÔme th dunatìthta na

aux soume thn akrÐbeia thc prosomoÐwshc se pollˆ mètwpa. Apoktˆme epÐshc prìsbash se

diamorf¸seic suntonismènec me akrÐbeia giaGPUkèntrwn dedomènwn, sumperilambanomènhc thc

Quadro GV100pou qrhsimopoi jhke sthn anˆlus  mac.

'Eqontac sullèxei statistikˆ stoiqeÐa qrìnou ektèleshc thc mikroarqitektonik c se 7 sÔno-

la metroprogrammˆtwn kai 100 CUDA kernels, ta qrhsimopoioÔme gia na qarakthrÐsoume tic

efarmogèc se omˆdec ìson aforˆ ta shmeÐa sumfìrhshc thc arqitektonik c, kaj¸c kai gia na su-

sqetÐsoume sugkekrimèna qarakthristikˆ pou diajètoun me thn epitˆqunsh kai thn uyhl  qr sh

thc GPUse klimakwtèc diamorf¸seic LOOG. Mia epilegmènh kathgorÐa efarmog¸n pou kerdÐzoun

shmantik  epitˆqunsh se tètoiec diamorf¸seic onomatÐzetai"LOOG-euaÐsjhth". Aut  h anˆlush

parèqei th raqokokaliˆ gia ton peraitèrw qarakthrismì tou fìrtou ergasÐac se ìlh th diˆrkeia

aut c thc ergasÐac.

Ta stoiqeÐa toufront-end tou agwgoÔ diastasiologoÔntai kai diamorf¸nontai bèltista se

sunduasmì me toLOOG, odhg¸ntac sta sumperˆsmata ìti to eÔroc z¸nhc tou apokwdikopoiht 

mporeÐ na perioristeÐ (-4,57%Power, -0,22%Area) kai ìti o qronoprogrammatismìc Depth-First

instruction Issueparèqei bèltisth apìdosh (epitˆqunsh 1,14 gia CUDA kernelseuaÐsjhtouc sto

LOOG). To teleutaÐo, se sunduasmì me th suneidhtopoÐhsh ìti to ekmetalleÔsimoILP poikÐllei

eurèwc metaxÔ twnwarps, odhgeÐ sthn ulopoÐhsh enìc elegkt  anadiamìrfwshc diamerismoÔ tou



42 Kefˆlaio 1. Ektetamènh Ellhnik  PerÐlhyh

rujmistikoÔ diaÔlou entol¸n pou parèqei mèsh aÔxhsh thc apìdoshc katˆ 4,4% giaCUDA kernels

euaÐsjhtouc stoLOOG, èwc kai 10,2%.

Oi domèc pou sqetÐzontai me toLOOG (Collector Units, Register Renaming Stackkai Instruction

Bu�er ) melet¸ntai ìson aforˆ thn klimˆkwsh, odhg¸ntac sto sumpèrasma ìti oi Collector Units

eÐnai to kÔrio stoiqeÐo pou odhgeÐ sthn aÔxhsh thc taqÔthtac, allˆ eÐnai epÐshc apaithtikèc se

isqÔ kai epifˆneia. H dunatìthta na epwfelhjeÐ kaneÐc apì th shmantik  epitˆqunsh pou epitug-

qˆnetai se diamorf¸seic LOOGme klimˆkwsh ìson aforˆ CUDA kernelseuaÐsjhtouc stoLOOG,

diathr¸ntac parˆllhla thn energeiak  apìdosh ìtan eÐnai aparaÐthto, parèqetai apì mia kli-

makoÔmenh anadiamorf¸simh mikroarqitektonik  me leptomer  apokop  isqÔoc stouc StajmoÔc

Sullog c ( Collector Units). H anadiamorf¸simh arqitektonik  axiologeÐtai arqikˆ me bˆsh ènan

bèltisto elegkt  logismikoÔ pou ekteleÐ hmi-dunamik  epanadiamìrfwsh se epÐpedo anˆ ekkÐnhsh.

Suneidhtopoi¸ntac ìti h tautopoÐhsh (pro�ling) katˆ thn pr¸th ekkÐnhsh tou CUDA kerneleÐnai

epark c gia thn anadiamìrfwsh se epìmenec kl seic, ulopoioÔme ènan elegkt  anadiamìrfwshc

ulikoÔ pou qrhsimopoieÐ metrhtèc epidìsewn katˆ th diˆrkeia ektèleshc, basismènouc se dèntra

apìfashc.

Mia statik  diamìrfwsh LOOGme klimˆkwsh parèqei epitˆqunsh 1,48 gia genikoÔcCUDA

kernelskai 13,7 % meÐwsh sthn ap¸leia enèrgeiac, se sÔgkrish me th basik  arqitektonik . H

anadiamìrfwsh me odhgÐec logismikoÔ kai h qr sh tou elegkt  ulikoÔ mporoÔn na parèqoun thn

Ðdia epitˆqunsh ìtan qreiˆzetai kai èqoun th dunatìthta na belti¸soun thn energeiak  apìdosh

se sqèsh me th basik  mikroarqitektonik  katˆ 22,4% kai 19,5% antÐstoiqa.

1.5.2 Mellontikèc epektˆseic

ˆ Mikr  anadiamìrfwsh tou phgaÐou k¸dika tou Accel-Sim, ìpou qreiˆzetai (Parˆrthma

A.1), kaj¸c kai katˆllhlec egkatastˆseic gia thn axiopoÐhsh thc leitourgikìthtac pro-

somoÐwshc me bˆsh to Ðqnoc (mISA) pou parèqei toAccel-SimeÐnai h ˆmesh proteraiìthtˆ

mac gia thn aÔxhsh thc akrÐbeiac thc prosomoÐwshc epÐdoshc.

ˆ MontelopoÐhsh isqÔoc me akrÐbeia kÔklou, me thn eisagwg  metrht¸n epidìsewn katˆ

th diˆrkeia ektèleshc sqetik¸n me to LOOGapì to montèlo epidìsewn (ìpwc leitourgeÐ

to Accelwattchgia to basikì montèlo) eÐnai aparaÐthth gia na diapistwjeÐ h posotik 

axiopistÐa twn apotelesmˆtwn mac.

ˆ Gia thn epibebaÐwsh twn paradoq¸n mac apaiteÐtai mia akribèsterh axiolìghsh thc epi-

fˆneiac twn tranzÐstor Ôpnou (sleep transistors) thc apokop c isqÔoc, thc enèrgeiac kai tou

qrìnou afÔpnishc. Lìgw twn qrhsimopoioÔmenwn sqhmˆtwn anadiamìrfwshc, h Enèrgeia

kai h kajustèrhsh afÔpnishc eÐnai antallˆximec kai èqoun megˆlo perij¸rio sfˆlmatoc,

allˆ to Embadìn eÐnai zwtik c shmasÐac.

ˆ Me megˆlo bajmì bebaiìthtac, oi palindrom seic tou elegkt  anadiamìrfwshc ulikoÔ mpo-

roÔn na prosarmostoÔn se diamorf¸seicLOOGendiˆmeshc klÐmakac, ¸ste na apofeuqjeÐ

h epibˆrunsh diamìrfwshc thc pr¸thc ekkÐnhshc se seirˆ.
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ˆ MporeÐ na pragmatopoihjeÐ mia pio sqolastik  melèth thc eterogèneiac metaxÔ twnwarps

ìson aforˆ thn ekmetalleÔsimh ILPkai na dokimastoÔn nèec politikèc   metrikèc anadiamìr-

fwshc tou rujmist  entol¸n. Dedomènou ìti h anadiamìrfwsh tou Ibu�er den apoteloÔse

thn kÔria estÐash aut c thc ergasÐac, eikˆzoume ìti ta sqetikˆ apotelèsmata eÐnai upo-

bèltista.
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Chapter 2

Introduction

2.1 The modern hardware accelerator landscape

2.1.1 The end of the scaling laws

There have almost been two decades since the start of what is commonly known as "the

breakdown of Moore's Law" (which states that transistors on a chip approximately double

every 18 months) and the concomitant cease of the exponential growth in the computing

power in single-core systems. Up to that point, the semiconductor industry has enjoyed the

bene�ts of Dennard's scaling, another transistor "scaling law" which states that chip power

density stays constant with transistor scaling-down, thus enabling the design of more, faster

and more energy-e�cient transistors and justifying the cost required to develop new process

nodes. This, coupled with advances in device technology, microarchitecture and compilers,

had made the single-core path an a�ordable solution to the ever increasing demands in soft-

ware [50].

As Dennard's scaling came to a halt due to supply voltage limits as well as increased tran-

sistor manufacturing complexity at atomic scale technology nodes, power densities rapidly

increased in contemporary chips [51]. The growing transistor count that still follows an ex-

ponential trend owing to Moore's law is not accompanied by an increased power budget,

leading to the advent of "The Dark Silicon Era" [50], where more transistors occupy an Inte-

grated Circuit than can be turned on at any given time. A reevaluation of power overheads,

subject to critical thermal limits and area overheads, being associated with increased manu-

facturing costs and data communication overheads is necessary [10, 52].

To overcome this obstacle for applications that rely on the traditionally ever-increasing

computing performance such as Arti�cial Intelligence and Data Analytics, meticulous soft-

ware optimization and �ne tuning are required as well as advanced microarchitectures that

leverage software diversity with hardware heterogeneity or can even dynamically recon�g-

ure to suit applications' speci�c characteristics at runtime [14].
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2.1.2 High Performance Computing

High-performance computing (HPC) involves utilizing parallel computing technology, where

multiple powerful processors collaborate to handle enormous multi-dimensional datasets,

also known as big data, and solve complex problems at incredibly high speeds, that would be

impossible to tackle with traditional computing resources [53].

HPC systems operate at speeds over a million times faster than traditional desktop, laptop,

or server systems. While supercomputers were once the preferred HPC system architecture,

many organizations now use HPC solutions on clusters and grids (promoted by the use of

a collapsed network backbone, which is easier to troubleshoot and upgrade) of high-speed

computer servers hosted either on-premises or in the cloud [54, 55].

HPC has recently seen remarkable progress in both the hardware and software optimiza-

tion domains. It has become essential in various �elds, including physics, chemistry, biol-

ogy, engineering, and �nance. HPC integrates system administration, network, and security

knowledge with parallel programming into a multidisciplinary �eld that combines digital

electronics, computer architecture, system software, programming languages, algorithms,

and computational techniques [55].

2.1.3 General-Purpose GPU

The GPU (Graphics Processing Unit) is a specialized hardware accelerator originally designed

for graphics rendering applications. In the early 2000s, researchers started experimenting

with using GPUs for non-graphics computing tasks, typically handled by the CPU, such as

scienti�c simulations, cryptography, and machine learning [1].

Given the halt met by the scaling laws, hardware specialization and the turn to more

e�cient hardware architectures emerged as an alternative source of speedup.

The adoption of GPU usage for such applications lead to signi�cant gains in performance

and energy e�ciency, with sequential operations being handled by the CPU and compute-

intensive, massively parallel portions of the application being o�oaded to the GPU. A chal-

lenge for computer architects is balancing the need for e�ciency with the need for �exibility

to support a range of programs. GPUs are attractive because they support a Turing Complete

programming model, making them �exible for a wide range of applications. Hence, they can

be an order of magnitude more e�cient than CPUs when software is optimized to make full

use of the hardware [56, 2].

Initially, these general-purpose applications required developers to write low-level code

in specialized languages, to take advantage of the GPU's parallel architecture. However, as

the demand for GPGPUs grew, companies like NVIDIA and AMD started developing GPGPU

platforms that allowed developers to program the GPU using high-level languages such as

C++ or Python, with the inclusion of compiler directives and enabling the use of heteroge-

neous platform frameworks (such as OpenCL).
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Nowadays, computing systems have made a rapid transition towards parallel multi-core

architectures. Thus, the accelerator space has been more than ever dominated by GPUs,

owing to the aforementioned performance improvement they provide. This has facilitated

their widespread adoption in many application domains. Enterprise and hyperscale data-

centers are increasingly being built around workloads using Arti�cial Intelligence (AI) and

computationally intensive Deep Neural Networks (DNNs) with massive amounts of data and

exploitable parallelism. Striving for the described performance gains and energy e�ciency,

they employ GPU servers with specialized GPUs arranged in clusters and scrupulously de-

signed network and cooling system architectures [3].

The history of GPUs designed for general-purpose computing began with Nvidia's GeForce

3, which was the �rst GPU to have programmable shaders. Initially, this technology was used

to create more realistic 3D graphics by allowing for 3D transform, bump mapping, specular

mapping, and lighting computations. Later, ATI's 9700 GPU became the �rst card that was

capable of DirectX 9 and o�ered some programming �exibility similar to CPUs. With the

release of Windows Vista and DirectX 10, uni�ed shader cores were included as a part of the

standard, which made it possible for GPUs to perform general-purpose computations.

Despite being originally developed to speed up rasterized 3D graphics, GPUs have sur-

passed CPUs in terms of performance for raytraced pre-rendered graphics. Although real-

time demonstrations of raytracing are not yet seen in games, the advances in GPGPUs show

that computer graphics may be capable of rendering intensive geometry and lighting similar

to those in 3D movies in the near future [2].

2.2 Recon�gurable and heterogeneous architectures

Hardware specialization resulting from the halt of the scaling laws and the consequent satu-

ration of single-thread performance has also given rise to recon�gurable and hetereogeneous

architectures, providing �exibility to tune the architecture to the requirements of the appli-

cation at hand,thus maximizing performance and energy e�ciency, by leveraging software

diversity. In [4], a distinction between Von Neumann (VN) and Application-Speci�c Proces-

sors (ASIP) is made to categorize any architectures in between according to �exibility and

performance.

VN computers are highly �exible but lack performance as their general-purpose design is

not adapted to any particular application domain. ASIPs o�er high performance as they are

optimized for a speci�c sets of applications and can adapt the hardware to them. Between

these two extremes, lie a large number of processors with varying degrees of performance

and �exibility, as seen in Figure 2.1a. For applications with a wide range of uses, a General-

Purpose Processor (GPP) is suitable, while designing a new ASIP optimized for a speci�c

application is best for embedded systems. Recon�gurable computing aims to combine the
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(a) Flexibility and performance of processor classes [4]

�exibility of GPPs with the performance of ASIPs in a single device that can adapt to dif-

ferent applications on the �y. This is achieved by changing the structure of the hardware

at compile-time or run-time, usually by downloading a bitstream into the device. The Field

Programmable Gate Array (FPGA) is currently the most widely used recon�gurable device

[4].

Traditional set-in stone heterogeneous architectures like Asymmetric chip Multiproces-

sors (Asymmetric CMPs), falling between DSPs and Recon�gurable systems in Figure 2.1a

have handled this diversity to an extent, typically by using thread migration between cores

of di�erent characteristics to adapt to the workload currently executing. The most prominent

limitation of such architectures is the immutable design per core, that limits the �exibility

required by de�nition. Fine-grain recon�gurable fabrics implementing "soft cores" (digital

circuits representing functional paradigms) [34] and Coarse Grain Recon�gurable Architec-

tures (with larger functional units and coarser-grained interconnects) are an established al-

ternative [5, 4]. However, they share limitations such as recon�guration overhead, limited

support for control-intensive applications and limited resources, hindering the implementa-

tion of more complex designs [6].

Recon�gurable chip-multiprocessor architectures [7] have been proposed to tackle this

issue, through dynamic scale-up or scale-out recon�guration by using core fusion and split

operations respectively on a multi-core substrate. Thus, multiple independent small in-order
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cores that provide high throughput when executing multi-threaded programs can coalesce to

form fewer large superscalar Out-of-Order cores when executing single-threaded programs

with exploitable Instruction Level Parallelism. Latencies introduced in the pipeline stages

of fused cores as well as cache data migration overheads motivated the design of scalable,

partially recon�gurable architectures, such as MorphCore [8].

These architectures use large, OOO cores as their base substrate, optimized for single-threaded

sequential code and leveraging ILP, paired with the capability to switch to a highly-threaded

in-order SMT execution scheme in the presence of Thread-Level-Parallelism. Other scal-

able architectures such as Dynamic Core boosting [9] , Elastic Core [10] and Flicker [11] ,

adapt to application performance during runtime, on a core, microarchitecture component

and pipeline lane granularity respectively, tailoring the architecture to executing workloads

by either dynamic scalability or heterogeneity. As opposed to multi-core scale-up/scale-

out techniques used in previously mentioned architectures, these scalable architectures used

clock or power gating at various levels as well as Dynamic Voltage and Frequency Scaling.

The latter is used to boost performance in critical bottleneck components or individual cores

and the former is used to minimize their power overhead in the greatest possible degree [8].

2.3 Light-Weight Out-of-Order GPU (LOOG) execution scheme

GPU architectures leverage massive Thread Level Parallelism to achieve high computational

throughput, paired with fast context switching between large groups of threads (warps), in

a similar fashion to simultaneous multithreading in CPUs. When long latency operations

stall the pipeline, available warps are selected from a large pool to occupy it with computa-

tion. As observed in the relevant paper, given the rise of General Purpose GPU computing,

a large group of kernels (functions that are o�oaded to and accelerated by the GPU) do not

su�ciently bene�t from the GPU resources, as expressed from frequent stalling and subop-

timal hardware utilization, due to their limited data-level parallelism. These kernels bring

insu�ciencies of the underlying hardware to the forefront and call for exploitaiton of their

inherent Instruction-Level Parallelism with Out-of-Order (OOO) execution [12, 13].

Conventional GPU architectures always issue instructions in-order. A scoreboard is used

to make sure RAW and WAW data hazards are avoided, paired with a mechanism to safeguard

again WAR hazards. In the recent Volta architecture (2017-2018) examined in this thesis,

instructions from the same warp can be issued in the same cycle for a small window of 2 and

can be generally dispatched and executed Out-of-Order save for register name dependencies.

This virtually sets the limit of the industry regarding OOO execution on the GPU.

A Light-Weight Out-of-Order GPU (LOOG) [12, 13, 14] execution scheme has been pro-

posed, exploiting ILP by implementing instruction reordering. The main modi�cations to the

microarchitecture include repurposing Operand Collector Units (reserved by instructions un-

til their operands are collected from the Register File) to serve as the Reservation Stations
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in the Tomasulo [15] algorithm, adding a Register Alias Table (RAT) to address name de-

pendencies, and adding Load and Store instruction reordering to settle address dependen-

cies. Scaling-up LOOG to exploit deeper Instruction Level Parallelism, therefore translates

to increasing the Instruction Window Length and the number of Collector Units (Reserva-

tion Stations, in essence), with the latter being far more signi�cant in the microarchitecture

we studied, as will be demonstrated. Due to power overheads associated with increasing

CUs and given the wide diversity in performance increase of applications under LOOG, we

speculate on dynamically recon�guring LOOG to match workload behavior and maximize

performance and energy e�ciency [12, 13, 14].

2.4 Proposal Overview

Our thorough study of modern recon�gurable computing and our simulation-aided analysis

of the diverse characteristics of GPU workloads that can be accomodated by it are both driven

by the aforementioned observations that motivated the conception and implementation of

LOOG. From early on, said observations sparked our interest about both exploring speci�c

workload attributes that are not su�ciently addressed by the current architectures, as well

as how ILP speci�cally can be optimally addressed, by right-sizing the applied modi�cations

on these architectures and tailoring them to the workload at hand.

LOOG is implemented in the new version of GPGPU-sim (4.1.0), granting access to Accel-

Sim and the concomitant increase in simulation accuracy on many fronts. Access to the

Accel-sim-provided microbenchmarks-tuned con�guration of the workstation GPU, Quadro

GV100, powered by the Volta architecture, allows us to explore the acceleration of workloads

under LOOG on an HPC-relevant substrate. Having accommodated LOOG in this architec-

ture, we collect runtime statistics on 100 kernels.

We proceed to thoroughly study the diverse characteristics of these workloads, catego-

rize them into 5 classes regarding their architectural bottleneck resources and correlate them

with improvement on LOOG. A "LOOG-sensitive" class of applications emerges, comprising

kernels that are accelerated by more than 100% in the most scale-up LOOG con�gurations.

Having optimally right-sized and con�gured components that are not directly relevant to it,

we theorize and evaluate a scalable OOO recon�gurable architecture with �ne-grain power

gating, recon�guring on a per-kernel-launch temporal granularity, to either optimize mea-

sures of performance or energy e�ciency.

Component optimization is done on the front-end of the architecture (Fetch to Issue stage),

regarding Fetch-Decode throughput, instruction Issue scheduling depth and Instruction bu�er

runtime recon�guration.

Evaluation of the OOO recon�gurable architecture is initially done on the basis of a theo-

retical software implementation that assumes previously gained perfect knowledge on work-

load behavior on a per-kernel-launch granularity and on all the available con�gurations.
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Thus, we initially assess the maximum attainable improvement in performance and energy

e�ciency that is provided by the ability to recon�gure. Optimal con�gurations are respec-

tively determined by either performance or energy �gures of merit.

For multiple-launch kernels, we proceed to compare implementations on both a coarse

(static) and �ne (semi-dynamic) recon�guration granularity, as well as evaluate an oracle

recon�guration controller that accurately infers the most suitable con�guration for the �rst

launch, executing on a con�guration that corresponds to the original architecture (in-order

con�guration) and recon�gures the architecture according to it for the rest of the kernel's

launches.

Results show minimal deterioration for both transitions (�ne-grain per-launch recon�g-

uration to coarse-grain per-kernel recon�guration and inferring the optimal con�guration

from the whole execution to inferring it from the �rst launch), which motivates us to im-

plement and evaluate a hardware-level recon�guration controller that predicts performance

improvement on LOOG from the �rst launch of a kernel, executing on the in-order con�gu-

ration and assesses whether a scale-up, power hungry out-of-order con�guration is justi�ed

for its subsequent launches based on performance or energy �gures of merit.

When recon�guring to optimize energy e�ciency, the hardware-based recon�guration

controller provides a 27.4% delay improvement and a 19.5% energy improvement from the

inorder baseline model on average, across all kernels examined, while the software-based

recon�guration controller provides a 29% and 22.4% improvement respectively. Compared

to a static, scale-up LOOG microarchitecture, energy e�ciency for the average kernel is op-

timized by 6.7% and 10.1% by the respective controllers. For LOOG-sensitive kernels, delay

and energy e�ciency are improved by 54% and 46%, by the software controller.

Finally, we speculate on Execution Unit and Cache size scaling as other potential axes of

recon�guration, similarly de�ning EXU-bound and Cache-bound kernels.

2.5 Contributions

ˆ Implementation of the complete version of LOOG in the new GPGPU-sim version

(4.1.0) granting access to:

� Access to Accel-sim, providing the potential for accurate trace-based simulation

using the trace-generation tool provided

� New microarchitectures simulated, including Volta, providing con�gurations for

datacenter and workstation GPUs, including the Quadro GV100 simulated in our

experiments

� More accurate microarchiecture con�gurations for the microarchitectures simu-

lated, produced by the automated microbenchmarks-based Accel-sim con�gura-

tion tuner.
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� New architectural features, including the Volta architecture sub-core model, mem-

ory coalescing unit, uni�ed L1 Data cache and shared memory, Register File Cache

and Execution Unit customization.

� New detailed runtime statistics

ˆ New LOOG-dependent runtime statistics and metrics collected used for the recon�gu-

ration model, namely:

� Fetch-Decode throughput tracking

� Warp availability distribution across runtime

� Total and used RAT entries for each active warp

� Total readiness per warp

ˆ New runtime frontend recon�guration controllers implemented (decoder online throt-

tling, online Instruction Bu�er partitioning recon�guration controller).

ˆ LOOG-dependent issue scheduling depth study

ˆ Enhancing Accel-sim job launching and stat collection scripts with per-con�guration

option design space exploration.

ˆ Workload-aware LOOG right-sizing for the Quadro GV100

ˆ Workloads clustering based on microarchitecture bottlenecks and brief LOOG-improvement

correlation study.

ˆ Workload characterization (with a kernel granularity) on the three potential recon�g-

uration axes - OoO scalability, Cache-bound, Execution Unit-bound -.

ˆ Implementation and evaluation of an OoO recon�guration controller

ˆ Various LOOG-based recon�guration schemes:

� Software-based optimal semi-dynamic recon�guration (kernel launch granular-

ity)

� Software-based optimal static recon�guration (whole kernel granularity)

� Online pro�ling recon�guration based on the �rst launch

ˆ Speculation on the recon�guration potential on Cache, Execution Unit scaling axes.
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2.6 Thesis structure

The following chapters of thesis are organized as follows:

ˆ In Chapter 3, the taxonomies of parallel and recon�gurable architectures are discussed,

to ensure comprehension on relevant Prior Art. The architecture of the GPU is elabo-

rated upon and the LOOG execution scheme is presented. A brief introduction to the

simulation framework used in out analysis is performed.

ˆ In Chapter 4, Prior Art is presented regarding workload characterization on various

fronts and heterogeneous as well as recon�gurable architectures.

ˆ In Chapter 5 we elaborate on the workload categorization and motivational analysis

that lead to our proposed microarchitecture optimizations and recon�gurable architec-

ture. The accommodation of LOOG in the workstation architecture is presented and

all types of recon�guration performed are thoroughly analyzed.

ˆ The right-sizing process of the recon�gurable architecture is presented in Chapter 6,

along with evaluation of all the aforementioned types of recon�guration.

ˆ In Chapter 7, we conclude this thesis and summarize potential avenues for further

research and testing.
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Chapter 3

Background

3.1 Introduction

In this chapter, we will examine the various types of application parallelism as well as how

they can be exploited by the underlying hardware, software or their cooperative design in

more detail.

We will provide a brief overview of the research GPU simulators (Accelsim and Accelwattch)

on which the proposed architectures were evaluated [57]. Per-generation GPU architectural

features will be shortly analyzed, as well as the model used in Accelsim, mentioning var-

ious component con�guration tradeo�s. The LOOG architecture will be more thoroughly

discussed, as it provides the basis for the OOO axis of recon�guration introduced in Chapter

5 .

3.2 Parallel computing

3.2.1 Fundamentals of parallel computing

Parallelism is de�ned as the potential to execute multiple tasks or operations simultane-

ously across multiple processors. It can characterize both applications and the underly-

ing architecture. The concept of parallelism is fundamental to high-performance com-

puting, and is widely encountered in scienti�c computing, data analytics, and machine

learning. Parallelism can be achieved at various levels, including instruction-level par-

allelism, bit-level-parallelism, thread-level parallelism, and task-level parallelism, with

the latter being closely tied to and exploiting the underlying data parallelism [58].

Concurrency is the ability to make progress on multiple tasks or computations simulta-

neously. Concurrency is closely related to parallelism, but is a more general concept

that can include situations where tasks are executed sequentially on a single proces-

sor, but interleaved with other tasks, remaining active and making progress simultane-

ously. Concurrent programming is particularly important in modern computing sys-

tems, where multiple tasks are executed concurrently to maximize resource utilization,



56 Chapter 3. Background

nevertheless, in the context of a single algorithm, concurrency usually characterizes the

algorithm itself while parallelism characterizes the implementation [59].

Scalability is the ability to increase the number of processors or computing resources to

handle larger problems or increase performance. Scalability is a critical concern in

parallel computing, as it determines the maximum size of problems that can be solved

using parallel methods. Achieving scalability often requires careful design and opti-

mization of parallel algorithms, as well as the use of appropriate parallel programming

models and hardware architectures. In terms of the problem itself, scalability analysis

refers to the selection of the optimal algorithm-architecture combination under certain

constraints (problem size or number of processors) [60].

Load balancing is the distribution of computational load evenly across multiple processors

to ensure maximum utilization of resources. Load balancing is essential for achieving

high performance in parallel systems, as it ensures that all processors are utilized as

e�ciently as possible, minimizing idle time and maximizing performance. There are

many load balancing techniques, including static load balancing, dynamic load balanc-

ing, and work stealing. The concept of Load balancing frequently emerges in hetero-

geneous and scalable architectures [61].

Synchronization Synchronization is the coordination of activities among di�erent proces-

sors to ensure correct execution of the program. Synchronization is necessary when

multiple threads or processes access shared resources, to avoid race conditions and

other forms of interference. Common synchronization techniques include locks, semaphores,

and barriers. It is particularly important to the GPU, as it needs to take place on a

coarser than individual thread basis. [62].

Communication Communication refers to the transfer of data and information between

di�erent processors or nodes in a parallel system. Communication is essential for

coordinating activities among di�erent processors, exchanging data between di�er-

ent tasks, and distributing work across multiple processors. There are many commu-

nication models, including message passing, shared memory, and remote procedure

calls. Axes of communication pattern categorization include local/global communica-

tion (regarding task communication scope), structured/unstructured (where a task and

its neighbors either form a regular structure like a tree or a random graph), static/dy-

namic (entailing constant or changing communication patterns) and synchronous/asyn-

chronous (depending on whether the producer of the data participates in the commu-

nication process) [63].
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Figure 3.1:Flynn's taxonomy [64]

3.2.2 Taxonomy of parallel computing architectures

Constrained by power dissipation and cost, parallelism is the main driving force of contem-

porary computer design.

ˆ Data-Level Parallelism (DLP) consists in the ability to concurrently operate on multiple

data elements.

ˆ Task-Level Parallelism (TLP) consists in the independence of multiple tasks of work,

which can largely operate in parallel.

Although these elementary types of parallelism typically characterize applications, their

presence can be leveraged in various forms by certain types of architectures, as seen below.

Flynn's taxonomy [65] is a classi�cation system proposed by Michael J.Flynn in 1960, used to

categorize computer architectures based on the number of instruction streams concurrently

operating on the most constrained component of the multiprocessor and the number of data

streams being operated on. Although the classi�cation is generally crude, its abbreviations

are still used today, as all multiprocessors are hybrids of the models it comprises, as seen in

Figure 3.1 [66, 67].
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ˆ SISD (Single instruction stream, single data stream) represents the uniprocessor. In-

struction Level Parallelism (see below) is the only type of parallelism that can be ex-

ploited by this architecture.

ˆ SIMD (Single instruction stream, multiple data stream) involves the execution of the

same instruction by a unique instruction stream in multiple processors, each operating

in di�erent data items in parallel.

ˆ MISD has been implemented by no commercial multiprocessor to date.

ˆ MIMD comprises the concurrent execution of multiple instruction streams by multiple

cores operating on multiple data streams. As an implementation of task-level paral-

lelism, it is more �exible than SIMD, thus more costly. Multi-threading represents its

most tightly-coupled form.

[65]

3.2.3 Composite types of parallelism in applications

The elementary types of parallelism mentioned in Section 3.2.2 can form other, composite

types that can be directly exploited by the underlying architecture.

ˆ Thread-level parallelism (TLP), generally exploits both data-level parallelism and task-

level parallelism in tightly coupled architectures that allow for concurrent execution

and communication among multiple threads.

ˆ Data-level parallelism (DLP) is also exploited by vector architectures and GPUs by ap-

plying a sequence of instructions to a collection of data in parallel.

ˆ Task-level parallelism, exploits parallelism among tasks which comprise independent

transactions and are logically decoupled explicitly by the programmer or the operating

system. Such parallelism can be exploited in various levels, from separate processors

down to concurrent threads.

ˆ Instruction-level parallelism (ILP), expressing the �nest grain of data-level parallelism

and task-level parallelism in essence, refers to the overlap in execution of instructions

from the same instruction sequence. This can moderately be achieved by compiler opti-

mizations implementing instruction pipelining as well as superscalar execution (mul-

tiple execution units per core), out of order execution, usually coupled with register

renaming or speculative execution, usually coupled with branch prediction.

ˆ Bit-level parallelism (BLP) is leveraged by a type of parallel computing that involves

increasing the size of the processor word. This approach reduces the number of in-

structions required by the processor to perform an operation on variables larger than

the word size [68].
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[69]

3.3 GPGPU Programming model

CUDA

CUDA (Compute Uni�ed Device Architecture) is a parallel computing platform and program-

ming model developed by NVIDIA for their graphics processing units (GPUs) [16]. It allows

developers to leverage the computational power of GPUs for general-purpose computing ap-

plications, making it a popular choice for accelerating scienti�c simulations, machine learn-

ing, and data analytics workloads. The CUDA platform includes a software development kit

(SDK) that provides a set of programming tools and libraries for developing parallel appli-

cations that can be executed on NVIDIA GPUs. These tools and libraries include compil-

ers, debuggers, performance pro�ling tools and mathematical libraries optimized for GPU

processing. The underlying hardware architecture includes a GPU and a concomitant large

number of processing cores that can be utilized simultaneously to perform computations in

parallel. The programming model includes a set of compiler directives available in C, C++,

Fortran and Python that allows developers to write high-level code that can be compiled

and executed on the GPU. [18, 17]. The software tools include a debugger, pro�ler, and per-

formance analysis tool that can be used to optimize the performance of CUDA applications

[19].

O�oading computationally intensive workloads to the GPU can result in signi�cant speedup

compared to traditional CPU-based computing. Additionally, CUDA provides a �exibility and

scalability in its platform for parallel computing, allowing developers to write programs that

can run on a single GPU or scale up to run on multiple GPUs or even clusters of GPUs [20].

Another advantage of CUDA is its wide adoption in both academia and industry. Many re-

searchers and companies have utilized CUDA to accelerate their workloads, resulting in a

large community of developers and a wealth of resources available for learning and develop-

ing with CUDA [17]. A closer, case-dependent inspection of the CUDA programming model

is performed in Subsection 5.3.1, motivated by the workload characterization in Section 5.3

and providing insight into high-level diverse workload characteristics.

Working in conjunction with the CPU and connected to it through a PCI-Express bus, the

CPU is called the host and the GPU is called the device, in GPU computing terms. A heteroge-

neous application comprises discrete parts, the host code and the device code, running on the

respective devices. Computationally intensive applications usually exhibit a great amount of

data parallelism, exploited by the GPU to gain performance. Thus, the CPU handles control-

intensive tasks, while the GPU handles highly data-parallel, computationally intensive tasks.

[1]
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Thread hierarchy

CUDA extends the languages it is implemented in, allowing the programmer to de�ne func-

tions in the respective language, called kernels, that are o�oaded to the GPU as opposed to

regular functions of the language. Kernels comprise tens of thousands of threads, enabling ac-

celeration of massively parallel applications. Threads are identi�ed with a multi-dimensional

(1 through 3) thread id, forming a "thread block". There is a limit to the maximum number

of threads in a block, as they all reside on the same streaming multiprocessor (currently

1024 threads), sharing the same memory resources. Mutliple blocks are likewise organized

in multi-dimensional grids. Thus, a kernel is executed as a grid of blocks of threads.[21] The

basic unit of execution in a GPU is a warp, a group of threads (32 in current implementations),

that solely occupies a given SM pipeline stage at any given moment. From compute capabil-

ity 9.0 onward (11.0 is utilized in our implementation), blocks can be further organized into

clusters. Within said clusters, hardware-supported synchronization can be opted for, as well

as R/W and atomic operations on a common shared memory [22, 23].

Memory hierarchy

CUDA threads may access various levels of the memory hierarchy during their execution.

Said hierarchy consists of:

ˆ Per-thread registers and local memory (mostly used for register spilling).

ˆ Global memory visible by all threads withing a block, and sharing its lifetime.

ˆ Shared memory operated on by all threads withing a block or cluster of blocks.

ˆ Constant memory, backed by the Constant Cache.

ˆ Texture memory, backed by the Texture Cache, providing di�erent addressing modes

that service 2d spatial locality.

[21, 24]

3.4 Architecture of the GPU

3.4.1 High-level architecture

A modern GPU comprises many cores, called streaming multiprocessors (SMs) by NVIDIA

or compute units by AMD. Each SM is a Single Instruction Multiple Data (SIMD) processor

running up to the order of a thousand threads concurrently (it can be considered MPMD

if the de�nition is extended to include simultaneous multithreading). Threads running on

an SM can communicate via a per-core scratchpad memory (shared memory) that is often

uni�ed with the L1 cache. Concurrent threads on an SM are synchronized with fast barrier



3.4. Architecture of the GPU 61

Figure 3.2:A model of the high-level parts of a modern GPU architecture [1]

operations. A per-core Instruction cache is also used together with L1 cache to reduce tra�c

sent o�-chip to lower levels of the memory system.

In the context of graphics rendering but not limited to it, GPUs often need to access data

sets that are too large to be stored entirely on the chip. To achieve high performance and

enable programmability for graphics rendering and game design, specialized on-chip caches

and high bandwidth o�-chip memory access are required to support frequent memory access.

The memory parallelism required to provide the high memory bandwidth is provided by

partitioning of the last level memory system (multiple DRAM chips) via multiple memory

controllers, each corresponding to a memory partition unit. Often, each memory partition

comprises both a memory controller and a respective part of the last-level cache [23, 24].

The SMs and memory partitions are connected via an on-chip interconnection network

such as a crossbar (though other NoC organizations are possible). Memory tra�c is dis-

tributed across the memory partition units using address interleaving. As seen in Figure 3.3,

SMs (equivalent to SIMT cores in GPGPU-Sim terminology) are organized in clusters each

one of which has a response FIFO that can hold packets coming from the interconnection

network. These packets are then directed to either the instruction cache of an SM (in case of

a memory response related to an instruction fetch miss) or its memory pipeline (LDST unit).

3.4.2 Cache architecture

As depicted in Figure 3.5, the memory structures within each SM are either shared by the

blocks occupying it or partitioned among them. Shared memory and the Register File are
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Figure 3.3:GPU architecture at the SM cluster level [23]

Figure 3.4:GPU pipeline stages [1]

Figure 3.5: A model of the internal SM organization, with components both
shared and partitioned between blocks. [23]
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divided between blocks, and the Register File and SIMT Stacks speci�cally are indexed by

warp ID. Cache types include:

1. The constant cache is a read-only cache that is used to store constants that are accessed

frequently by GPU kernels. It is typically small in size and optimized for low-latency

access to frequently accessed data, such as constant memory arrays or scalar values. It

is typically highly banked. In the Fermi architecture it is organized as a 64 KB cache

divided into 32 banks, with each bank having a 4-byte data path [70].

2. The texture cache is a specialized cache used for texture mapping operations, which

involve accessing texture data using a coordinate system to map the texture onto a

3D surface. The texture cache is optimized for spatial locality and uses sophisticated

�ltering algorithms to perform texture �ltering operations such as bilinear or trilinear

�ltering. In texture mapping, an image, called a texture, is applied to a surface in a

3D model to make the surface look more realistic. To render an image, the rendering

pipeline identi�es the position of one or more texels within a texture image. Texels

are the individual points within a texture that contain color and other information.

The pipeline then uses the texel coordinates to locate the memory addresses where

the corresponding texels are stored. Because neighboring screen pixels usually map

to adjacent texels, and it's often necessary to use the values of nearby texels, there

is a high degree of spatial locality in texture memory accesses that can be leveraged

by caches. It is organized as a hierarchy of texture units, each consisting of multi-

banked texture caches, allowing for parallel processing of multiple texture operations.

The texture cache is typically larger than the constant cache and can be con�gured in

various modes to optimize performance [71].

3. The data cache is a general-purpose cache that is used to store portions of the local

and global memory address spaces that are accessed frequently during GPU kernels.

It is typically larger than the constant and texture caches and is organized as a set-

associative cache to minimize con�icts and improve performance. The data cache can

also use di�erent cache replacement policies, such as Least Recently Used (LRU) or Ran-

dom, to optimize performance. Additionally, it can be con�gured to support di�erent

data types and access patterns, such as strided or unaligned accesses [71, 72].

4. The shared memory (or "Global Register File") is a memory space that is shared between

threads within a single block. It is typically used to improve performance by reducing

the number of accesses to global memory and improving inter-thread communication.

Shared memory is organized as a high-bandwidth, low-latency scratchpad memory

(with a latency comparable to the Register File) that is physically located on the GPU

chip. It is typically faster than the data cache and can be used to store intermediate

results or to communicate between threads. Shared memory is accessed using load and
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store instructions and can be con�gured in various modes to optimize performance.

Shared memory and L1 data cache are often found in a uni�ed con�guration. [71, 73].

5. As previously mentioned, the L2 cache is usually a part and the �rst stage of the o�-

chip memory partition. Its design includes several optimizations to improve overall

throughput per unit area for the GPU [1]. The L2 cache portion inside each memory

partition is composed of multiple slices (2 in the Fermi architecture and 40 in Ampere)

[74]. Each slice contains separate tag and data arrays and processes incoming requests

in order [75]. To match the DRAM atom size of 32 bytes in GDDR5, each cache line

inside the slice has four 32-byte sectors [76, 77]. Cache lines are allocated for use either

by store instructions or load instructions. To optimize throughput in the common case

of coalesced writes (concurrent writes from multiple threads across warps) that com-

pletely overwrite each sector on a write miss, no data is �rst read from memory. This

is quite di�erent from how CPU caches are commonly described in standard computer

architecture textbooks. How uncoalesced writes, which do not completely cover a sec-

tor, are handled is not described in the relevant patents, but two solutions are storing

byte-level valid bits and bypassing the L2 entirely. To reduce the area of the memory

access scheduler, data that is being written to memory is bu�ered in cache lines in the

L2 while writes await scheduling [1].

3.4.3 Pipeline stages

To maintain high performance on the GPU, it is essential to balance high memory bandwidth

with high computational throughput. The pipeline model of the GPU provides further insight

on the mechanisms associated with this [1, 24, 23]. Figure 3.4 provides a visual representation

of the internal architecture of the Streaming Multiprocessor pipeline. The pipeline consists of

a SIMT front-end and a SIMD back-end. Similar to a CPU implementing multithreading, the

SIMT front-end enables concurrent fetch, decode, and issue of warps. The pipeline scheduling

occurs in three continuous "loops": the instruction fetch loop, the instruction issue loop,

and the register access scheduling loop. The instruction fetch loop includes the Fetch, I-

Cache, Decode, and I-Bu�er blocks seen in Figure 3.4 . The instruction issue loop includes

the I-Bu�er, Scoreboard, Issue, and SIMT Stack blocks. The register access scheduling loop

includes the Operand Collector, ALU, and Memory blocks. A per-stage view of the pipeline

model is presented in 3.7.

1. In each cycle, a warp is selected for scheduling. Its program counter is used to access

an instruction cache and �nd the next instruction to execute. After the instruction is

fetched, it is decoded and source operand registers are fetched from the register �le.

2. In parallel with fetching source operands from the register �le, the SIMT execution

mask values for the SIMT stack (elaborated on below and in Section 3.9) are determined.
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3. The Fetch and Decode stages are followed by placing the instruction in an instruction

bu�er, where it remains until it is determined that no structural or data hazards exist

and it is scheduled to the backend. This dependency check that is traditionally done

via scoreboarding allows the GPU to exploit vacancies in the backend and schedule

instructions before others from the same warp have committed, essentially hiding long

latency memory operations as well. The traditional scoreboard paradigm that is usually

implemented in the GPU is fairly simple. Each register is represented with a single

bit that is set when a write is still pending to it. This prevents Read-After-Write and

Write-After-Write hazards. Combined with in-order instruction issue that is usually

employed in GPUs, Write-After-Read hazards are also prevented, provided Register

File accesses are also bound to occur in-order.

4. An issue scheduler is used to decide which of the several instructions to be issued

to the rest of the pipeline and which warps to prioritize. Structural hazards encoun-

tered in this stage are handled with instruction replay, as if speculative execution was

taking place. The SIMT stack is updated in this stage. One of the key characteris-

tics of contemporary GPUs is the SIMT execution model. From a functional stand-

point, this model allows individual threads to execute independently, although not

necessarily with improved performance. While it is possible to achieve this program-

ming model using predication alone, current GPUs employ a combination of tradi-

tional predication and this stack of predicate masks [1] . The approach used in cur-

rent GPUs is to serialize execution of threads following di�erent paths within a given

warp [49] . The SIMT stack has certain drawbacks, namely area cost (proportional

to in _f light _warps � warp_size � max_warps), lower SIMD e�ciency and needless

serialization, inadequate MIMD abstraction due to the forced reconvergence and not

accounting for user-implemented synchronization mechanisms and system-level inter-

rupts, hence the alternative modern approached to handling warp divergence.

5. Instructions selected by the Issue scheduler are placed in Collector Units in a structure

called the Operand Collector. As already explained, to hide long memory latencies it is

essential for many warps to be concurrently executing on the GPU. And to support such

concurrent execution and fast context switching it is necessary to have a large Register

File that contains separate physical registers for each warp that is executing. This area

has been upwards of 256KB already in pre-Pascal architectures. The area of an SRAM

memory used to implement the RF is proportional to the number of its ports. A naive

implementation requires one port per operand per instruction issued per cycle, which

would equate to large area and power overheads. In reality, this large number of ports

is simulated using multiple banks of single ported memories that can be concurrently

accessed (rarely exposed to the ISA), and a structure called the Operand Collector, seen

in Figure 3.6a. The operand collector comprises a set of collector units that are either
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generic to the backend execution pipelines or specialized to them. They contain bu�er-

ing space for all source operands required to execute an instruction. Given the large

number of source operands and the many concurrently scheduled instructions in the

pipeline (potentially many from the same warp), "bank-level parallelism" is achieved,

allowing simultaneous bank access and essentially simulating a multi-ported Register

File. Speci�c scheduling policies are employed from the RF arbitrator to minimize bank

con�icts. Other techniques, such as swizzled bank register layout, where registers of

adjacent warps are o�set with regards to the bank they are assigned to, are also widely

implemented. Techniques to improve RF performance will be further elaborated on in

Section 3.4.5.

6. When all of the source operands have been collected for an instruction, it is placed

in a pool of instructions available to be selected by the dispatch scheduler for execu-

tion in the lanes of the appropriate Execution Unit. The Execution Units are typically

heterogeneous meaning a given function unit supports only a subset of instructions.

They contain as many lanes as there are threads within a warp. In many implementa-

tions, fewer lanes exist and a single warp is executed over several clock cycles. NVIDIA

GPUs are equipped with various units including a Load/Store unit, Integer functional

units, Floating-point functional units, Special Function Units (SFU), and most recently,

Tensor Core units with the release of Volta.

7. In the Writeback stage, instructions issue a Register File write for all their destination

operands and update the scoreboard freeing any instructions dependent upon them.

3.4.4 Parallelism exploited by the GPU

GPUs, owing to the potential to greatly exploit both levels of inherent application parallelism,

have become popular for media applications. This, coupled with the availability of CUDA and

OpenCL has opened up the option of general purpose computing. They exploit every type

of parallelism that can be captured by the programming environment, and are essentially a

hybrid of all the models in Flynn's taxonomy [78]:

ˆ Task-level parallelism:Multiple divergent instruction streams can be represented by

the concurrent execution of multiple warps (brfanch divergence) and multiple blocks

(di�erent points of synchronization) on an SM, which in CPU terms is equivalent to

multi-threading (MIMD).

ˆ Data-level parallelism:Individual warps implement SIMD by simultaneously operating

on thread-id-indexed data using the same instruction, thus, leveraging the DLP of the

applications.

ˆ Thread-level parallelism:Warps are equivalent to threads in CPU terms, and concur-

rently execute and communicate within an SM.
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(a) GPU Operand Collector [1]

ˆ Instruction-level parallelism:Instructions from the same are often not inter-dependent.

Typical GPU architectures account for data hazards by scoreboarding and stall the is-

sue stage for warps that exhibit them. In LOOG, register renaming is implemented to

eliminate WAW and WAR hazards, as well as concurrently execute independent in-

structions. This exploits the manifested ILP of the kernels run.

3.4.5 Kernel execution sequence

The GPGPU compute architecture comprises two units of execution: a host program, and a

set of kernels (denoted by the "__global__" CUDA C keyword, or the "__device__" keyword

when invoked by the host or the device respectively) typically consisting of hundreds of thou-

sands of scalar threads, executing the same instruction stream on di�erent data in an SIMT

fashion [1, 21]. GPGPU applications begin execution on the host, which then o�oads kernels

to the device (GPU). The previously described thread hierarchy is initialized as follows:

A grid of thread blocks is initialized based on the parameters speci�ed in the kernel launch,

and using a GPU-wide block scheduling mechanism. Restrictions in block scheduling include

total number of registers (binding threads) and available warp slots.

Each thread block is assigned to a Streaming Multiprocessor. More than one blocks can be

assigned to the same SM concurrently, within parameter limits. During a kernel launch, the

programmer speci�es the number of warps per block and shared memory allocated per block.

The warps of each block are assigned their respective execution resources (Ibu�er, RF as

well as dispatch and issue schedulers in architectures with "separate processing blocks" -in

NVIDIA terminology [49] - or sub-core model -in GPGPU-sim terminology [23] -)
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Warps execute in lockstep, using a single Program Counter (PC) for all their threads (de-

spite uArch optimizations being applied to this execution model, such as independent thread

scheduling and sub-warp coalescing). The order in which warps execute within a block, or

blocks relative to each other is not speci�ed and hidden from the programmer.

Each thread has a separate thread ID denoting the data assigned to it for execution exclusive

access to a limited number of registers. Having a separate set of registers per thread allows

for fast and e�cient context switching. Due to the very large number of active contexts

(warps), the capacity of the register �le tends to be substantial and a lot of e�ort has been

put into optimising it in terms of e�ciency, area and power consumption

Synchronization is achieved on three levels

ˆ The aforementioned exertion of threads within a warp in lockstep.

ˆ Block-level synchronization barrier instructions called by the host ("__syncthreads" in

current CUDA C implementations).

ˆ Grid-level synchronization can be achieved by using consecutive kernel calls (launches),

ensuring that all threads begin and end their execution simultaneously (GPU synchro-

nization or implicit synchronization) [79] .

As was mentioned in the memory hierarchy section, each thread has exclusive access to

a lifetime-de�ned set of registers in the register �le, to enable the required thread-level

and warp-level concurrency, enforcing a cache-like capacity on the Register File (256KB for

Quadro GV100). Great e�ort has been put into optimizing it in terms of e�ciency, area and

power consumption. Namely:

ˆ A Register File Cache (RFC), implementing the concept of a hierarchical RF and ex-

ploiting the fact that most registers are only read once. This technique is frequently

paired with a two-level active warp scheduler, which restricts execution to just a pool

of active warps, allowing for signi�cant reduction in the RFC size. When said warps

encounter a long-latency memory operation they are removed from the RFC and rele-

vant contents are �ushed. This technique is used in the Volta GV100 architecture and

modelled by increasing the number of banks in the respective Accel-sim con�guration

[80, 36].

ˆ Register �le partitioning exploits the same concepts, using a Fast Register File and a

Slow Register File and implementing the latter with Near-Threshold Voltage (NTV)

SRAMs, providing lower access energy and less leakage power [81].

ˆ Drowsy State Register File is a power-aware technique where a trimodal entry register

�le is proposed, with entries that can switch between {ON,OFF,Drowsy} modes, where

the latter retains the value of the register but needs to be awaken to ON a reasonable
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time before the register is accessed. Setting each register to Drowsy mode after each

access allows most registers to spend most time in this mode, reducing the leakage

power of the RF [81].

ˆ Register �le virtualization, where the physical size of the RF is reduced, and renaming

to virtual physical registers is utilized [82].

ˆ In Regless, the register �le is eliminated and replaced with an operand staging bu�er.

At given timeframes, only a small portion of the RF is accessed. Therefore a compiler

optimization is implemented, where the kernel is divided up into contiguous regions,

each with a speci�c set of live registers. Registers are normally stored in a backing

storage area in global memory and potentially backed by the L1 data cache. When a

warp begins executing, the appropriate registers are brought into a cache called the

Operand Staging Unit [83].

ˆ In the LOOG microarchitecture, instruction reordering that takes place due to instruc-

tion stream ILP signi�cantly reduces Register File tra�c. Instructions allocating CUs

and waiting for one or more source operands provided by in-�ight instructions, can

immediately capture said operands without issuing an RF read. Similarly, instructions

whose destination registers were renamed while in-�ight do not have to issue Register

File writes, as that would cause WAW hazards for instructions to come. In the original

baseline microarchitecture modelled, and for the given set of workloads, 34.8% of RF

reads and 20% of all RF writes are avoided due to writeback stage result broadcast [12,

13, 14].

Unlike the number of warps per block and the portion of the shared memory assigned to it,

which are programmer speci�ed, the number of registers per warp are de�ned by the com-

piler and depend on kernel code. All three of these parameters limit the Achieved Occupancy

(de�ned as the ratio of warps concurrently executing on the GPU to the maximum number

of warps that can be supported). This term is often encountered as "Warp Occupancy" but in

the context of this thesis the latter will be used to describe the ratio of average active scalar

threads per warp to maximum threads. High Achieved Occupancy usually equates to better

performance, until the limit set by inter-warp cache contention is encountered [84].

3.5 Recon�gurable architectures

Given the halt met by the scaling laws, several chip and architecture design approaches have

been used in the e�ort to meet performance requirements of modern specialized workloads.

High performance microprocessors encapsulate all high performance and energy-e�cient

single core and multi-core hardware accelerators, including the GPU.
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Application-Speci�c and Domain-Speci�c Architectures

The ASIC (Application-Speci�c Integrated Circuit) is a prime example of this trend,

designed for speci�c applications and use cases, and providing a high performance en-

ergy e�cient design. It does not su�er the slow and power-hungry of serial instruction

fetch, decode and execution phases often met in microprocessors. It is designed with

hardware description languages (HDL), allowing designers to precisely describe the

functionality of the circuits just above Register-Transfer Level (RTL) abstraction [25,

26].

Execution-Unit level Domain Speci�c Architectures (DSA) are another promising so-

lution to the adaptability issue. They entail specialized Execution Units such as the

TPU or the Pixel Visual Core (designed for TensorFlow and Halide respectively), fol-

lowing domain-speci�c design guidelines and being tailored to the computational re-

quirements of respective software frameworks [27].

Fine-grain recon�gurable computing systems

Given the fact that the Non-recurring engineering (NRE) cost of ASICs needs to be

amortized over large production volumes, the still maturing �eld of recon�gurable ar-

chitectures has emerged [28]. They comprise one or more programmable processing

units called "recon�gurable logic" and programmable interconnections called "recon-

�gurable fabric". Custom functional units can be built on the former, performing a

speci�c data-dominated task, interconnected by the latter. They combine some of the

�exibility of software with the high performance of hardware. Great e�orts have been

put into various relevant domains such as system-level architecture optimization, re-

con�gurable fabric design and recon�gurable logic design [29]. The FPGA is a prime

example of the aforementioned recon�gurable fabric. Introduced in 1984 [85], it is an

IC that contains an array of programmable logic blocks attempting to bridge the cus-

tomization gap between set-in-stone single core architectures (mentioned as VN ear-

lier) and ASICs. Its con�guration is performed with a hardware description language

much like the ASICs, as well as block diagramming techniques. They can be repro-

grammed to perform di�erent functions and suit a variety of applications and their

�exibility also allows designers to prototype and test secondary designs. Said �exibil-

ity allows for hardware to be reused in multiple applications, reducing manufacturing

cost and time-to-market [30].

However their high con�gurability comes at high costs (power and area utilization as

well as recon�guration overhead), especially for high performance applications, and

their limited resources such as logic blocks and memory limits the complexity of the

designs that can be implemented. Considering the above, has given rise to speci�c con-

temporary trends in recon�gurable architectures [4, 31]. Coarse-grain fabrics, which

alleviate the overheads set by large interconnects by increasing the granularity of logic

units, are setting the expectation to see a migration to more complex logic blocks, even
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stand alone FPGAs.

Coarse-grain recon�gurable architectures

Coarse-grained recon�gurable architectures (CGRAs) are a class of recon�gurable com-

puting systems that provide a balance between performance and �exibility by integrat-

ing programmable logic resources with specialized functional units [32]. In the classi-

�cation presented in Figure 2.1a, they occupy the recon�gurable systems area, along

with FPGA, but closer to VN architectures in comparison to them. CGRAs are com-

posed of a large number of processing elements (PEs) operating on word-level and in-

terconnected by a special-purpose routing fabric, allowing for e�cient data movement

and parallel processing. Compared to �ne-grain recon�gurable architectures they of-

fer higher performance, reduced recon�guration overhead, better area utilization, and

lower power consumption [30].

The PEs are specialized functional units optimized for speci�c tasks, such as arithmetic

operations, memory access, and data movement. The �exibility of the routing fabric

allows the CGRA to be recon�gured for di�erent applications or even within the same

application to optimize performance [32].

CGRAs have been used in a variety of application areas, including image and signal

processing, scienti�c computing, and machine learning. For example, the Trimaran

compiler framework [86] has been used to develop custom CGRAs for multimedia pro-

cessing, achieving up to 8 times the performance of a traditional processor for video

decoding tasks.

While CGRAs o�er high performance and �exibility (potentially more on the former

than FPGA but less on the latter), they also come with challenges. One challenge is the

development of programming models and tools that can e�ciently utilize the special-

ized functional units and routing fabric. Another challenge is the optimization of the

routing fabric, which can have a signi�cant impact on performance and area. Flexibility

must be taken into account and the architecture should be characterized by generality

(the PE mix should be able to address all classes of applications) and regularity (the PEs

and interconnects should be organized in regular structures), so that the system can

adapt to the requirements of applications that were not known at design time. Hence,

the number of the recon�gurable units, their implemented operations and their organi-

zation are all critical design parameters [30]. Despite these challenges, CGRAs remain

a promising approach for accelerating a wide range of applications.

Soft cores

With the aforementioned advancements in technology and the availability of more

transistors in both recon�gurable logic and fabric, it is possible to include complex

non-programmable or semi-programmable functions in heterogeneous architectures

that have both general-purpose logic resources and �xed-function embedded blocks.
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The term "Soft Core" is used to describe speci�c processors that have a synthesisable

version provided by the vendor in a hardware description language (HDL) and can be

either implemented by the user using a recon�gurable fabric, or etched as an ASIC.

In many applications, soft-core processors provide several advantages over custom de-

signed processors such as reduced cost, �exibility, platform independence and greater

immunity to obsolescence. However, as explained, recon�gurable computing comes at

the cost of larger area and performance overheads due to �exible routing on the bit

level when compared to ASIC technology [33, 34].

3.6 Heterogeneous architectures

Heterogeneous computing systems refer to systems that employ multiple processing

units with di�erent architectures, capabilities, and functions, operating on the same

work�ow to perform a single or multiple computations and assign each one of them

to the processing element that suits it better. Heterogeneous systems are becoming in-

creasingly popular in scienti�c computing and other application areas due to their abil-

ity to provide high performance, energy e�ciency, and scalability [35]. One example of

a heterogeneous computing system is a CPU-GPU hybrid system. Such systems consist

of a CPU (Central Processing Unit) and a GPU (Graphics Processing Unit) connected

by a high-speed bus, allowing for e�cient communication between the two processors.

Program control data can be processed by the CPU, while �oating point operations can

be o�oaded to the GPU. Robust orchestration of hardware resources and the inherent

software complexity is required [35]. Another example of a heterogeneous computing

system is a cluster of heterogeneous processors. These clusters consist of multiple pro-

cessors with di�erent architectures, such as CPUs, GPUs, FPGAs (Field Programmable

Gate Arrays), and DSPs (Digital Signal Processors). The Modular Supercomputer Ar-

chitecture (MSA) is one such approach for integrating heterogeneous systems suitable

for various application portfolios. It is a cluster-based architecture that combines mul-

tiple clusters, or "modules," with each module tailored to meet the needs of a speci�c

class of applications. For example, one cluster may consist of CPUs designed for high

single-thread performance for low to medium scalable applications. There are new

architecture designs that are attempting to reverse the conventional method of build-

ing systems around computing elements. Instead, they place a pool of memory that is

globally accessible at the center of the system [87].

Another type of heterogeneous computing system is a system that includes both hard-

ware and software components. For example, a system that includes a FPGA and a

DSP, such as a software-de�ned radio (SDR) platform can be used to perform real-time

signal processing tasks. The FPGA can be used to perform low-level signal processing
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tasks such as �ltering and modulation, while the SDR platform can be used to perform

high-level tasks such as demodulation and decoding [88].

Finally, the type of heterogeneous architecture that was more thoroughly studied was

Asymmetric Chip Multiprocessors (ACMPs). ACMPs are architectures consisting of mul-

tiple diverse processors residing on the same chip, typically varying in superscalar degree

and Instruction Window length, just like core fusion architectures, subsequently elaborated

on in Section 3.5. In the relevant paper by the Intel corporation [7], the performance of

applications running in isolation is improved by a heterogeneous archirecture with a sin-

gle high-performance OOO core and multiple in-order cores, hence targeting desktop PC

environments. This paper, however, focuses on programmer e�ort pertaining to code paral-

lelization, which is alleviated by more e�cient execution of the serial portion of applications.

Several other similar ACMP architectures have been proposed such as a powerful core and

an array of small cores, focusing on energy e�ciency [89] and a spectrum of cores vary-

ing in Issue Width, cache sizes, branch predictors and number of MSHRs, examining energy

e�ciency and targeting multi-programmed workloads [90]. Balakrishnan et al. [91] have

studied the performance and scalability of commercial workloads on ACMPs and other work

has been done to improve scheduling of threads. The two biggest challenges with ACMPs

are lifecycle management (LCM) and inter-processor communication (IPC) [92].

3.7 GPGPU-Sim pipeline model

All modelling throughout this thesis is performed with version 4.1.0 of GPGPU-sim [23], the

state of-the-art, open-source research GPU simulator, which in this version interfaces with

Accelsim [36].

GPGPU-Sim models massively parallel architectures with generalized components, provid-

ing enough �exibility and to accurately model modern GPU architectures with appropriate

component con�guration. The SIMT Core clusters shown in Figure 3.5 represent groups of

SMs with a uni�ed Interconnect Injection Port Bu�er and Response FIFO. Since these struc-

tures are independent in the GV100 architecture even for processing block partitions, it is

con�gured in the simulator with one SM per partition. The per-SM instruction cache in our

con�guration has a port throughput of 4 instead of 1, to model the per-partition L0 Icache

in GV100 which is not implemented in the simulator. The per-SM shared uni�ed L1 data

cache/ shared memory is con�gured as 32KB DL1 and 96KB shared memory. The shader core

pipeline model comprises six stages (Fetch, Decode, Issue, Dispatch, Execute, Writeback)

Fetch and Decode are executed sequentially as many times as the value of the

instruction_fetch_throughput option de�ned in the con�guration �le, representing as

many partitions within an SM. m_inst_fetch_bu�er acts as a pipeline register between

Fetch and Decode. Whenever it is free, he decoder places its contents to the respective
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warp's Instruction Bu�er. In order for fetch to happen for a warp, its Instruction Bu�er

needs to be empty. By default, two instructions are fetched from the Icache every cycle,

and placed to the respective warp's Instruction Bu�er. Warps eligible for fetch are

active warps with empty Ibu�er entries and selection is performed in a Round-Robin

fashion.

In the Issue stage , a con�gurable number of issue schedulers, each with their own schedul-

ing policy, select one warp from which to issue up to two instructions per cycle, by

default. For a warp instruction to issue, is must not be blocked by synchronization

barriers, have no data hazards as veri�ed by the scoreboard, and have free pipeline

registers leading to the Collector Units. The scoreboard contains a vector of ready

bits for each warp, equal to the maximum number of registers that can be assigned to

a warp. Upon issue, the ready bits of the corresponding destination registers are set

on the scoreboard and all source operand registers are checked for in-�ight pending

writes, thus avoiding RAW and WAW hazards. WAR hazards are not accounted for in

the simulator by default, but the impact is presumably not signi�cant. After the in-

struction issues, the SIMT stack and the scoreboard are updated. In GPGPU-Sim [23]

version 4.1.0, each warp scheduler has a dedicated register �le (RF) and its own exe-

cution units (EUs). A warp scheduler, together with the above structures is called a

sub-core (the equivalent of processing blocks in the Volta architecture). Sub-cores are

isolated, sharing only the instruction cache and the memory subsystem.

In the Operand Collect stage instructions freshly scheduled by the Issue scheduler oc-

cupy a Collector Unit (CU). The Issue-OC pipeline registers lead to per-Execution Unit

specialized Collector Units, unless the latter are con�gured as generic. In the GV100

default con�guration, 8 generic Collector units are used per core leading to 4 SP, 4

DP, 4 SFU, 4 INT and 4 Tensor core Execution Units. These numbers may di�er in the

actual microarchitecture, but they are �ne tuned given GPGPU-sim's Execution Unit

con�guration. Instructions scheduled to the OC, submit a read request for each source

operand to the RF arbitrator. The instructions remain in their respective CUs until the

RF has read the source operands and they are ready to be sent to the Execution Units.

A mechanism for handling RF bank con�icts is employed to ensure that the maximum

possible RF read throughput is achieved. To interconnect the CUs with the RF ports, a

crossbar (X-bar) is utilized.

In the Execute and Writeback stages there are multiple types of SIMD-vectorized (to the

width of a warp) and usually pipelined Execution Units (EXUs: Single-precision, Double-

precision, Special-Function Units, Load-Store Unit, and Tensor cores in the Volta archi-

tecture [49] ). Memory operations are directed to the MEM unit. Unlike the predecessor

Pascal and Fermi architectures (and as implemented from GPGPU-sim 4.0 onward), in



3.8. Accel-Sim 75

Volta, transcendental instructions are processed by the SFUs and the SPs are respon-

sible for handling the remaining arithmetic operations. To select instructions for exe-

cution, the dispatch scheduler chooses up to one instruction per EXU from a pool of

ready-to-execute instructions, giving priority to the oldest. Once executed, the instruc-

tions and the values of the destination registers are stored in a set of Execute-Writeback

registers. These registers then issue a write request to the RF arbitrator before retir-

ing from the pipeline. It is possible for multiple instructions to perform Writeback

operations in a single cycle.

3.8 Accel-Sim

With the implementation of LOOG and the rest of our microarchitecture modi�cations in

the most recent GPGPU-sim performance model (version 4.1.0), access to all the features

of Accelsim [36] is granted. A fundamental problem of emulation-based execution-driven

simulation is keeping up with the industry. With the rapid scaling of parallelism and intro-

duction of new processing pipelines (i.e. the Tensor cores in Volta), undocumented changes

in both the microarchitecture and the ISA happen often and the research baseline assump-

tions lag behind. GPU architectures widely use a vISA (virtual ISA), a more general form of

an ISA that provides �exibility to make machine ISA (mISA) changes that are hidden even

in binary level. Accel-sim introduces a �exible frontend that provides the option operate

in trace-driven mode. A trace generation tool is provided as a wrapper around NVBit, that

produces mISA traces from any CUDA binary, including those that use exotic hand-tuned

closed source libraries like cuDNN and CUBLAS. NVbit works by intercepting the machine

code of a GPU application as it is executed, and then modifying or replacing certain instruc-

tions in real-time. This allows developers and researchers to perform a wide range of tasks,

such as tracing memory accesses, pro�ling performance, and even injecting faults for testing

purposes. These traces are converted into an intermediate representation that is input to the

performance model. Therefore, implementation of the ISA's functional model is not required

and the accuracy of the simulator is improved over using vISA. However, it is not possible

to evaluate designs that rely on global synchronization mechanisms or data values stored

in registers or memory without execution-driven simulation. Integration of LOOG and our

concomitant architectural optimizations in the new GPGPU-Sim version enable trace-based

simulation, but emulation-based simulation with NVIDIA's stable, well documented vISA,

PTX was used in all of our experiments. Trace-based simulation can potentially increase ac-

curacy through accounting for register allocation and other compiler optimizations, however,

in the case of LOOG some degree of inaccuracy would be added as address dependence res-

olution of reordered instructions takes place in the LDST pipeline. The performance model

in Accel-sim is extensively modi�ed and therefore more detailed, con�gurable and accurate.

Con�guration validation is enabled by through performance counters output by the model
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that have a 1:1 correlation with hardware data produced by NVIDIA pro�lers. These coun-

ters are fed into an automated tuning framework that operates in a feedback loop, modifying

the con�guration �le of the architecture being simulated, and producing an accurate perfor-

mance model by running GPU microbenchmarks targeting various parts of the microarchi-

tecture. Therefore modelling and performance con�guration of the tested GPUs provided

by Accel-sim, including the GV100 we use in our experiments is ever more accurate. New

detailed statistics are added, to which we further contributed a wide range, many of which

are LOOG-custom (namely total readiness per warp and overall warp readiness distribution,

decoder throughput tracking, RRS occupancy distribution, RAT entries total per warp and

RAT entries used per warp, to track ILP).

3.9 Nvidia Quadro GV100 key features

The Quadro GV100 is a professional graphics card manufactured by Nvidia [93]. The term

"Quadro" refers to the series of professional graphics cards produced by NVIDIA that have

been in production for around two decades are speci�cally designed for use in high-performance

workstations and servers for professional applications such as computer-aided design (CAD),

video editing, and scienti�c visualization [94], as opposed to the equally long-lived GeForce

lineup that are meant for use in gaming and the consumer market. "RTX", when present refers

to the functionality of real-time ray tracing. The "Quadro" pre�x originates from the fact that

they support quad-bu�ered stereo, a type of three-dimensional display used in scienti�c en-

terprises like molecular biology responsible for performing complex calculations related to

3D rendering and other graphic-intensive tasks [95]. The "GV" in "Quadro GV100" stands for

"Volta", which is the microarchitecture used in the GPU [93]. As a high-performance GPGPU

architecture designed for deep learning, scienti�c simulations, and other HPC applications,

the NVIDIA Volta V100 was selected as the substrate of the implementation proposed in this

thesis. The architecture was �rst introduced in May 2017 and has since become a popular

choice for data centers and supercomputing clusters. The Volta V100 architecture features

several key improvements over its predecessor, the Pascal architecture [49]:

Streaming multiprocessor architecture optimized for Deep Learning

Its new SM architecture is 50% more energy e�cient than the previous generation,

enabling major boosts in FP32 (SP) and FP64 (DP) pipeline performance in the same

power envelope [49]. Its mixed precision computing with independent parallel INT

and FP data paths allow for more e�cient handling of mixed workloads with computa-

tion and addressing calculations. It introduces independent thread scheduling, seen in

Figure 3.7a , where each thread has an independent Program Counter and Call Stack,

instead of the traditional SIMT stack model depicted in Figure 3.7c , where compatible

threads can be coalesced on a sub-warp basis. One of the most signi�cant improve-

ments is the use of Tensor Cores, which are specialized processing units designed to
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(a) Independent thread scheduling [49]

(b)SIMT stack [1]

(c) From CUDA 9.0 onward, __syncwarp() can provide reconvergence on demand [49]

Figure 3.7:Methods used for handling warp deivergence
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accelerate deep learning computations. Tensor Cores can perform matrix-matrix mul-

tiplication and accumulate operations at a much faster rate than traditional CPUs or

GPUs.

High-bandwidth memory

The Volta V100 architecture features a highly tuned 16 GB HBM2 (high-bandwidth

memory) subsystem which delivers 900 GB/sec peak memory bandwidth, providing

signi�cantly more memory bandwidth than previous generations . This enables faster

access to data and improved performance in memory-intensive applications.

Uni�ed Shared memory - L1 Data Cache

The Uni�ed Memory technology introduced, includes new access counters to allow

more accurate migration of memory pages to the processor that accesses them most

frequently, improving e�ciency for memory ranges shared between processors. Fur-

thermore, partitioning of the Uni�ed Memory is con�gurable.

Optimized software

Volta-optimized versions of GPU accelerated libraries such as cuDNN, cuBLAS, and

TensorRT leverage the new features of the Volta GV100 architecture to deliver higher

performance for both DL inference and HPC applications built with frameworks such

as Ca�e2, MXNet, CNTK and TensorFlow. As will be mentioned in later sections, the

simulator on which our microarchitectural modi�cations were implemented supports

trace-based simulation, permitting the use of these hand-tuned closed source binary

libraries.

Maximum Performance and Maximum E�ciency Modes

In Maximum Performance mode, the V100 accelerator will operate up to its TDP (Ther-

mal Design Power) level of 300 W to accelerate applications that require the fastest

computational speed and highest data throughput. Maximum E�ciency Mode allows

data center managers to tune power usage of their V100 accelerators (by setting a not

to exceed power limit on a per-GPU-rack basis) to operate with optimal performance

per Watt.

[49]

3.10 Workloads

3.10.1 Benchmark suites used

A total of 100 kernels , impartially selected from 7 benchmark suites have been used over

all our testing. Selection was mainly done due to reasonable time constraints of simulations
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regarding data that should be collected over multiple design space points. The specialization

of each suite is presented below:

The Scalable Heterogeneous Computing (SHOC) [96] benchmark suite is a collection

of benchmark programs that are used to evaluate the performance of GPUs and other

accelerators for high-performance computing workloads. It consists of a variety of

tests that exercise di�erent aspects of a system's performance, including memory band-

width, �oating-point operations, and communication between CPUs and accelerators.

At the lowest level, SHOC uses microbenchmarks to assess architectural features of

the system. At higher levels, SHOC uses kernels to determine system-wide perfor-

mance including many system features such as intranode and internode communica-

tion among devices. Therefore, this suite addresses issues such as architecture hetero-

geneity, power throttling performance tradeo�s, and �ne-tuned machine-code level

to directive-based code level performance tradeo�s. Benchmarks used in this thesis -

due to overlap with other suites- include: BFS (Breadth-First Search), FFT(Fast Fourier

Transform), GEMM (Matrix Multiplication), NeuralNet (Image recognition),QTC (qual-

ity threshold gene clustering), Reduction (data set reduction), S3D(combustion particle

simulation) ,Scan (parallel scan), Sort, Spmv, Stencil2D, Triad, spmv-modi�ed.

Lonestar [97] includes applications from several domains deemed "irregular". Said domains

comprise meshing, clustering, simulation, and machine learning, and very di�erent

algorithmic foundations: they require building, computing with, and modifying large

sparse graphs. Applications used from this suite include: bfs-atomic, bfs-wlw, bfs-wla,

sssp, sssp-wlc, sssp-wln, bfs-wlc, mst,bh.

Rodinia-3.1 [98] contains a range of scienti�c applications, including bioinformatics, molec-

ular dynamics, and �uid dynamics, from which we select: Backpropagation, DWT2D,

Heartwall, HotSpot, LUD, NW,NN, CFD, Gaussian and K-means. These applications

are designed to stress di�erent aspects of a heterogeneous computing system, such as

data transfer, memory usage, and computation. This suite will be further elaborated

on and its Backprop benchmark used as a CUDA-level example of our workload char-

acterization in Section 5.3.

The Parboil benchmarks [99] are collected from di�erent scienti�c and commercial �elds

and are pre-selected to implement scalable algorithms with �ne-grained parallel tasks.

They include several implementations, some of which are provided as base implemen-

tations for new optimization e�orts, while others represent the current state-of-the-art

targeting speci�c CPU and GPU architectures. The benchmarks o�er opportunities to

demonstrate tools and architectures that help programmers get the most out of their

parallel hardware. Less optimized versions are presented as challenges to the research
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communities to develop technology that automatically raises the performance of sim-

pler implementations to the level of sophisticated programmer-optimized implementa-

tions. The benchmarks are continuously optimized for new and existing architectures

and the developers welcome new implementations and benchmark contributions from

other developers. We use two statistical, compute-intensive (Sum of Absolute Di�er-

ences, Histogram) and two memory-intensive (BFS, MRI-Q image processing) applica-

tions from this suite.

The Dragon Benchmark Suite is a collection of synthetic benchmarks used to evaluate the

performance of high-performance computing systems, particularly in the areas of com-

puter architecture, compiler optimization, and parallel processing. It includes applica-

tions such as Bitonic Sort,FFT,LU Factorization,Monte Carlo Pi,Reduction,Sparse Ma-

trix Vector Multiplication and Stream Benchmark

ispass-2009 [23] comprises a set of workloads used in the original GPGPU-Sim Ispass pa-

per, meticulously selected to stress implemented architectural features. Workloads we

selected due to the aforementioned time constraints include: AES (encryption and de-

cryption for �les using CUDA. Constants are stored in constant memory, the expanded

key in texture memory, and input data is processed in shared memory). LIB (The study

uses Carlo simulations based on a model, with constant memory variables stored in

8KB cache per core. Memory bandwidth is a bottleneck due to local memory accesses),

LPS (3D Laplace solver, a �nance application optimized for parallel processing that

uses shared memory and coalesced global memory accesses. However, performance

loss occurs due to branch divergence), NN (convolutional Neural Network for image

recognition), NQU (N-Queen solver, which solves a classic puzzle of placing N = 10

queens on a chess board, using a simple backtracking algorithm. One thread does the

computation, causing low IPC)

A summary of the above is provided in Table 3.1

3.10.2 Elaborating on the Rodinia benchmark suite

The Rodinia benchmark suite [98] was selected to be elaborated on, as benchmarks belong-

ing to it will be used as examples regarding workload categorization in later sections. The

Rodinia benchmark suite [98] was developed according to Berkeley's "Dwarves" to cover a

wide range of massively parallel applications, run on GPUs and multicore CPUs using CUDA

and OpenMP. Berkeley's "dwarves" (initially seven in Phil Colella's work) constitute classes

of applications where coexistence in a class equates to similar computation and data move-

ment. The "dwarves" are speci�ed at a high enough level of abstraction to cover a wide

enough range of applications while still containing specialized and future-proof underlying

patterns. Initially they were de�ned as:
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ˆ Dense linear algebra (vector-vector, matrix-vector, matrix-matrix operations corre-

sponding to the three BLAS levels respectively). They are characterized by unit-stride

accesses to read data from rows and strided accesses to read data from columns

ˆ Sparse linear algebra (operations on elements vectors or matrices with a few non zero

elements). Accesses are indexed.

ˆ Spectral methods (such as FFT). These methods are in the frequency domain, and com-

prise "butter�y" stages with consecutive mutiply-add operations. Data permutations

are all-to-all or strictly local, depending on the stage.

ˆ N-body methods (interactions between several particles). Complexities range from

O(N 2) in brute force toO(N ) or O(NlogN) when aggregating forces for many parti-

cles in some implementations.

ˆ Structured grids (data belongs on a regular grid, areas of which are updated together,

therefore exhibiting great spatial locality).

ˆ Unstructured grids (data belongs on an irregular grid, and their associations involve

multiple levels of memory reference indirection).

ˆ Monte Carlo (computations depend on statistical results of repeated random opera-

tions).

EEMB from embedded computing and SPEC2006 for desktop and server computing added

more classes to the list:

ˆ Combinational logic (simple operations on large amounts of data, employing bit-level

parallelism)

ˆ Graph traversal (indirect table lookup and little computation)

ˆ Probabilistic graphical models (random variables as nodes and conditional dependen-

cies as edges). Access patterns involve indirect table lookup based on these patterns.

ˆ Finite state machines (an interconnected set of states, some of which can decompose

into multiple simultaneously active state machines).

As for machine learning, two more "dwarves" were added:

ˆ Dynamic programming

ˆ Backtrack and Branch-and-Bound

Support Vector Machines, Principal Component Analysis, Decision Trees and Hashing are

all covered by the above. Backpropagation from the rodinia suite is the �rst application that

exhibits all behaviors manifested



82 Chapter 3. Background

Figure 3.8:LOOG modi�cations on top of the baseline architecture [14]

3.11 LOOG components and modi�cations implemented

LOOG stands for Light-Weight Out-of-Order GPU execution scheme [12, 13, 14] . It entails

re-purposing of typical GPU microarchitectures to exploit ILP and better handle a set of

target applications that are characterized by low Achieved Utilization, and concomitant low

IPC and frequent stalling. The changes and additions to components of the typical GPU

microarchitecture in order to produce LOOG can be seen in Figure 3.8 and are the following:

ˆ The main alteration implemented is modifying theCollector Units (CUs) with the

necessary �elds required to serve as the Reservation Stations of the Tomasulo

algorithm [15] .

ˆ Instructions can therefore be immediately issued from the Instruction Bu�er

to the CUs, without passing a scoreboard check having �rst updated a Register

Alias Table (RAT) that is added to eliminate false name dependencies. When an in-

struction allocates a CU/RS, it reads the per-warp RAT for every source operand. The

RAT contains the ID of the CU containing the instruction bound to broadcast the result,

if said instruction is still in �ight, or a null value if all previous instructions writing on

the source operand have committed and the value should be read from the RF. In the

former case, the appropriate CU ID is copied to the respective register value �eld of

the CU, until the instruction it describes commits and broadcasts its result on aresult

broadcast bus.

ˆ The Instruction Window is modi�ed to accommodate exploitation of ILP . By

default 16 to 128 bytes -equivalent to 2 to 16 instructions- are fetched from the ICache

on every fetch (4 times per cycle in Quadro GV100), unless the requested address is

approaching the end of the cache line. As explained in the baseline model, this IWin-

dow size dictates the size of the Fetch-Decode pipeline registers, as well as the Decoder
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throughput and the size of the Instruction Bu�ers for all warps. As discussed in later

sections, Fetch-Decode throughput can be e�ectively throttled without signi�cantly

a�ecting performance, and without hurting ILP exploitation potential, since instruc-

tions are directly issued to the CUs for reordering, provided that issue scheduling is

performed at an appropriate depth (examined as well).

ˆ Instruction issue in typical GPU architectures is performed by at least two issue sched-

ulers utilizing di�erent scheduling policies, so as to not cause starvation for warps

that would be excluded by a single policy. As examined in [14], unlike the baseline,

where due to the short Operand Collect stage issue and dispatch are closely tempo-

rally coupled, LOOG is insensitive to scheduling policies, and therefore in the original

implementation, a Round-Robin issue scheduler is used. As demonstrated in section

, without implementing a more sophisticated scheduling policy and just by con�gur-

ing the scheduling depth, we uncover great workload diversity.It is demonstrated

that LOOG bene�ts the most from depth-�rst warp scheduling , saturating for

all kernels beyond 8 instructions.

ˆ Load-store reordering in LOOG entailscreating a Load Queue and a Store Queue,

upon which an entry is allocated for the respective memory instructions to

tackle memory data dependencies beyond just register dependencies. Thus ad-

dresses of memory instructions are compared in all cases, between all active scalar

threads and the following scenarios arise:

� In case of a memory barrier operation, check that it is the earliest instruction

issued before dispatch.

� In all other cases, check that a memory barrier operation has not issued earlier

than the instruction at hand.

� In case of a store check that no stores have issued earlier , to avoid WAW hazards,

then check all the loads that issued earlier to avoid WAR hazards.

� In case of a load check all stores that issued earlier to eliminate RAW hazards.

In the original LOOG implementation, a mere median value of 1.67 separate memory

requests per memory warp instruction was documented, despite the potential for 32

requests.

ˆ Result broadcast bus. After �nishing execution, an instruction accesses the warp-ID-

indexed RAT for all its destination registers. If the CU ID corresponding to the cur-

rent instruction is found, an RF write request is sent to the arbitrator, and the entry

is cleared,while the result is broadcasted over the broadcast bus . Otherwise, the

register has been renamed while in-�ight and the RF does not need to be updated (as a

WAW hazard would occur). Comparative logic is added to the CUs for this purpose, and
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in the initial implementation the CUs are freed only after writeback of the respective

instruction.

ˆ RRS. In order to ensure that e�ective instruction reordering and ILP exploitation takes

place, CU stalls due to CU congestion must be eradicated. When long latency opera-

tions enter the CU, other instructions are blocked from allocating them, and potentially

reading register values broadcasted by in�ight instructions, thus reducing Register File

tra�c. Increasing the number of CUs is area and power sensitive due to the crossbars

that connect them both to the RF and to the pipeline registers leading to the Execution

Units. To e�ciently partially alleviate this problem,the Register Renaming Stack

(RRS) is introduced, which holds a list of unique IDs to be used in the RAT

instead of the CU ID . Upon instruction issue, the RRS ID is read instead of the CU

ID, which is held until the writeback stage. Therefore Collector units can be freed after

dispatch, signi�cantly reducing CU congestion, and increasing ILP exploitation. The

size of the RRS in bits is# RRS � log2(# RRS) [14] .
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Name Description Characteristics Kernels Launches
Shoc

FFT Fast Fourier Transform Spectral methods 3 25
QTC Data Clustering Dynamic Programming 1 1

Reduction Parallel Reduction Memory BW 1 4
S3D Combustion Simulation Dense linear algebra 4 4
Scan Parallel Scan Memory BW 3 45
Sort Radix Sort Memory BW 5 19

Spmv Sparse Matrix Vector Mul Sparse linear Algebra 1 129
Stencil2D 2D Stencil Structured Grids 1 2

Triad Streaming Bandwidth Memory BW 1 124
Lonestar

bfs-atomic BFS, atomic ops Graph traversal atomic 1 1
bfs-wlw BFS, worklist workload Graph traversal 3 9
bfs-wla BFS, worklist aware Graph traversal 1 4

sssp shortest path Graph traversal 1 1
sssp-wln Weight longest next Graph traversal 3 9
bfs-wlc bfs weighted-least cost Graph traversal 3 3

mst MST-Kruskal Disjoint-set data, sorting 6 9
bh Barnes-Hut particle sim Parallel task-based model 3 3

Dragon
testAmr Adaptive mesh re�nement Memory BW 2 6
testBfs Breadth-First search Graph traversal 4 12
testSssp shortest path Graph traversal 3 7
testJoin Database join Memory BW 4 4

Polybench
3DConvolution 3D �ltering and processing Compute & BW 1 32

BICG Biconjugate Gradient Dense linear algebra 1 1
Correlation Signal Processing Compute & BW 2 2

Gramschmidt Vector Orthogonization Dense linear algebra 2 2
Ispass-2009

AES Adv. Encryption Standard Compute intensive 1 1
LIB Monte Carlo simulations Local memory BW 1 1
LPS 3D Laplace Compute, divergence 1 1
NN Neural Network Graphical model 2 2

NQU N-Queens Compute, low IPC 1 1
Rodinia-3.1

Backprop NN Backpropagation Compute intensive 2 2
CFD Fluid Dynamics Compute intensive 3 15

DWT2D 2D discrete wave transform Compute intensive 2 2
Gaussian Gaussian elimination Dense linear algebra 6 12
Heartwall Image processing Graphical model 1 1
Hotspot Di�usion simulation Compute intensive 1 1
Kmeans K-means clustering Compute intensive 1 1

LUD LU decomposition Dense linear algebra 3 46
NN Neural Network Graphical model 1 1
NW Sequence alignment Compute intensive 1 104

Parboil
sad Sum Absolute Di�erences Compute intensive 1 1

mri-q Image processing Graphical model 1 1
histo Histogram calculation INT compute intensive 2 2
bfs Breadth-First Search Graph traversal 2 3

Table 3.1:Workloads used in our simulations
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Chapter 4

Prior Art

4.1 Introduction

In this chapter, the literature examined on workload characterization as well as recon�g-

urable architectures will be presented, providing insight into the concepts and methods uti-

lized.

4.2 Characterization of workloads

4.2.1 "Whole Picture Characterization"

In Whole-Picture Analysis [47, 46] workload characterization (WPC) it is demonstrated that

for accurate CPU workload characterization results to be obtained, the methodology used

has to take three levels of workload characteristics into account:[46, 47]

ˆ ISA-independent:To obtain ISA-independent characteristics, an Intermediate Represen-

tation (IR) is used to provide both a static (IR code) and dynamic (IR stream) analysis

using IR tools such as LLVM. The IR stream is fed to a presumed processor model with

in�nite registers but without cache or pipeline modeling. Thus, instruction mix, branch

behaviors and instruction and data locality metrics are obtained. Our methodology in-

cludes the dynamic instruction mix analysis by instruction type statistics provided by

gpgpu-sim for all instructions executed. Data locality metrics are obtained via averag-

ing out cache statistics over multiple architectural con�gurations including caches of

varying sizes (collection of instruction locality statistics is not sensible on the GPU).

ˆ Microarchitecture-independent:ISA-level analysis includes all of the previous level char-

acteristics as well as perfect cache behaviors and parallelism behaviors, by modeling

execution of the binary stream on a perfect processor without a pipeline model. Such

statistics are obtained in our implementation by running workloads on con�gurations

with exaggerated cache sizes and LOOG instruction windows.

ˆ Microarchitecture-dependent: This level encompasses collecting runtime hardware met-

rics produced by actual workload execution. The most comprehensive characteristics
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included at this level (from a CPU perspective) include instruction mix, branch pre-

dictor behavior, cache behavior, TLB behavior and pipeline system behavior. Our ap-

proach includes all of the above that are applicable on the GPU.

Thus, "Whole picture analysis" [47] provides the following metrics for program characteri-

zation (those that are sensibly applicable on the GPU are colored green):

ˆ Instruction mix

ˆ Instruction locality

ˆ Data locality

ˆ Branch predictability

ˆ Parallelism

Instruction locality and branch predictability are omitted, since branch instructions are scarce

in PTX, and always produce control hazards on the GPU.

4.3 Prior Art regarding recon�gurable and heterogeneous

architectures

A selection of modern recon�gurable architectures proposed in literature was studied in the

context of this thesis, belonging to the categories previously described.

4.3.1 Further classi�cation of recon�gurable architectures

Apart from the aforementioned classi�cation of recon�gurable architectures regarding �ne

or coarse granularity and homogeneity or heterogeneity, two other distinct categories are

worth mentioning:

Degree of recon�guration

Partial recon�gurable architectures and full recon�gurable architectures are two types of

recon�gurable architectures used in FPGA-based systems, nevertheless, the concept can be

extended to any sensible architecture discussed below such as recon�gurable ACMPs or scal-

able processors. Partial recon�guration allows for dynamic recon�guration of only a portion

of the hardware, while keeping the rest of the design intact. This has several advantages

over full recon�guration, including shorter recon�guration times, lower power consumption,

and increased design �exibility and reusability of hardware resources [100]. In contrast, full

recon�guration entails complete dynamic recon�guration of the entire hardware platform.

While full recon�guration can provide greater �exibility in certain applications, it can also
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be more time-consuming and resource-intensive. Overall, the choice between partial and

full recon�guration depends on the speci�c application requirements, and designers must

carefully consider the trade-o�s between �exibility, performance, and resource usage [101].

Temporal granularity of recon�guration

Static recon�gurable architectures typically use �xed circuits that can be recon�gured at

design time to optimize performance for speci�c applications.The de�nition is often ex-

tended (as is in this thesis) to tailored recon�guration on a per-workload granular-

ity. These architectures are typically implemented using FPGAs, but this concept can also

be extended as mentioned in the previous paragraph. Once the FPGA has been programmed,

its con�guration remains �xed until the next reprogramming cycle. Dynamic recon�gurable

architectures, also known as run-time recon�gurable architectures, allow for recon�guration

of the hardware during runtime. This allows for the system to dynamically adapt to changes

in the workload and optimize performance for speci�c tasks. Dynamic recon�gurable archi-

tectures can be implemented using FPGAs or other types of programmable logic devices that

can be recon�gured on the �y. Dynamic recon�gurable architectures are used in applications

where the workload is unpredictable or changes frequently, such as in data centers or cloud

computing environments. They are also commonly used in applications where real-time re-

sponsiveness is critical. Semi-dynamic recon�guration describes architectures that can be

recon�gured only at speci�ed time intervals [102].

4.3.2 Related work on heterogeneous and recon�gurable architec-

tures

Recon�gurable Chip Multiprocessor (CMP) architecture

Recon�gurable CMP architectures provide an alternative to Asymmetric Chip Multiprocessor

architectures, which are set-in stone heterogeneous core architectures and is the traditional

design approach to handling workload diversity.

Core fusion [37] is a recon�gurable CMP architecture where groups of fundamentally

independent processors can either be used as distinct processing elements (scaling-out) or

be dynamically morphed into a single large CPU (scale-up). It heavily relies on design reuse

by exploiting RISC or CISC ISAs and added components that enable recon�guration to sup-

port heterogeneous and massively parallel workloads by e�ciently performing the FUSE and

SPLIT operations between subsets of cores during runtime. It allows multiple dynamically

allocated processors to share a single contiguous instruction window. Due to the use of said

ISAs, some structures (e.g. register renaming) must be physically shared, limiting its scala-

bility to 8-wide issue.
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Composable Lightweight Processors (CLP) [38] are typically based on a modular design,

where individual processing elements can be combined or "composed" to create custom com-

puting systems that are tailored to speci�c workloads. They address the aforementioned

problem by using an EDGE ISA.

Scalable cores

In the Elastic Core architecture [elastic], resources along with operating voltage and fre-

quency are dynamically scaled to match application behavior. Elastic Core utilizes a lin-

ear regression model for power and performance prediction to guide the scaling of the core

size and the operating voltage and frequency to maximize e�ciency, essentially implement-

ing Dynamically Frequency and Voltage scaling (DVFS), a widespread technique in modern

power-aware designs.

Morph Core [8] outperforms several previously mentioned designs by starting with a high

performance, long instruction-window OOO core and dynamically making the minimum

necessary changes to transform it into a highly threaded in-order SMT core when necessary.

Being able to operate both in in-order and Out-of-Order mode, shutting o� power hungry

instruction reordering structures such as the renaming logic, OOO scheduling and the load

queue in the former. It essentially performs unit-level clock gating to restrict the dynamic

power dissipation in inactive components. Leakage power is still consumed (sub-threshold

leakage, gate leakage and band-to-band tunneling). Complete power gating (also known

as sleep-transistor technique) is not performed as according to McPAT it does not justify

the unit-level gating overhead. The recon�gurable architecture we propose in Chapter 5 is

closest to Morph Core, regarding the literature studied in the context of this thesis.

The Flicker architecture [11] addresses the issues of coarse grain power control in the

respective gating and uniform power allocation in core-level gating as well as the complex-

ity of having multiple voltage domains within a recon�gurable core. Given that applications

widely vary in the pipeline width that best balances performance and power consumption,

it utilizes decon�gurable lanes �horizontal slices through the pipeline� that permit tailoring

an individual core to the running application with a lower overhead than microarchitecture-

level adaptation, and greater �exibility than core-level power gating. While cores are ho-

mogeneous in design, they can be dynamically recon�gured into a heterogeneous multicore

system that meets power constraints.

Heterogeneous architectures

In the context under examination, all heterogeneous architectures presented here represent

Asymmetric Chip Multiprocessors (ACMPs), also known as heterogeneous multiprocessor

systems on a chip (MPSoC).
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Big.Little [39] is a heterogeneous architecture for mobile devices, developed by ARM

Holdings. The architecture consists of a combination of high-performance cores and low-

power cores, which support the same ISA and work together to optimize performance and

energy e�ciency. It introduces a solution to optimize power consumption by selecting the

core type most suitable for a level of processing load along with high performance.

In the Heterogeneous Block Architecture (HBA) paper [40], two observations are made.

Firstly, most serial code exhibits �ne-grained heterogeneity. At the scale of tens or hun-

dreds of instructions, regions of code �t di�erent microarchitectures better due to separate

memory-intensive and compute-intensive phases (this holds true regarding the GPU as ex-

amined in Section 5.3 ) , which is exploited by migrating threads to "big" and "little" cores

respectively. Secondly, this �ne-grained heterogeneity allows to split the code into atomic

blocks that execute independently in their respective backends using a well de�ned commu-

nication interface (liveins - liveouts). The heterogeneous backends that are conbined into one

in HBA include Out-of-Order, VLIW and smaller Instruction Window in-order backends.

In Dynamic Core Boosting [9], the observation is made that in SMT architectures, over-

all latency is dictated by the execution time of the longest running thread. DCB imple-

ments a software-hardware cooperative system that mitigates this workload imbalance in

performance assymetric CMPs by leveraging individual CMP-level DVFS to boost ctritical

threads. DCB coordinates its compiler and runtime to enable asymmetric CMPs to achieve

near-optimal utilization of core boosting. The compiler instruments the program with in-

structions to give progress hints and the runtime monitors their execution, enabling DCB to

intelligently accelerate selected threads within a total core boosting budget for better perfor-

mance.

Soft cores

The TRIPS (Tera-op, Reliable, Intelligently adaptive Processing System) is a scalable and en-

ergy e�cient recon�gurable computing paradigm that addresses the lag between Instruction

Set Architecture (ISA) design and microfabrication technology as well as the drained scaling

of chip resourcess, which is manifested as the exhaustion of pipeline scaling in micropro-

cessors. It implements a Very Long Isntruction Word (VLIW) Explicit Data Graph Execution

(EDGE) ISA, a type of Instruction Set Architecture (ISA) that is designed for e�cient execu-

tion of data-intensive workloads. EDGE is a data�ow architecture that relies on a directed

acyclic graph (DAG) to represent the dependencies between instructions [41].

Unlike traditional von Neumann architectures, where instructions are executed sequentially

and data is stored in memory, the EDGE architecture directly operates on the data�ow graph,

and performs computation as soon as all the input data for a particular instruction is avail-

able. This eliminates the need for explicit instruction sequencing and allows for parallelism at

the instruction level. It also addresses the pipeline-depth limit with �ne-grain concurrency

mechanisms. The main bene�t of an EDGE IDA is the direct-instruction communication
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which entails direct delivery of the producer instructions output to the consumer instruc-

tion by the hardware. Thus, instructions execute in data�ow order. Its en mass speculative

instruction scheduling allows for exploitation of ILP aside from TLP and DLP. Required com-

piler support is the most signi�cant among its drawbacks [42].

TRIPS has features that allow the processing cores and on-chip memory system to be con�g-

ured and combined in various modes, such as instruction, data, or thread-level parallelism,

in order to adapt to concurrency of di�erent sizes. To support small and large-grain con-

currency, the TRIPS architecture includes four Grid Processor cores that are out-of-order

and have a 16-wide-issue, which can be partitioned if there is easily extractable �ne-grained

parallelism. This polymorphic approach o�ers better performance across a wide range of

application types compared to an approach where numerous small processors are combined

to run workloads with irregular parallelism. The results demonstrate that high performance

can be achieved in all three modes, i.e., ILP, TLP, and DLP, showing that the polymorphic

coarse-grained approach is a promising option for future microprocessors. Its main inno-

vation lies in using guard bands that separate instruction groups which are then executed

atomically. [41, 42]

4.3.3 Recon�gurable GPU architectures

In Bahurupi [43], a polymorphic heterogeneous multi-core architecture is fabricated as a ho-

mogeneous multi-core system containing multiple identical, simple cores. The main novelty

of Bahurupi lies in its ability to morph itself into a heterogeneous multi-core architecture

at runtime under software directives, thus both exploiting explicit Thread-Level-Parallelism

and inherent Instruction-Level-Parallelism. it is essentially an implementation of core fusion

in GPUs with less distributed hardware and microarchitecture modi�cations, thus smaller

overheads. By coalescing small 2-way Out-of-Order processors into groups of 2-4 it can cre-

ate large virtual superscalar cores.

In Equalizer [44], it is observed that speci�c warps of the kernel frequently access a bot-

tleneck resource, thus restricting other threads from accessing it, causing under-utilization

of other resources and hindering performance. Equalizer dynamically monitors the resource

requirements of a kernel and manages the amount of on-chip concurrency, core frequency

and memory frequency, to adapt the hardware to best match the needs of the running ker-

nel. Thus, it can function in two complementary modes. Firstly, by throttling under-utilized

resources it can save energy without signi�cant performance degradation. Secondly, it can

boost bottleneck resources to reduce contention and provide higher performance without

signi�cant energy increase. It does so by adjusting three parameters. Number of concur-

rent thread blocks (to handle resource contention, such as L1 Data cache), SM frequency and

memory frequency to match the requirements of the executing kernels.

Amoeba [45] makes the distinction between recent developments in scale-up and scale-

out architectures, accelerating respective workloads exhibiting varying scalability patterns
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with architectural resources. Examples include Network-on-Chip, sub-warp coalescing, mem-

ory, control divergence, and L1 cache behavior and contention. The observation is made that

neither approach optimally suits all domains of applications, leading to signi�cant perfor-

mance degradation for some applications. AMOEBA aims to dynamically monitor applica-

tion scalability and adjust the SM con�guration to meet the requirements. It is essentially an

implementation of core fusion, utilizing an online controller that uses a binary logistic re-

gression to predict application scalability and fusing SMs on a coarse-grain basis. The main

criterion for scale-up and scale-out recon�guration are pipeline stalls due to control haz-

ards. Interestingly, this is found to be an important parameter in our implementation as well,

having predictive value over workload scalability regarding exploitation of ILP.
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Chapter 5

Implementation Details

5.1 Introduction

A clear picture of the high-level and pipeline stalls on our set workloads is provided in Section

5.2. Motivated by the emerging diversity regarding these stalls, we explore and character-

ize di�erent clusters of applications according to their respective structural bottlenecks that

hinder performance, in Section 5.3. We also determine speci�c runtime characteristics that

are correlated with improvement in LOOG. This characterization will accompany and direct

further workload analysis throughout this thesis.

Sections 5.5 and 5.8.8 provide an overview of the power modelling methods utilized.

In Section 5.6 back-end structures directly related to LOOG are right-sized for the Volta V100

architecture, while in Section 5.7, a bottleneck analysis is performed regarding front-end

components indirectly related to LOOG and they are optimally con�gured. A novel Instruc-

tion Bu�er partitioning recon�guration controller is presented and evaluated.

In Section 5.8, the recon�gurable GPU architecure with Out-of-Order scalability is presented

in its various forms.

Finally, in 5.9, a brief speculation on other architectural axes of recon�guration takes place,

motivated by the analysis in Section 5.3.

5.2 Workload stalls analysis

Motivated by the workload performance analysis that birthed LOOG, we study stalls that

cause performance deterioration at various levels of the GPU, for the set of workloads and

the architecture we selected.

This analysis of stalls should give us a broad sense about both the diverse features of work-

loads that can be exploited from an architecture recon�guration standpoint as well as those

that are singi�cantly correlated with impovement in LOOG. As described in previous sec-

tions, the GPU frequently accesses memory and it hides memory stalls by context switching

between concurrently executed warps. To get a broad sense of the bottleneck in the execu-

tion of each kernel, we use performance counters from GPGPU-sim that track stall events
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Figure 5.1:Memory request �ow in GPGPU-sim

at di�erent high-level parts of the GPU. As shown in Figure 5.1, the following memory stall

metrics are recorded:

ˆ Shader-memory stalls

Shared memory bank con�icts

Non-coalesced memory accesses

Serialized constant memory accesses

ˆ DRAM-full stalls, due to unserviced DRAM requests

ˆ Interconnect-to-shader stalls

Interconnect to shader stalls occur when the writeback stage is stalled by other types of

Functional Units, they represent less than 1% of total stalls and will therefore not be included.

As depicted in Figure 5.2a, total stalls on the GPU, normalized over total cycles seem to

follow the Pareto distribution, with most kernels having very few stalls overall in this level

of analysis and DRAM stalls being scarce comparatively. Moreover, in Figure 5.2b is is seen

that only 12% of kernels stall in DRAM more than shader core pipeline. Evidently, warp

coalescing and bank con�ict stalls amount for a signi�cant number of cycles only in a select

few number of kernels simulated. This realization motivates a closer core-level examination

of stalls, taking workload diversity into consideration.

As depicted in Figure 5.3a, shader core stalls follow the expected similar distribution with

high-level stalls. In Figure 5.3b, it is seen that for the vast majority of GPGPU kernels simu-

lated, the maximum amount of available warps slots is under-occupied, which prevents the

GPU from hiding the aforementioned stalls with context switching between active warps. In

the core level, issue stalls can be divided into:

ˆ Idle or control hazard stalls, representing no active warps or instruction replay due to

taken branches (which is resolved in the Issue stage by comparing the current PC to

the top of the SIMT stack)
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(a) Bottleneck analysis for kernels simulated.
Half of the kernels run stall on GPU-level for

less than 3% of total cycles.

(b) Ratio of DRAM over shader memory stalls. 10% of
kernels do not stall on this level. Only 12% stall on the

DRAM more than shader memory.

Figure 5.2:High-level stalls analysis

(a) Shader core stalls analysis (b)Warp count histogram

Figure 5.3: Most of the GPGPU kernels simulated do not fully occupy their
maximum concurrent warp entries, producing shader core stalls

ˆ Scoreboard con�ict stalls, due to RAW and WAW hazards

ˆ Stalled pipeline due to stalled backend.

Idle or control stalls during active issue cycles (idle initialization cycles during kernel of-

�oading to the GPU are accounted for by the simulator but not included) represent a median

of 0.91% and an average of 2.3% over total active cycles, as seen in Figure 5.5b Scoreboard

con�ict stalls are mainly caused by dependencies on long latency memory operations, while

pipeline stalls only occur when the Execution Units are stalled. Therefore all issue stalls are

essentially caused by functional unit stalls, whose distribution is depicted in Figure 5.4a. Ev-

idently, for the GPGPU kernels we used, single and double precision FP stalls and SFU stalls

represent a signi�cant amount of overall stalls only for a small subset of specialized kernels.
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(a) SM backend stalls breakdown

(a) Total operations breakdown (b) Idle and control stalls

Figure 5.5: Idle and control stalls represent a miniscule amount of pipeline
stalls. Issue stalls are mainly dependent on various Execution Unit stalls

It is also evident that INT and MEM stalls, representing almost all of the stalls for most ker-

nels are, as expected, negatively correlated to one another, with their ratio distribution being

almost uniform, except for a signi�cant class of kernels (about 25%) that exhibit virtually no

memory stalls on the pipeline compared to other kernels. However, as seen in Figure 5.5a,

even these kernels have a signi�cant amount of memory operations overall, therefore all

their memory stalls happen in DRAM.
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INT_stalls MEM_stalls SP_stalls SFU_stalls DP_stalls Total

50th 3.24% 1.54% 0.00% 0.00% 0.00% 7.15%
60th 4.97% 3.16% 0.00% 0.00% 0.00% 12.46%
70th 9.82% 4.72% 0.02% 0.00% 0.00% 20.81%
80th 17.57% 8.39% 0.12% 0.06% 0.00% 35.91%
90th 30.56% 17.48% 0.94% 0.45% 0.04% 45.08%

Table 5.1:Stall distribution for total stall percentiles. Values do not sum up to
total, as percentiles are calculated separately for each type

Table 5.1 provides a more detailed view of stall distribution over total stall percentiles. It

can be seen that memory stalls have a steeper distribution, with their relative values increas-

ing faster as percentiles rise.

We conclude that signi�cant memory stalls are present in all kernels, account for nearly

all issue stalls due to RAW and WAW hazards (scoreboard collisions) and cannot be e�ectively

addressed by the instruction reordering that takes place in LOOG. In Figure 5.6a, a detailed

breakdown of all types of dispatch stalls per Execution Unit (EXU) pipeline stalls is provided.

Note that FP and SFU stalls occupy a bigger portion of the total even for the 90th percentile

seen in Table 5.1, due to the fact that they are concentrated in a small minority of kernels

less than 10% as seen in Figure 5.4a and Figure 5.5a. An analysis of the shader core cache

stalls causing memory stalls is seen in Figure 5.6b. Evidently, half of the instructions that

miss on the L1 Data cache also miss in the o�-chip, per-memory-partition L2. Since the stalls

produced by these misses cannot be addressed by instruction reordering and alterations in

scheduling, this motivates the idea of potentially increasing cache performance and studying

the cache size / Area-Power overhead tradeo�. Misses on other types of caches represent a

small portion of the total, as expected, as is evident in Figure 5.7.

5.3 Workload characterization and exploitable ILP anal-

ysis

In continuation of the previous section, given the evident and potentially highly exploitable

workload diversity we set to categorize GPU applications guided by concepts much like those

described in "Whole Picture Analysis" [47]. The purpose of this study is to both determine

emerging classes of GPGPU kernels that would dictate respective classes of hardware con-

�guration, as well as correlate said classes to performance improvement in OOO, Long In-

struction Window execution schemes such as LOOG [12, 13]. In that direction, we collected

runtime statistics from GPGPU-Sim on the workloads mentioned, over multiple con�gura-

tions, all in the baseline in-order model of the simulator. As in "Whole Picture Analysis" [46,

47], statistics collection for all three levels of the analysis was facilitated by GPGPU-Sim and

for our baseline Quadro GV100 GPU model as demonstrated below:
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(a) Mean EXU stall distribution over all kernels (b)Cache miss breakdown

Figure 5.6: Mean EXU stall distribution over kernels (kernels are equally
weighted) and breakdown of cache misses causing memory stalls

Figure 5.7:Miss distribution for each type of cache, normalized over total warp
instructions (theoretical maximum of32� 100).

IR-level In the WPC paper [47], static and dynamic instruction stream statistics were collected

on a perfect processor model with in�nite registers, to track instruction mix, locality

metrics and branch behaviors. In our implementation, such statistics were collected

with GPGPU-Sim regardless of uarch con�guration provided Hence we collectinstruc-

tion locality, instruction and data locality and branch metrics.

ISA-levelMicroarchitecture-agnostic characteristics are determined by execution on a perfect
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processor with a perfect cache model but with no pipeline model. In our implementa-

tion, such a model was simulated by con�guring caches with minimal latencies, func-

tional units with exaggerated latencies, and tracking data hazards via scoreboard check

collisions in the Issue stage. Thus, the characteristics of the previous level along with

perfect cache behavior, parallelism and instruction dependencieswere collected

uArch-levelThis level contains all the architectural component behaviors manifested during exe-

cution on a speci�c microarchitecture. This stage was implemented by averaging out

statistics collected over multiple cache and functional unit con�gurations, as it was

theorized that these were the axes we should recon�gure upon based on workload di-

versity. Hence, additional statistics we collected regardedpipeline and cache behavior.

Our analysis was mainly based on pipeline stalls, cache hit ratio, Missed per Thousand

Instructions (MPKI) and memory bandwidths.

Values from all three architectural levels were included in our �nal analysis. They were nor-

malized by the appropriate cumulative values (i.e. Statistics referring to scalar thread activity

such as total ALU operations were normalized by total thread instructions, statistics referring

to memory or RF accesses were normalized by total warp instructions and statistics referring

to cycles such as various types of stalls were normalized by total cycles). Dimensionality

reduction was applied on the data to �nd a smaller set of axes that explains at least 95% of

the cumulative variance of the dataset. Features were sorted based on their coe�cient in the

PCA eigenvector of each principal component multiplied by the eigenvalues themselves. The

most signi�cant features producing workload diversity are presented in Figure 5.9.

importance(feature ) =
X

x2 S

� (x) � coef f (x; feature ) (5.1)

S: The set of all eigenvectors

� (x): The eigenvalue for eigenvector x

23 of the PCA components explained 95% of the Cumulative Variance Ratio (CVR), as seen

in Figure 5.8a. We extracted as many features, since importance scores did not seem to pro-

duce any signi�cant local drops, as depicted in Figure 5.8c. This number of selected features

explained 74% of the CVR. We opted for a cosine metric as relative and not absolute feature

values needed to be interpreted. Kmeans did not yield good results in either metric. For hi-

erarchical with a cosine metric, silhouette scores were locally maximized for a value of 5, as

depicted in Figure 5.8b and we selected as many clusters, seen in Figure 5.11 . The clusters

produced, as well as saturated LOOG IPC improvements and GPU utilizations are depicted

in Figure 5.10.

It is noted that Utilization and Saturated LOOG�IPC were not among the features that

the clustering and PCA, was applied upon, rather they were added succeeding it, to aid our
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analysis. Saturated LOOG improvement refers to the maximum achievable performance im-

provement in LOOG con�guration, as will be explained in later sections. Early in the ex-

amination of GPU utilization and IPC optimization it was clear that the axes of OOO, cache

and Execution unit scaling could explain all types of stalls (scoreboard stalls, pipeline stalls

and dispatch stalls respectively) and most of the workload diversity. Given this diversity,

we studied the potential for recon�guration of the microarchitecture on these axes, to tai-

lor it to workloads on runtime. Clusters produced, seen in Figure 5.10 were retrospectively

interpreted with regards to their main performance bottleneck as follows:

ˆ DP-bound, high utilization, signi�cantly stalling on the INT, MEM and DP Execution

Units and exhibiting low cache and DRAM accesses (high miss rate is due to the few

accesses and is therefore irrelevant). The MEM stalls paired with low memory accesses

overall imply separate memory and compute intensive phases. Therefore, it comprises

kernels thatmainly perform DP computation . As a compute-intensive cluster, it

stalls frequently due to control hazards, as also seen in Figure 5.5a. Owing to its high

warp-count (achieved occupancy in our terminology [84] ) it can maintain a high uti-

lization and high average warp readiness. Its improvement in LOOG is therefore high,

since it is not dependent upon memory instructions.

ˆ Cache-bound, low ILP, having high Data stores and missing on Constant cache, due to

parameter memory instructions as is elaborated on in section 5.8.2 (it is also charac-

terized by a high kernel launch count). High CTA (thread blocks) are the direct cause

of the increased parameter memory instructions, and because of the low warp count,

pipeline stalls due to the subsequent scoreboard collisions cannot be hidden with con-

text switching. It includes kernels thatread from constant memory, perform few

computations and write on local and global and local memory Due to constant

memory not being backed by the L2, o�-chip memory accesses cause interconnect

stalls. The exploitable ILP of this cluster is low for the above reasons.

ˆ Shared memory-bound, having high shared memory operations overall (the lowest la-

tency among memory operations) and stalling on the SFU pipeleine. It includes kernels

that perform SFU computation on values read from the shared memory, using

few active warps but exhibit mediocre utilization and low exploitable ILP due to the

low warp count.

ˆ Cache-bound, high ILP, exhibiting frequent Data cache load accesses, with a low miss

rate. This is paired with the relatively high RF read count, signifying the presence of

compute phases. Given that dispatch stalls are only present in the MEM pipeline, com-

pute phases are evenly spread among the ALU and FPU pipelines and do not cause

congestion. Low scoreboard collisions signify the inclusion of kernels thatread data

from the Data cache and perform arithmetic operations on it on separate com-

pute phases. All of the above produce exploitable ILP.
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ˆ SP-boundevidently having compute phases (as the high RF reads and ALU stalls imply)

despite its frequent DRAM operations (given that the Data cache is accessed frequently

with a low miss rate, these operations are due to evictions), without signi�cant depen-

dencies (as seen with only a few scoreboard collisions). This, again, implies its com-

position from kernels thatload data from global memory, perform SP operations

on it and store it again in global memory . High DRAM tra�c is produced by L1

Data cache accesses that hit and produce evictions. High throughput due to compute

phases paired with low dependencies equates to high exploitable ILP.

Summing up, in all our preliminary cluster analysis of the kernels provided, a shared memory

cluster is formed, due to its distinguishing characteristics of high SFU utilization and low

warp count causing relatively low utilization and mediocre exploitable ILP.

Two pairs of cache bound (memory-intensive) and FPU-bound (compute-intensive) clus-

ters are formed. The distinction between cache bound kernels depends on types of operations

and speci�c cache accesses.

Constant accesses paired with Data store instructions are related to high scoreboard colli-

sions and relatively high utilization, due to a high instruction throughput paired with existing

real dependencies. The dependencies are evidently real since the saturated LOOG� IPC is

not signi�cant.

High Data Load Read instructions are paired with low scoreboard collisions and low uti-

lization but a high warp count and compute phases (as evident by RF reads). These charac-

teristics provide high exploitable ILP.

FPU-bound clusters both have high utilization and low scoreboard collisions, providing

exploitable ILP. The DP-bound cluster is less prone to cache utilization and DRAM accesses

and has a high warp count that provides the highest instruction throughput among all clus-

ters.

ˆ Scoreboard collisions are frequently paired with the presence of memory instructions.

ˆ RF reads are negatively correlated with memory instructions, providing a criterion for

compute phases

ˆ GPU utilization is higher in compute-intensive kernels and is negatively correlated

with Data load instructions in memory-intensive kernels.

ˆ For compute-intensive kernels, GPU utilization is higher in DP-bound kernels, and for

memory intensive kernels it is higher in shared-memory-bound kernels.

ˆ Exploitable ILP is high in compute-intensive kernels and memory-intensive kernels

with local and global memory load instructions (that exhibit compute phases).

ˆ It is, hence, mostly correlated with compute phases per kernel. RF reads are positively

and scoreboard collisions negatively correlated to it.
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(a) Cumulative variance ratio ex-
plained by components

(b) Silhouette scores per number
of clusters

(c) Sorted importance scores of
extracted features

Figure 5.8:Kernels feature extraction and clustering

Figure 5.9:Relative signi�cance of top extracted features

ˆ From the Cache bound, low utilization and the Shared memory-bound clusters, we can

see that exploitable ILP is correlated to higher utilization.

5.3.1 Rodinia - Back propagation

The back propagation benchmark belongs in the pattern recognition algorithm domain and

its computation and memory access pattern matches that of the unstructured grid dwarf.[2] It

is responsible for training the weights on a layered neural network. It comprises two phases;

In the Forward phase, the activation is propagated from the input to the output layer. In the

Backward phase, the error between the actual and requested output value is used to update

the bias and weights of the layers leading up to the output.[1] Interestingly, the Forward

phase kernel of Rodinia 2.0 back propagation belongs to theShared memory-bound cluster,

while the weight adjustment kernel belongs to theDP-bound, high utilization cluster. Note

that even though the latter is actually INT-bound instead of DP-bound, such kernels are

grouped together due to similar characteristics overall. Following is a piece of the relevant

host code (.cu �le):
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Figure 5.10:Relative feature values of clusters produced. LOOG DeltaIPC and
Utilization were subsequently added

1 cudaMemcpy ( input_cuda , net=> i n p u t _ u n i t s , ( i n + 1 ) * s i z e o f ( f l o a t ) ,

cudaMemcpyHostToDevice ) ;

2 cudaMemcpy ( inpu t_h idden_cuda , input_weights_one_d im , ( in + 1 )* (

h id + 1 ) * s i z e o f ( f l o a t ) , cudaMemcpyHostToDevice ) ;

3

4 bpnn_layerforward_CUDA <<< gr id , t h r e a d s >>>( input_cuda ,

5 output_h idden_cuda ,

6 i npu t_h idden_cuda ,

7 h idden_par t i a l _sum ,

8 in ,

9 h id ) ;

10 cudaThreadSynchron ize ( ) ;

11

12 c u d a E r r o r _ t e r r o r = cudaGe tLas tE r ro r ( ) ;

13 i f ( e r r o r != cudaSuccess ) {

14 p r i n t f ( " bpnn k e r n e l e r r o r : %s \ n " , c u d a G e t E r r o r S t r i n g ( e r r o r ) ) ;

15 e x i t ( EXIT_FAILURE ) ;

16 }

17 cudaMemcpy ( pa r t i a l _sum , h idden_par t i a l _sum , num_blocks* WIDTH *

s i z e o f ( f l o a t ) , cudaMemcpyDeviceToHost ) ;

Listing 5.1: Rodinia Backpropagation host code
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Figure 5.11:Detailed clustering visualization of the kernels. Note that kernels
from the same application may diverge signi�cantly.



5.3. Workload characterization and exploitable ILP analysis 107

Lines 1 and 2 are responsible for host-to-device data transfer of the bias of the input layer and

weights between the input and hidden layer respectively. Memory for destination pointers

has been allocated on the device using cudaMalloc.

On line 4, the device function responsible for the forward phase is called for execution on

the GPU. Its operands are destination, source, allocation size, and memory copy type re-

spectively. It is important to note that data transfers from host to device only take place on

contiguous memory spaces using "cudaMalloc()". Therefore the 2d weights matrix must be

linearized (variable "input_weights_one_dim", line 2) to be used as a source operand. Cre-

ating a 2d matrix on device DRAM using an array of pointers would require multiple calls

to cudaMalloc(), and imply a non-contiguous memory space, reducing data locality. On line

11, the function called blocks the host thread execution until all previously issued commands

running on all active streams on the device have �nished. It returns an error if any of the

preceding tasks has failed. It is noted that this function is deprecated and appropriately re-

named in CUDA 12.0 as "cudaDeviceSynchronize()", since it serves the purpose of device and

not thread-level synchronization. On line 19, the partial sum calculated from the forward

propagation function executed on the device, is copied back to host memory [103, 21, 104] .

Following is the forward phase device function from the auxiliary .cu �le:

1 _ _ g l o b a l _ _ vo id

2 bpnn_layerforward_CUDA ( f l o a t * input_cuda ,

3 f l o a t * ou tput_h idden_cuda ,

4 f l o a t * inpu t_h idden_cuda ,

5 f l o a t * h idden_par t i a l _sum ,

6 i n t in ,

7 i n t h id )

8 {

9 i n t by = b l o c k I d x . y ;

10 i n t t x = t h r e a d I d x . x ;

11 i n t t y = t h r e a d I d x . y ;

12 i n t index = ( h id + 1 ) * HEIGHT * by + ( h id + 1 ) * ty + tx +

1 + ( h id + 1 ) ;

13 i n t i ndex_ in = HEIGHT * by + ty + 1 ;

14

15 __shared__ f l o a t inpu t_node [HEIGHT ] ;

16 __shared__ f l o a t we igh t_mat r i x [HEIGHT ] [WIDTH ] ;

17

18 i f ( t x == 0 )

19 i npu t_node [ ty ] = inpu t_cuda [ i ndex_ in ] ;

20 __sync th reads ( ) ;

21 weigh t_mat r i x [ t y ] [ t x ] = inpu t_h idden_cuda [ index ] ;

22 __sync th reads ( ) ;
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23 weigh t_mat r i x [ t y ] [ t x ] = we igh t_mat r i x [ t y ] [ t x ] * inpu t_node [ ty ] ;

24 __sync th reads ( ) ;

25

26 f o r ( i n t i = 1 ; i <= _ _ l o g 2 f ( HEIGHT ) ; i ++) {

27 i n t power_two = __powf ( 2 , i ) ;

28 i f ( t y % power_two == 0 )

29 weigh t_mat r i x [ t y ] [ t x ] = we igh t_mat r i x [ t y ] [ t x ] + we igh t_mat r i x [

t y + power_two / 2 ] [ t x ] ;

30 __sync th reads ( ) ;

31 }

32

33 i npu t_h idden_cuda [ index ] = we igh t_mat r i x [ t y ] [ t x ] ;

34 __sync th reads ( ) ;

35

36 i f ( t x == 0 ) {

37 h id de n_ pa r t i a l _ s um [ by * h id + ty ] = we igh t_mat r i x [ t x ] [ t y ] ;

38 }

39

40 }

Listing 5.2: Rodinia Bacpropagation Layerforward kernel

As the keyword "__global__" signi�es, this function is called from the host code as shown

above. In lines 9-11 some thread indexing variables are set from kernel launch parameters

stored by default in the shared memory. In lines 15,16 some shared memory matrices are

de�ned. Host data that was transferred to device DRAM will be copied there, to be used by

all threads in a block. The linearized weights matrix is wrapped as a 2d matrix in the shared

memory. At each stage of the computation, before the output is set at line 37, the function

__syncthreads() is used, which poses a barrier to all threads within a block and synchro-

nizes them. Comparing the kernels corresponding to the forward and the weight adjustment

phases, it is clear why they belong to the respective clusters.

Following is the weight adjustment phase function:

1 _ _ g l o b a l _ _ vo id bpnn_ad jus t_we igh ts_cuda ( f l o a t* d e l t a ,

2 i n t hid ,

3 f l o a t * ly ,

4 i n t in ,

5 f l o a t * w,

6 f l o a t * oldw )

7 {

8 i n t by = b l o c k I d x . y ;
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9 i n t t x = t h r e a d I d x . x ;

10 i n t t y = t h r e a d I d x . y ;

11 i n t index = ( h id + 1 ) * HEIGHT * by + ( h id + 1 ) * ty + tx +

1 + ( h id + 1 ) ;

12 i n t index_y = HEIGHT * by + ty + 1 ;

13 i n t index_x = tx + 1 ;

14

15 w[ index ] += ( ( ETA * d e l t a [ index_x ] * l y [ index_y ] ) + (MOMENTUM *

oldw [ index ] ) ) ;

16 oldw [ index ] = ( ( ETA * d e l t a [ index_x ] * l y [ index_y ] ) + (MOMENTUM *

oldw [ index ] ) ) ;

17 __sync th reads ( ) ;

18

19 i f ( t y == 0 && by ==0) {

20 w[ index_x ] += ( ( ETA * d e l t a [ index_x ] ) + (MOMENTUM* oldw [ index_x

] ) ) ;

21 oldw [ index_x ] = ( ( ETA * d e l t a [ index_x ] ) + (MOMENTUM* oldw [

index_x ] ) ) ;

22 }

23 }

Listing 5.3: Rodinia Bacpropagation Weights Adjustment kernel

Operations inside the loop in lines 26-31 of the forward phase kernel, which produces most

of the kernel's dynamic instruction mix are compiled into shared memory operations in PTX,

justifying the inclusion of the kernel to the Shared-memory-bound cluster. .

In the weights adjustment kernel, all kernel parameters dereference to global memory ar-

rays requiring L1 Data cache accesses, therefore operations mainly consist of L1D reads.

Since these are one-o� reads as seen in lines 15,16,20,21, they cause a high L1 Data miss

rate, which characterizes the DP-bound cluster, as seen in Figure 5.10 . Since the conditional

in line 19 is executed just for a speci�c scalar thread, it likely causes frequent control haz-

ards as also seen in Figure 5.10. In the microarchitecture level, warps containing this thread

(thread_y == 0&& block_y == 0 ) will always assume this branch as not taken [24]. During

instruction Issue, the SIMT stack will be updated [24] and two entries, one with the thread

active mask bit set and its complementary, will be added to it and executed sequentially [1]

. Since the branch will always be assumed as not taken, half of the time the PC seen in the

ibu�er entries to be issued will be di�erent than that at the top of the SIMT stack, and control

hazards will be produced.

Evidently, in each of the lines 15,16,20,21, an INT operation is produced in PTX for every

global load, justifying the inclusion of this kernel in the DP-bound cluster and the INT stalls

seen in Figure 5.10.

Since the weights adjustment kernel is compute-intensive and has a high GPU utilization, it
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Figure 5.12:Accelwattch estimation accuracy [57]

possesses signi�cant exploitable ILP.

5.4 Performance modelling

A detailed, yet slightly outdated (version 3.x) overview of the software model of GPGPU-Sim,

the performance model of Accelsim used in our simulations can be found at [24].

The source code for all of our modi�cations on the performance model (GPGPU-Sim 4.1.0)

as well as the power and area model (Accelwattch) of Accelsim, including the baseline con-

�guration �les and design space exploration scripts can be found at the Appendix A.1.

5.5 Power modelling

In this section, the method to obtain the con�gurable LOOG power model is described, with

changes implemented in Accelwattch [57], as well as the baseline con�guration �le used to

extrapolate con�guration options from.

5.5.1 Changes implemented

Components added due to the transition from the baseline model to LOOG, namely RRS RAT

and LSQ were modelled as SRAM arrays. Existing components were modi�ed with extra

entries or extra throughput where needed (Decoder, Instruction Issue Window, Collector Unit

entries). Extra tags were added to the relevant interconnects corresponding to Collector Unit

ID. Hence, scaling-up Collector Units intra-LOOG causes linear Area scaling, while Power

scaling is the sum of a linear and a low-coe�cient quadratic function.
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5.5.2 Leakage and Dynamic power modelling

The manufacturing process used in GV100 is the TSMC 12 nm FFN (FinFET NVIDIA), while

Accelwattch modelling of the same architecture is tuned with a 23 nm node technology,

roughly corresponding to two generations before as seen in Table 5.2. The leakage power to

Architecture Min Node
Tesla (2007) 90nm
Tesla (2008) 55nm
Fermi (2010) 40nm
Kepler (2012) 28nm
Maxwell (2014) 28nm
Pascal (2016) 16nm
Volta (2017) 12nm
Turing (2018) 12nm
Ampere (2020) 8nm
Lovelace (2022) 5nm

Table 5.2: Nvidia GPU architectures and their minimum node technologies
[105, 74, 106]

dynamic power ratio varies signi�cantly with technology node scaling. As it scales down,

the dynamic power consumed by CMOS circuits tends to only slightly increase while the

leakage power aggressively increases (inversely proportional to gate length) [107]. This is

due to the increase in the sub-threshold leakage current and the gate leakage current caused

by the thinning of the gate oxide, as well as the junction leakage current. This di�erence

in con�guration is expected to skew our results with regards to dynamic to leakage power

ratio (approximately by a factor of 2, according to [107]). However, since the sum of these

components is used to tune the baseline Accelwattch con�guration �le we modify, and since

the power gating we perform assumes insigni�cant increases in dynamic power when the

structures are not gated, and complete eradication of both power components when they are,

this does not a�ect our analysis.

5.5.3 Accelwattch con�guration

The Accelwattch PTX simulator yields satisfactory results when compared against hardware

power measurements on a variety of benchmarks suite ran for the NVIDIA Volta architec-

ture, as seen in Figure 5.12. In the aforementioned paper [57], it is further demonstrated that

Accelwattch can be reliably utilized for design space exploration, as it can provide accurate

power models even for the Pascal and Turing microarchitectures. Accelwattch uses intricate

performance counters provided by the performance simulator to model switching power and

account for DVFS and aggressive power gating. In the scope of this thesis, maximum power

dissipation statistics will be used as provided by Gpuwattch (based on McPAT and Cacti) in
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a relative analysis compared to baseline. Power estimations are bound to be even more ac-

curate when it comes to individual components.

The Accelwattch Volta con�guration �le has been tuned according to power correlations pro-

vided by running microbenchmarks targeting individual architectural components. There-

fore, power estimations for each component that is dynamically con�gured come down to

McPat calculations that exhibit a linear dependency with the relative con�guration size co-

e�cients that are applied. For example, con�guring Collector Unit number only a�ects the

size of the crossbar input bu�er connecting them to the Register File, apart from the struc-

tures themselves. Total crossbar area and power dissipation is proportional to both input and

output bu�er size. Con�guring functional units similarly a�ects the crossbar size connecting

them to the operand collector, as well as the number of lanes withing the SM. Cache sizes

similarly exhibit a linear dependency with power dissipation. In conclusion, the �ne tuned

per-component power dissipation estimations combined with the accurate whole-processor

power model provide a decent substrate for our custom con�gurations to extrapolate upon

and compare to baseline [57].

5.6 Right-sizing LOOG on NVIDIA Quadro GV100

Following the implementation of LOOG in version 4.1.0 of GPGPU-sim [23], a reassessment

of its right-sizing was deemed necessary, since the original implementation was studied on

the GeForce GTX1080Ti model [48, 14], a gaming GPU, implementing Pascal, the previous

architecture generation to Volta. Since our new baseline GPU platform is a workstation GPU,

LOOG's behavior is expected to di�er regarding right-sizing of the Register Renaming Stack

[12, 13] , Operand Collector and Instruction Window.

5.6.1 Register Renaming Stack

As elaborated on in chapter 3 , the RRS is a structure designed to alleviate Collector Unit con-

gestion by enabling their deallocation right after instruction dispatch instead of the Write-

back stage [14]. As seen in Table 5.3, the Power and Area overhead of RRS scaling is minimal,

while the average performance per kernel only signi�cantly improves from 32 to 64 RRS. In

Figure 5.13a, the maximum number of RRS entries used over all kernels in the evaluation is

presented. The absolute maximum is 146 and the absolute minimum is 41. In Figure 5.13b, the

average RRS occupancy over all kernels is presented with RRS con�gured at 64. Evidently,

a minority (30%) of kernels has an average RRS occupancy for which 64 RRS do not su�ce.

Values close to 64 in Figure 5.13b are produced by high bandwidth throughput, presumably

in compute-intensive kernels. Despite such high values, RRS size is not a bottleneck for

the respective kernels, since the backend is not stalled and it only prevents Long I-window

instruction reordering. The average available I-window length per warp for an RRS con�gu-

ration of 64 is depicted in Figure 5.13c (average value of 2.93). It is calculated by dividing the
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average number of RRS entries used with the number of total warp slots occupied. Finally, in

Figure 5.13d, cycles with no CUs allocated (CU stalls) are depicted for an RRS con�guration

of 64. Only 32% of kernels have their CU stalled more than 25% of the time. Even such a high

CU stall rate, as indicated, does not equate to backend stalls and reduced throughput.

RRS size 64 128 256
Power overhead 0.07 0.018% 0.047%
Area overhead 0.002% 0.004% 0.008%
DeltaIPC 7.52% 7.67% 7.67%

Table 5.3: Overheads and performance improvement compared to a 32 RRS
con�guration

Results are similar to the initial implementation of LOOG [14] and since no signi�cant

improvement is provided beyond 64 RRS, this is the con�guration used in all subsequent

modelling in this thesis.

5.6.2 Instruction Window

Power and Area overheads for Instruction Window scaling with a baseline ofIW indow = 1

(IWindow values in the table are normalized to 1 instruction Fetched, Decoded and Issued

per cycle per SM processing block) are presented in Table 5.4. It is noted that as explained

in the Power modelling section, the overheads presented here contain estimates of the peak

dynamic power. It is worth noting that the leakage power overhead that arises from the

additional structures is more closely approximated by the Area overheads whose model is

precise. Since the total dynamic power for a given number of fetched, decoded and sched-

uled instructions is approximately constant (the Issue scheduler does not implement any

sophisticated policies and considers each scheduled instruction once), the actual total power

overhead curve is, hence, expected to more closely follow the Area overhead curve. As elab-

orated on in section decoder throughput, in the new architecture with per-SM processing

blocks [49] (sub-cores[36, 24]) it is never sensible to scale-up the Instruction Window, rather

it can be scaled down to 1_insn
processing _block�cycle without signi�cant performance deterioration.

As indicated in section depth scheduling, larger instruction windows can provide more e�-

cient instruction depth scheduling (it is demonstrated that prioritizing the instructions of a

given warp with Depth-First Scheduling is preferable to switching warps with Breadth-First

Scheduling in LOOG). This scheduling policy, however, can be emulated over many cycles

without using a Longer Instruction Window and with the addition of minor components.

5.6.3 Operand Collector

Early in examining the behavior of the LOOG execution scheme, it was evident that the

Collector Units, serving as the Reservation Stations of the Tomasulo algorithm [15] are its
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(a) Maximum RRS entries used for all kernels used (b)Average RRS occupancy for all kernels used

(c) Average instruction window per warp with 64 RRS (d) Cycles with no CU allocated overall

Figure 5.13:Right-sizing of the RRS
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IWindow 2 4 6 8 10 12 14 16
Power 4.79% 10.68% 17.58% 24.98% 34.06% 47.01% 60.47% 74.77%
Area 0.22% 0.95% 1.80% 2.71% 3.70% 4.85% 5.99% 7.23%

Table 5.4: Scaling Instruction Window (Fetch - Decode - Issue scheduler
throughput) overheads

most critical part, both in terms of performance gains as well as Power and Area overheads.

The average speedup for all kernels tested as well as Area and Power overheads are presented

in Table 5.5. Evidently, the IPC improvement from LOOG saturates beyond 48 CUs for the

average kernel.

As no improvement is provided beyond 48 CUs for any workloads, this is the design limit for

all our further testing.

We de�ne saturated LOOG improvement as the maximum percentile performance im-

provement achievable from baseline. It is approximately equal to the improvement at 48

CUs and precisely equal to the improvement at 64 CUs, save for some data anomalies ex-

plained in the scheduling section. The histogram of saturated improvement over all kernels

run is depicted in Figure 5.14. The improvement curves for CU scaling per saturated im-

provement kernel percentiles from 50th to 90th are shown in Figure 5.15a. As seen in both

of the above �gures, the distribution of IPC improvement at each scaling step is wide, with

the � IPC between percentiles increasing at higher percentiles. We arbitrarily de�ne the

"LOOG-sensitive" class as the class of applications whose saturated LOOG improvement is

more than 100%.

In Figure 5.15a, the upper two percentile curves, showing marked improvement compared

to the rest of the workloads approximately correspond to the LOOG-sensitive kernels.

The LOOG-sensitive class represents 22.0% over all kernels and 9.2% of all kernel launches.

We observe, therefore, a clear bias of multiple-launch kernels towards LOOG-insensitivity.

This analysis will prove relevant in section 2.2 . Intra-kernel loog-sensitivity is consistent as

depicted in Table 5.6 , with the exception of 1 launch. A small minority of kernel launches not

belonging to LOOG-sensitive kernels surpass the LOOG-sensitivity threshold. These niche

workloads are considered outliers as they belong to only two kernels. We deduce that LOOG

sensitivity highly varies inter-kernel and is mostly consistent intra-kernel, nevertheless, with

existing exceptions. The observation of said high variance is closely tied to determining

the optimal con�gurations for each class of applications based on di�erent �gures of merit

(� IPC saturation, Power-Delay Product, Energy-Delay Product), as tentatively examined

in this subsection, and more closely in section 5.8 . With the realization that optimal con-

�gurations vary in a similar fashion, we set to design a recon�guration mechanism at the

granularity seen in Table 5.5 in section 5.8 , in order to optimize the aforementioned �gures

of merit for each workload at runtime, focusing on performance or energy e�ciency.

In Figure 5.15b, Area and Power overheads are co-ploted with the IPC improvement per

LOOG sensitivity class. Evidently, the median kernel with regards to LOOG-sensitivity is
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Figure 5.14:Histogram of saturated IPC improvement on LOOG

essentially LOOG-insensitive. Mean IPC improvement for LOOG sensitive kernels surpasses

160%.

Collector Units 8_CUs 16_CUs 24_CUs 32_CUs 40_CUs 48_CUs 56_CUs 64_CUs
Area overhead 3.33% 6.80% 10.26% 13.72% 17.19% 20.65% 24.12% 27.58%
Power overhead 6.50% 9.90% 13.64% 17.72% 22.13% 26.87% 31.95% 37.37%
Average DeltaIPC 22.29% 40.76% 48.57% 52% 59.66% 61.14% 61.16% 61.16%

Table 5.5: Collector Unit scaling performance improvement and Area, Power
overheads

LOOG-sensitive kernel non LOOG-sensitive kernel

LOOG-sensitive launch 3,78% 5,45%
non LOOG-sensitive launch 0,15% 90,62%

Table 5.6:LOOG-sensitivity distribution over kernels and kernel launches

Area and Power scaling with CUs are depicted in Figure 5.15b . As expected, Area is a

linear function of CU size due to the increased number of inputs to the crossbar and Power

is a small coe�cient quadratic, due to increased arbitration logic bitlines and multiplexer

size of the crossbar . ADP is depicted in Figure 5.15d, with ADP evidently optimized at 16

CUs for the median and mean LOOG-insensitive kernel. Since it is optimized for such a

scaled-down LOOG con�guration, further testing in sections will be done with architecture

con�gurations containing a maximum of 16,32 and 48 CUs. For the average and mean LOOG-

sensitive kernels ADP is optimized with 32 and 40 CUs respectively.

Power-Delay Product for improvement percentiles is depicted in Figure 5.15e. For each

percentile, PDP is optimized in the CU size range [16,40] non monotonously. Energy-Delay

Product, depicted in Figure 5.15f taking Delay into grater account, is optimized at 48 CUs only
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(a) LOOG IPC improvement compared to baseline
per saturated improvement percentiles

(b) LOOG Area and Power overheads scaling
compared to baseline

(c)LOOG IPC improvement plotted with Area and
Power overheads (d) LOOG Area-Delay Product scaling

(e)LOOG Power-Delay Product scaling (f) LOOG Energy-Delay product scaling

Figure 5.15:LOOG scaling behavior across LOOG improvement percentiles
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Benchmark Suite Kernel Sat-� IPC
MST Lonestar Find Minimum 405%
LPS Ispass-2009 3D Laplace calculation 396%
LIB Ispass-2009 Path calculation 319%
Gramschmidt Polybench Gramschmidt 245%
Correlation Polybench Mean calculation 232%
MST Lonestar Verify minimum element 226%
MST Lonestar Find minimum element 194%
MST Lonestar Find minimum element 2 185%
QTC Shoc Compute degrees 180%
testAmr Dragon Re�nement kernel 157%
Hotspot Rodinia-3.1 Calculate temperature 153%
Backprop Rodinia-3.1 Weights adjustment 145%
NN Ispass-2009 Execute second layer 140%
Reduction Shoc Reduce 127%
Histo Parboil Input image 125%
Gramschmidt Polybench Initialization 119%
S3D Shoc Find Minmum 116%
Histo Parboil Intermediate kernel 115%
Histo Parboil Histogram calculation 112%
CFD Rodinia-3.1 Compute 110%
Stencil2D Parboil Stencil kernel 106%
FFT Shoc FFT kernel 102%

Table 5.7:LOOG sensitive kernels and their percentile IPC saturated improve-
ments

for the 80th percentile, the right-sizing value set for LOOG in our current implementation.

Energy metrics are mostly optimized at 40 CUs for higher percentiles and all metrics are

optimized at 16 CUs for the median kernel. The above results are summarized in Table 5.8. A

more detailed view of the per-kernel and per-launch optimal CU con�guration distribution

is provided in section 5.8 .

Percentile ADP sat PDP EDP
Median 16 16 16 16
60 24 32 32 40
70 32 40 40 40
80 40 48 40 48
90 48 40 32 40

Table 5.8:Optimal CU con�guration across saturated IPC improvement kernel
percentiles for metrics ADP, IPC saturation, PDP, EDP
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5.7 Accommodating LOOG on the front-end of NVIDIA

Quadro GV100

The minor studies this section entails, aim to determine the new microarchitecture bottle-

necks that might arise with the implementation of LOOG in the new architecture, in com-

ponents not directly related to LOOG. Since LOOG directly imposes only backend modi�-

cations and the frontend virtually remains intact (save for the Scoreboard collision check

that is replaced with register renaming and seamless Issue scheduling to the Operand Col-

lect stage), we examine the optimal behavior of the Decoder, Issue scheduler and Instruction

Bu�er frontend components. Resizing and optimally con�guring these components with re-

gards to LOOG is essential. RRS are con�gured to 64 and CUs to 32 for all simulations used

in this section.

5.7.1 Fetch-Decode stage Bandwidth study

Introducing Out-of-Order execution on the GPU increases backend throughput, therefore a

right-sizing of the frontend stage is crucial. We seek to determine whether the traditionally

CPU-speci�c distinction of front-end bound and back-end bound workloads is extensible to

the GPU and likewise categorise applications to properly adjust the Decoder BandWidth.

As previously mentioned, SMs in Tesla V100 [93] microarchitecture, comprise 4 processing

blocks with that only share the Instruction cache and the memory subsystem [36]. In the ac-

tual implementation [93], instruction fetching is optimized with a per-partition L0 instruction

cache. This is approximately modeled in GPGPU-sim by a right-sized SM-wide Instruction

cache with 4 times the port throughput.

Instructions fetched in each of the processing blocks are ultimately stored in a statically

per-warp partitioned Instruction Bu�er. In the baseline model, each cycle, 2 instructions (per

SM partition) are fetched from the Icache to the pipeline registers leading to the currently

fetch-scheduled warp's Instruction bu�er entries. Fetch-scheduling is done in a Round-Robin

fashion on the active warps that are ready to fetch. Instructions are decoded with an equal

throughput, and are placed in the appropriate Ibu�er entries. Each scheduler-isolated SM par-

tition has one Issue scheduler by default, scheduling two instructions per cycle to the Collec-

tor Units in a Breadth-First fashion on Least-Recently-Used warp ordering. Therefore the to-

tal baseline Fetch-Decode Bandwidth (maximum throughput), normalized 1_insn
processing _block�cycle

is 8. Determining the instruction throughput of the backend (based on the number and the

activity Execution Units and Load Store Unit including Caches) is much more complicated

and depends on instruction mix and latencies and throughput of Execution Units for each

instruction type (latency of execution becomes signi�cant in high IPC workloads that cause

EXU congestion). In our implementation, runtime statistics are collected on a per-kernel-

launch granularity to measure actual runtime backend throughput. The extension of the def-

inition of Instructions Per Cycle typically refers to scalar thread instructions per cycle, not
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Figure 5.16:Warp IPC (equivalent to backend throughput) for 83% of work-
loads is below the minimum frontend throughput (GV100 frontend throughput

is 8)

accounting for warp instructions, which is the actual unit that is executed in the backend:

IPC =
scalar_thread_instructions

total_cycles
(5.2)

When warp divergence is met, the backend equivalent of one warp instruction in the frontend

is multiple instructions, potentially 32 if all threads within the warp diverge. The NVIDIA

Volta GV100 is the �rst architecture to support independent thread scheduling [93] as men-

tioned in section, however independent warp scheduling and sub-warp coalescing are not

implemented in GPGPU-sim, and it is assumed that their e�ect is only signi�cant for a niche

subset of workloads. Given the Pascal architecture single Program Counter and per-warp ac-

tive mask divergence model (were inter-warp threads cannot be coalesced), we aptly rede�ne

the IPC metric in terms of frontend instruction throughput as:

W_IPC =
warp_insn
total_cycles

=
scalar_thread_insn

total_cycles
�

warp_instructions
scalar_thread_insn

=
IPC

warp_size � warp_occupancy

(5.3)

Thus we can compare Warp IPC, which is a backend metric to its frontend equivalent. As de-

picted in Figure 5.16, when run with a saturated frontend, the backend throughput SM-wide

and temporal average is below the minimum frontend throughput (equivalent to 1 instruc-

tion fetched per SM-wide L1 Icache per cycle) for 83% of kernels. Collecting further live

runtime statistics on backend throughput would not be sensible since with such a low av-

erage, spikes in backend execution throughput would be amortized by the large number of

dispatch-ready instructions in the RRS in LOOG. Hence, the concept of frontend-throughput

bound workloads is not applicable to the GPU.
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(a) (b)

Figure 5.17: Fetch-Decode throughput throttling Delay overheads across
LOOG-sensitivity classes

In Figure 5.17a and Figure 5.17b, the Delay overhead for each of the scaled down Decoder

bandwidths and for each LOOG-sensitivity class is displayed.

In Table 5.9, the IPC, normalized to baseline frontend throughput (8 per SM per cycle or 2

per processing block per cycle) is presented for each of the throttled Fetch-Decode bandwidth

values. These values are normalized as explained above.

Evidently, LOOG-sensitive kernels su�er a greater overhead in smaller con�gurations due

to the increased backend instruction throughput. Despite the average backend throughput

being less than 2 for all kernels, as seen in Figure 5.16, throttling the Fetch-Decode through-

put to this value poses a signi�cant bottleneck for most kernels due to the aforementioned

spikes in backend throughput, that are evidently not totally amortized by the instructions

residing in the CUs. As seen in Table 5.9, this bottleneck causes a 2.63% and a 8.61% de-

lay overhead for LOOG-insensitive and LOOG-sensitive kernels respectively. From the last

column we conclude that Fetch-Decode throughput in LOOG and for GPGPU kernels can

be throttled to half of the baseline with insigni�cant delay overheads (less than 1% even for

LOOG-sensitive kernels). The power and area savings due to throttling in these stages and

the concomitant Issue stage are 4.57% and 0.22% respectively. As seen in Table 5.4. Note that

an IWindow of 2 in Table 5.4 is equivalent to a Fetch-Decode bandwidth of 2 per processing

block, therefore 8 in our current analysis. Hence, while scaling down the relevant structures

in the design would not be sensible, clock or power gating them would provide signi�cant en-

ergy e�ciency for GPGPU kernels even in LOOG. Due to the insigni�cant delay overheads in

the downscaled Decoder bandwidth con�guration, further simulations were performed with

the baseline Decoder bandwidth of 2 per SM partition.
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Decoder BW 1 2 3 4
LOOG-sensitive IPC 89,22% 97,43% 98,78% 99,88%
LOOG-insensitive IPC 74,43% 92,54% 98,84% 99,48%

Table 5.9:Average kernel IPC normalized to baseline frontend throughput (8)
for each of the Fetch-Decode bandwidths normalized to1_insn

SM �cycle . Issue sched-
uler throughput is 2 for all of the above con�gurations

5.7.2 Issue scheduling depth study

As depicted in Figures 5.17a and 5.17b , IPC tends to saturate asymptotically even when

approaching a decoder throughput of 4 per SM, half that of the actual fetch-decode through-

put of the Volta partitioned SM. However, it is worth noting that unexpected negative De-

lay overhead �uctuations before saturation are recorded. For a normalized Fetch-Decode

bandwidth of 2, a quartile of the distribution belongs in the range [0,-4%] and [0,-17%] for

LOOG-insensitive and LOOG-sensitive kernels respectively, thereby showing greater perfor-

mance in a smaller Fetch-Decode bandwidth con�guration. These random �uctuations were

correctly attributed to suboptimal instruction scheduling. In the original LOOG GTX1080Ti

implementation [14] , a Round-Robin instruction issue scheduler was used, presuming that

the instruction reordering taking place in the next stage would inherently not require a more

sophisticated scheduling policy. While LOOG remains insensitive to such sophisticated poli-

cies in the current implementation, a per-warp IWindow depth scheduling scheme was not

investigated. In the baseline model, 2 instructions are considered for scheduling by the Issue

scheduler every cycle per processing block, potentially from the same warp. We kept this

implementation, in contrast to the original LOOG implementation [14], thereby producing

the aforementioned �uctuations as explained below:

When con�guring the fetch-decode throughput to 1, the instruction bu�er of each warp

�lls with one instruction that is immediately scheduled for Issue as no scoreboard check

takes place in LOOG [12, 13]. Therefore, instructions are seamlessly scheduled in a per-warp

Breadth-First fashion. For a throughput of 2, the Depth-First scheduling that takes place in

our implementation, similar to the in-order baseline, causes seamless scheduling of 2 instruc-

tions per cycle from the same warp, immediately emptying the respective warp's instruction

bu�er and making it eligible for fetch. Note that for any throughput greater than 1, the

number of instructions scheduled is restricted by the Icache line size when approaching its

end. For a bigger throughput, 2 instructions are still Issued per cycle, however, not emptying

the IBu�er, thereby not making the current warp eligible again and causing fetch in other

warps as well,implementing a "fairer" scheduling policy that, evidently, produces worse IPC.

We conclude that prioritizing the execution of instructions from the same warp, when pos-

sible, improves performance in LOOG by enhancing the exploitable ILP when fewer warps

concurrently occupy the CUs.

To gain more insight in this behavior, we con�gure the Fetch, Decode and issue scheduler
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bandwidths to an unrealistic 16 per cycle, to Issue as many instructions as possible from

individual warps before switching, producing prohibitive Area and Power overheads as seen

in Table 5.4. Nevertheless, this is just to ease simulation and a low Area and Power overhead

implementation of such a mechanism is provided at the end of this subsection.

We test 5 di�erent Issue scheduling depth policies: Breadth-First Scheduling, where one

instruction is issue scheduled per warp before switching warps, similar to the original LOOG

implementation [14], and[2; 4; 8; 16]� deepDepth-First Scheduling, where for N-deep DFS,

the maximum number of instructions possible is scheduled from the same warp up to N,

before switching. The last con�guration fetches a whole Icache line each time. Results are

collected for both kernels and individual launches as well as LOOG-sensitivity classes.

As depicted in Figures 5.18a and 5.18b , a scheduler with the option to utilize Longer In-

struction Windows from individual warps, provides signi�cantly better results with LOOG,

especially for LOOG-sensitive applications. This improvement is saturated beyond 8 in-

structions. Speci�cally in Figure 5.18a we see a bias of single-launch kernels toward LOOG-

sensitivity that is extensively revisited in Section 5.8.2 .

(a) (b)

Figure 5.18:Delay improvement across Issue scheduling depths

IWindow 4 6 8 10 12 14 16
Fetch 0.03% 0.05% 0.08% 0.11% 0.14% 0.16% 0.19%
Decode 0.54% 1.09% 1.63% 2.17% 2.72% 3.26% 3.80%
Issue 0.16% 0.44% 0.77% 1.19% 1.77% 2.33% 3.00%
Total 0.73% 1.58% 2.48% 3.47% 4.62% 5.76% 6.99%

Table 5.10:Area overhead contribution of each stage in frontend scaling with
a baseline IWindow of 2

As mentioned before, all the above simulations were performed with an unrealsitic Area

and Power hungry IWindow to ease the implementation. This provides the required Depth-

First Scheduling but causes instructions to enter the pipeline in a faster rate as well and
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IWindow 4 6 8 10 12 14 16
Fetch 0.20% 0.39% 0.59% 0.79% 0.98% 1.18% 1.38%
Decode 3.86% 7.72% 11.58% 15.44% 19.30% 23.17% 27.03%
Issue 1.56% 4.09% 7.09% 11.70% 20.00% 28.79% 38.38%
Total 5.62% 12.21% 19.27% 27.93% 40.29% 53.13% 66.78%

Table 5.11:Power overhead contribution of each stage in frontend scaling with
a baseline IWindow of 2

(a) (b)

Figure 5.19:Frontend scaling Area and Power overheads (baseline IWindow
of 2)

occupy the CUs sooner, thereby falsely increasing the instruction reordering potential early

on. We speculate this exaggerated ILP exploitation due to higher frontend throughput, how-

ever, is minimal for all workloads, since the average backend throughput is less than a mere

2 instructions SM-wide (including the 4 processing blocks) per cycle even for the high-

est IPC kernels as depicted in Figure 5.16. Therefore, when con�guring the IWindow to
8_insn

processing _block�cycle (equivalent to 32 in Figure 5.16), the collector units are expected to �ll in

approximately 1 cycle instead of approximately 4 with the baseline Fetch-Decode throughput

con�guration of 2_insn
processing _block�cycle in section "Fetch-Decode stage Bandwidth study", gaining

an insigni�cant head start. When full, behavior of the baseline and exaggerated IWindow is

identical, save for the Issue scheduling depth, which can be emulated as described below.

Issue scheduling at the correct depth

Since frontend throughput is not signi�cant for the instruction scheduling scheme described

in this section, an Issue scheduler needs to be implemented that provides scheduling in the

same order among warps with a lower instruction window. For an IWindow of 16 (where

the performance increase from increased scheduling depth is evidently approximately satu-

rated in Figure 5.18a), the addition of a 3-bit Fetch-Decode counter is required to provide this
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behavior. Since instruction Fetching and Decoding happens at a rate of 2 per cycle per pro-

cessing block, the same warp needs to be prioritized every cycle, incrementing the respective

counter, up to a total of 8 times or an Icache miss, when priority is given to the next warp. In

the Issue stage, switching of the prioritized warp happens when the current warp's entries

are emptied, following the aforementioned events. Thus, the same scheduling behavior is

provided with a smaller Iwindow of 2, as in the baseline.

Due to the inherent error in the above speculations, this study is kept separate and for the

results presented in this thesis, LOOG is con�gured with an 2-deep Depth-First Issue Sched-

uler, thereby Fetching, Decoding and Issuing 2_insn
processing _block�cycle as in the baseline model.

Algorithm 3
Warp instruction depth scheduling

order_warps_RR()
total_issued = 0
while total_issued < max_issue_per_cycledo

get_next_warp()
issued = 0
while issued < issue_depth && total_issued < max_issue_per_cycledo

if !ibu�er_empty() && !warp_waiting() && pipeline_avail()then
issue_instruction()
issued += 1
total_issued += 1

else
break

end if
end while

end while

5.7.3 Instruction Bu�er recon�guration

LOOG improvement on deeper Issue scheduling Instruction Windows raised the issue of

inter-warp homogeneity regarding exploitable ILP. Since LOOG-sensitive kernels bene�t

more from deeper Issue scheduling windows, by having less warps concurrently utilize the

Operand Collector and bene�t from more aggressive reordering, it naturally follows that

in the presence of inter-warp ILP heterogeneity more concurrent Operand Collector access

should be given to high-ILP warps.

Using GPGPU-Sim, we collected per-warp and per-kernel-launch "recon�guration met-

rics", elaborated on below, representing exploitable warp ILP for the whole kernel's runtime.

Given the wide distribution of the aforementioned metrics across warps for most kernels,

we make the per-warp Ibu�er partitioning con�gurable instead of static (as in the baseline

model [24] ) and ensure that it adapts to the respective warp's exploitable ILP at runtime.

An Ibu�er recon�guration controller was implemented in GPGPU-sim providing the needed
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functionality. It uses a recon�guration policy and a per-warp recorded recon�guration met-

ric, dynamically modifying the Ibu�er to suit each warp's exploitable Instruction window

depth.

The following analysis on the recon�guration metrics is performed on the basis of kernel

launch statistics instead of cumulative kernel statistics, normalized to the per-launch max-

imum and only regarding active warp slots. For instance, given a warp with 8 active warp

slots, only those are used in further calculations and all the relative metrics are normalized

to the highest value among them, as depicted in Figure 5.20 . As described in section, upon

instruction Issue and CU allocation, the Register Alias Table (indexed by register ID and warp

ID, containing a Collector Unit ID) is read once for each source operand. It is also updated

so that the destination register points to the allocated CU [14]. Total RAT entries essentially

represent the average destination registers per instruction for each warp. Since these regis-

ters are source operands for subsequent dependent instructions, total RAT entries provide a

vague measure of per-warp average instruction dependencies, therefore, a reverse measure

of the exploitable ILP of a warp. The per-warp standard deviation of the total RAT entries

vector across launches is depicted in Figure 5.22b.

Used RAT entries recon�guration metric

Since a destination register may be used multiple times as a source operand and given that

dependent instructions may present far down the instruction stream, essentially making the

dependency irrelevant for the Instruction Windows we examine, used RAT entries provide a

more accurate reverse measure of exploitable ILP. Each time a CU ID is read from the RAT

for a source operand, a per-warp used RAT entries counter is incremented. Thus, both of

the above concerns are addressed. Used RAT entries are roughly the equivalent of Score-

board collisions in the baseline in-order model. It could be argued that used RAT entries

should be used to prioritize warps, since RAT entry usage equates to less high-latency Reg-

ister File reads and tra�c. However, in the presence of used RAT entries, more instructions

concurrently occupy the CUs, preventing other independent instructions from entering and

potentially being immediately scheduled for Dispatch. As seen in Figure 5.13b, a signi�cant

fraction of kernels completely occupy the CUs for their whole execution. Therefore utiliz-

ing used RAT entries to de-prioritize warps, provides a smooth instruction scheduling to the

backend for warps with independent instructions. Warps with high dependencies can occupy

the CUs when the former have exhausted their IWindow or encountered Icache stalls. RAT

entry usage widely varies across launches, as seen in Figure 5.22a, where kernel launches

are sorted by their maximum percentile RAT entry usage across all their active warps. In

Figure 5.23a, the standard deviation of normalized RAT entry usage is provided. Figure 5.21a

and Figure 5.21b depict the per-kernel-launch and per-warp total RAT entries and RAT entry

usage respectively, sorted by the standard deviations provided above, showing signi�cant

variance.
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Warp readiness recon�guration metric

In the Fetch stage, a warp is considered ready (eligible for instruction Fetch) if it has not

terminated, has no pending Icache misses and all its IBu�er entries are empty. Hence, warp

readiness varies among warps in the presence of control hazards due to loops, causing more

Icache hits (the only signi�cant source of Icache hits, save for subsequent instructions on

the same cache line, since there is no prefetching) and due to Issue scheduling preference

of the respective warps, causing frequent emptying of their IBu�er entries. We collect the

per-launch and per-warp statistics regarding warp readiness. Across launches, the standard

deviation of (normalized to per-launch max) warp readiness is depicted in Figure 5.23. Ev-

idently, the distribution for this metric is wider than both total RAT entries and used RAT

entries, with more kernel launches exhibiting high variance among their active warps. This

potentially explains the superior results provided below by this metric, by prioritizing less

warps more heavily. Another factor that explains said results is the more prominent "snow-

ball e�ect" by recon�guring with this metric. When a warp is prioritized for Issue, its readi-

ness metric is increased, providing even higher priority to it and so on. This happens to a

greater extent than with the above metrics.

Split recon�guration policy

When using the Split policy shown in Equation 5.4, available Ibu�er entries are split fairly

among warps. The �rst line in Equation 5.4 corresponds to reverse recon�guration metrics

such as used RAT entries, while the second line corresponds to direct recon�guration metrics,

such as warp readiness.

warp_score=
1

1 + reverse_reconf _metric

warp_score= reconf _metric

total_score=
X

warp 2 Ready_W arps

warp_score(warp)

warp_entry_pool=
X

warp 2 Ready_W arps

current _entries(warp)

entries(warp) = f loor (warp_entry_pool�
warp_score
total_score

)

remaining _entries = warp_entry_pool�
X

warp 2 Ready_W arps

entries(warp)

remaining _score(warp) =
warp_score
total_score

� f loor (
warp_score
total_score

)

(5.4)

Remaining entries are distributed among warps based on remaining_score.
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Winner-take-all recon�guration policy

Winner-take-all policy greedily redistributes available entries among warps with the high-

est scores. Warp scores, total scores and the warp entry pool is calculated as in Equation

5.4.Redistribution of entries takes place as described in Algorithm 4.

Algorithm 4
Winner-take-all IBu�er recon�guration policy

sort_warps_by_score()
while warp_entry_pooldo

warp = get_next_warp()
entries[warp] = min(max_entries_per_warp, warp_entry_pool)
warp_entry_pool -= entries[warp]

end while

IBu�er recon�guration results

The results provided by combining the two recon�guration policies with the two metrics,

across kernels are depicted in Figure 5.24a, Figures 5.24b, 5.24c and 5.24d. Split policy using

a warp readiness metric provides signi�cant results, with an average 1.8% speedup over all

kernels and 4.4% for LOOG-sensitive kernels, up to 10.2%.

Figure 5.20:Data visualization provided in Figure 5.21

5.8 Out-Of-Order recon�guration

5.8.1 Observations leading to Collector Unit recon�guration

The analysis presented in Section 5.3 regarding exploitable ILP, provided us with insight into

kernel categories characterized by diverse features (compute-intensive kernels, cache-bound

kernels with separate Data load and compute phases) whose ILP can be leveraged to yield sig-

ni�cant speedup with LOOG. Furthermore, the examination of the signi�cant performance
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(a) RAT entries total (b)RAT entries used

Figure 5.21:RAT entries and used RAT entries normalized to the per-kernel
maximum across warps, as seen in Figure 5.20

(a)Maximum RAT entry usage among warps
per kernel, with kernels sorted

(b)Per-launch std of per-warp total RAT en-
tries normalized to launch maximum

Figure 5.22:Measures of total and used RAT entries deviation

scaling as well as Area and Power overhead scaling in Section 5.6.3 lead to the realization that

optimizing performance or �gures of merit accounting for Power dissipation (PDP, EDP) re-

quires highly varying Collector Unit con�gurations for di�erent kernels. Speci�cally, scaling

the CUs produces enough of a performance increase for some workloads (LOOG-sensitive)

that justi�es the power and area overhead of the largest con�gurations, while for others, no

LOOG con�guration provides a big enough speedup to justify the overheads.

As depicted in Figure 5.15c in section Section 5.6.3 , IPC is saturated after a certain point

(slightly varying across workloads) with increasing CU numbers, while performance and

power continue to increase linearly with the CU - RF crossbar outputs. The performance im-

provement distribution is anomalous, with the subset of LOOG-sensitive kernels improving

greatly on LOOG. LOOG improvements from baseline for di�erent percentiles of saturated

improvement are more accurately presented in Table 5.12
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(a) Used RAT entries (b)Warp readiness

Figure 5.23:Per-warp STD of recon�guration metrics normalized to maximum,
across kernel launches

(a) Split policy and Used RAT entries metric (b)Split policy and Warp Readiness metric

(c) Winner-Take-All policy and Used RAT entries
metric

(d) Winner-Take-All policy and Warp Readiness
metric

Figure 5.24:IPC improvement across Ibu�er recon�guration metrics and poli-
cies

It naturally follows that the number of Collector Unit is a major potential axis of recon-

�guration, solely corresponding to the size of LOOG, since the bandwidth of frontend com-

ponents has been addressed in Section 5.7. As demonstrated in Section 5.7.1 , performance
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8_CUs 16_CUs 24_CUs 32_CUs 40_CUs 48_CUs 56_CUs 64_CUs

90th 55.39% 97.63% 121.77% 138.65% 146.71% 148.84% 148.85% 148.89%
80th 43.50% 71.17% 82.92% 89.10% 99.94% 104.97% 105.10% 105.40%
70th 27.65% 49.72% 58.13% 68.07% 76.13% 78.74% 79.66% 79.50%
60th 22.42% 34.69% 40.89% 46.32% 49.84% 49.12% 49.31% 49.41%
50th 17.32% 29.35% 31.58% 32.18% 33.26% 33.39% 32.79% 32.77%
AVG 22.50% 40.32% 49.15% 55.24% 59.44% 60.79% 60.96% 60.93%

Table 5.12: IPC increase across CU con�gurations for saturated LOOG im-
provement percentiles

gain by scaling the decoder throughput is saturated and as examined in Section 5.7.3 , there is

signi�cant potential for performance improvement when recon�guring Ibu�er entries. How-

ever, the most signi�cant performance improvement in LOOG comes from increasing the

number of Collector Units, as presented in Section 5.6.3 . Given that in LOOG, CUs act as

the equivalent of Reservation Stations in the Tomasulo algorithm, an increasing number of

instructions concurrently occupying CUs equates to greater reordering potential as well as

Register File reads avoided, as said instructions have their source operands �lled in one cycle

by listening to a common data bus for instructions writing on the respective registers. In this

section, it is crucial to determine the aforementioned spectrum of optimal CU con�guration

for each workload based on �gures of merit, that will potentially allow us to exclude parts

of the design space that are optimal for no launches at all. Given these con�gurations, the

maximum bene�t in terms of Energy e�ciency optimization will be provided with minimal

performance deterioration from the biggest scale-up LOOG con�gurations.

5.8.2 Behavior of individual kernel launches with LOOG

Recon�guring the architecture by power gating poses signi�cant energy and delay (wake-up

time) overheads that can be traded o�. In order to introduce minimal energy overheads, we

need to amortize them over long delays, potentially in the order of microseconds. With a

boost clock of 1530 MHz in Quadro GV100 [49] , this equates to several thousands of cycles

in the SM clock domain. In [108], the CUDA API call latencies such ascudaMemcpy() and

cudaLaunch() are determined and it is proven that they all surpass 1 microsecond, hence,

o�oading a kernel to the GPU lasts at least several microseconds. Therefore, as individual

kernel launches provide the �nest granularity we can opt for in terms of recon�guration

without introducing performance degradation during execution, it is imperative to exam-

ine kernel behavior regarding launches (calls/invocations). "Kernel launches" will be used

interchangeably with "kernel invocations" in the rest of this thesis.

Regarding the number of launches for the kernels under examination, in Table 3.1 42% of

the kernels had one launch in total. The distribution of number of launches for the rest of the

kernels is depicted in Figure 5.26. Note that said percentages may slightly vary as workloads
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(a) Dynamic SFU instructions (b)Dynamic SP instructions

(c) Dynamic shared memory instructions (d) Saturated DeltaIPC - invocations

Figure 5.25: Various types of dynamic instructions overall, associated with
the number of invocations of their kernel. High launch kernels are memory-

intensive

run across di�erent con�gurations introduced di�erent simulation overheads, prohibiting

statistics collection among some of them and restricting our analysis to those that provided

results for all the con�gurations.

It is worth noting, that as previously observed, kernels that are invoked multiple times

tend to be signi�cantly less LOOG-sensitive. This correlation was thought to be explained in

theory by the assumption that more frequently invoked kernels tend to have less instructions

and execute for less cycles, therefore failing to �ll up the caches and consequently stalling

more and not improving by OOO execution, as explained in Section 5.3 . This assumption

proved to be false and it was determined that multi-launch kernels tend to have more mem-

ory instructions overall, therefore longer latency operations on average, making them less

LOOG-sensitive. As depicted in Figure 5.25b, 5.25c and 5.25a, there is a clear correlation

between SFU instructions and Number of invocations. The vast majority of kernels with a

signi�cant number of SFU instructions overall are invoked just once. An even stronger neg-

ative correlation exists between SP instructions and number of invocations. Shared memory
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Figure 5.26:Number of invocations (launches) across all kernels examined

instructions naturally increase with more kernel launches, given the mutually exclusive re-

lationship between most types of memory operations and other pipelines. Evidently, multi-

launch kernels tend to be memory intensive contrary to single-launch kernels whose vast

majority tends to be compute intensive and speci�cally highly utilize the SFU pipeline. An-

other related explanation is the strong correlation exhibited between constant memory pa-

rameter memory warp instructions and constant memory operations. As seen in Figure 5.27b,

constant memory accesses of our workloads are mostly correlated to parameter memory in-

structions. Indeed, this is due to low total runtimes. Saturated IPC improvement in LOOG

is strongly negatively correlated with (Figure 5.27a) with constant memory instructions as

explained above, given that reordering parameter memory operations does not provide any

performance gains. Low launch runtime, therefore, is a signi�cant consideration when pro�l-

ing kernels according to LOOG improvement, as the cost of having high parameter memory

operations overall is not amortized over the whole execution below certain runtimes. This is

manifested further in section, where it is proven that total launch runtime is a highly signif-

icant feature for predicting saturated LOOG IPC improvement from hardware performance

counters.

This skewed distribution produces di�erent results for kernels and launches in all levels of

the analysis. Results will mainly be presented across cumulative kernel statistics or individual

kernel launch statistics and across LOOG-sensitivity classes. Plots regarding percentiles of a

given metric for the set of workloads are always per-kernel, as percentiles would be heavily

skewed towards multi-launch kernels.
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(a) Saturated IPC improvement in LOOG is
inversely proportional to L1C accesses

(b)The majority of L1 constant accesses ser-
vice parameter memory instructions

Figure 5.27:Saturated LOOG IPC improvement correlation with L1C and pa-
rameter memory accesses

5.8.3 Figures of merit used in our analysis

De�ning the optimal recon�guration is relative to the required �gure of merit, representing

some sort of e�ciency domain we need to optimize. Since performance improvement with

LOOG is asymptotically saturated for CU values less than 48 and totally saturated for greater

values, we do not de�ne the optimal con�guration based on performance as the maximum

available CUs, instead we use the saturated IPC improvement metric. Figures of merit taking

power into account as well are used along with it:

ˆ Saturated 98% IPC improvement

Considered to be optimized when the current con�guration provides performance within

of an arbitrary 2% of the saturated improvement performance (maximum achievable

IPC improvement on the most scale-up LOOG con�guration).

ˆ Saturated 95% IPC improvement

The provided IPC should be within 5% of the maximum achievable IPC improvement.

ˆ Power-Delay Product

Equivalent to the total energy dissipation of the application.

ˆ Energy-Delay Product

Equivalent toPower � Delay2 Product, taking delay into greater account.

These are the metrics our recon�guration model will be evaluated upon as well, relative to

their optimal values. We will often refer to them as "recon�guration metrics".

5.8.4 Classifying the types of recon�guration examined

In this subsection, we classify the types of recon�guration our implementation provides by

three di�erent characteristics. Generally, the optimal con�gurations are inferred and applied
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to the microarchitecture by a recon�guration controller which receives input according to

its level of implementation and on a varying temporal granularity.

Based on the level of recon�guration controller implementation

Software level Referring to the implementation of a software recon�guration controller

that can even utilize launch-level execution information retrospectively to provide new

suitable con�gurations.

Hardware level Regarding the implementation of a hardware controller that can only uti-

lize runtime metrics from hardware counters of the current kernel launch.

Based on the input to the controller

Optimal recon�guration When optimally recon�guring the microarchitecture, it is as-

sumed that the most suitable con�gurations for each application and metric are known

in advance. This is provided by storing workload scalability characteristics based on

previous executions on a kernel-launch granularity and on all the available con�gu-

rations. Hence, only a software implementation of the controller can provide optimal

recon�guration.

Runtime recon�guration When recon�guring during runtime, the only source of infor-

mation regarding application scalability are the values of hardware performance coun-

ters, that can be utilized at both levels of implementation.

Based on the temporal granularity of recon�guration

Static / Whole-kernel recon�guration In whole-kernel recon�guration, it is hypothesized

that cumulative measures regarding scalability have been previously collected over all

of the kernel's launches and used to pro�le the kernel.

Semi-dynamic / per-launch recon�guration In semi-dynamic recon�guration, the ker-

nel is pro�led on a per-launch granularity and the microarchitecture is likewise recon-

�gured. In the scope of this thesis, only optimal recon�guration is examined with a

per-launch granularity.

First-launch recon�guration In �rst-launch recon�guration, the kernel is pro�led based

on scalability measures collected on its �rst launch and the resulting optimal con�gu-

ration is applied to all its subsequent launches.

Regarding �rst-launch recon�guration, it is noted that all kernel pro�ling with our model

presented in section 5.8.7 is done with hardware counters from the inorder con�guration.

Pro�ling based on other initial con�gurations would require multiple models, unless the in-

order model with its optimal features and �tted coe�cients can su�ciently predict optimal
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Figure 5.28:Types of recon�guration examined, varying in temporal granu-
larity

recon�gurations from counters produced by scale-up initial con�gurations, which remains

to be examined. In Figure 5.28, all recon�guration schemes based on temporal granularity

are presented.

5.8.5 Optimal con�gurations

Optimal static recon�guration(whole-kernel recon�guration) assumes perfect knowledge of

the optimal con�guration for all of the kernel's launches cumulatively (given the recon�gu-

ration metric at hand) and applies it for its whole execution.Optimal launch recon�guration

(equivalent to "Optimal semi-dynamic recon�guration") refers to recon�guring for all of the

kernel's launches based on the optimal CU con�guration in a per-launch granularity for the
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given metric. As already mentioned, the observation that the IPC increase is generally sat-

urated beyond 48 collector units sets the limit for OOO right-sizing, as processor area and

power continue to increase beyond that point. No kernels and scarce kernel invocations were

found to behave optimally beyond 48 collector units, therefore such designs are excluded

from our analysis. To produce optimal recon�guration results it is crucial to determine the

per-kernel and per-launch con�guration that optimizes the metric at hand, based on the met-

rics de�ned above. Determining the results of optimal recon�guration sets the limit for any

actual recon�guration methods we shall implement. In plots??and??, optimal con�gura-

tions are depicted for both LOOG-sensitive and LOOG-insensitive classes of kernels, across

all metrics. As expected, in Figure 5.29e it is seen that a higher percentage of the kernels rela-

tive to launches saturate at the highest of CU con�gurations. The aforementioned skewing of

optimal con�gurations for whole kernels towards bigger CU con�gurations is not observed

to as big a degree. It is apparent that for higher values of saturated OOO IPC, saturation often

tends to happen in smaller con�gurations. It is newly seen that most of the launches saturate

at 24 CUs, while optimization in inorder and small LOOG con�gurations is almost monopo-

lized by kernels. Therefore the average kernel tends to have a wider saturation distribution,

while the average launch saturates in medium con�gurations. As observed in Figure 5.29a,

virtually none of the LOOG-insensitive launches saturate in the baseline con�guration and

none of the LOOG-sensitive launches saturate below 24 CUs. 36% of the LOOG-insensitive

launches saturate at 24 CUs and the median saturation value is 32 CUs. 72% of the LOOG-

sensitive launches saturate at 40 CUs, which is the median optimization value. In Figure 5.29c

it is seen that for LOOG-sensitive whole kernels, the median saturation value is 40CUs, while

for LOOG-insensitive kernels it is 32 CUs, the same as launches with a smoother distribution.

As was expected from the previous analysis, in Figure 5.29f it is seen that whole kernels

monopolize the highest scale-up CU con�gurations due to LOOG-sensitivity, but also the in-

order con�guration, where 30.3% of kernels are optimized. Once again it is seen that launches

tend to occupy the center of the distribution, and be distributed smoothly, Contrarily, whole

kernels tend to have a smooth distribution only beyond the inorder threshold. Indeed, when

observing Figure 5.15b, it is clear that� Power from 8 CUs to 16 CUs is more than double

the transition from inorder to minimum LOOG. This creates a signi�cant threshold when

con�guring to minimum LOOG that is easily surpassed for bigger CU con�gurations. Since

LOOG-sensitive kernels are only de�ned by their speedup in the biggest scale-up LOOG

con�guration, those that saturate slower with regards to CU scaling tend to optimize PDP in

smaller LOOG con�gurations, as seen in Figure 5.29b. The narrower distribution pointed out

for the saturation metric for launches compared to whole kernels, is seen for the PDP metric

as well in Figure 5.29d

The observations made earlier regarding the "improvement threshold" from inorder to

minimum LOOG do not apply to EDP, as factoring in delay to a greater degree eradicates
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(a)sat98,launches, LOOG-sensitivity(b)PDP, kernels, LOOG-sensitivity

(c) sat98, kernels, LOOG-sensitivity(d) PDP, launches, LOOG-sensitivity

(e)sat98, kernels and launches (f) PDP, kernels and launches

(g) EDP, launches, LOOG-sens (h) EDP, kernels, LOOG-sens (i) EDP, kernels and launches

Figure 5.29:Optimal CU con�gurations across kernels or launches, recon�gu-
ration metrics and LOOG-sensitivity classes
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it. Whole kernels and launches are evenly distributed across con�gurations, with the me-

dian optimal value for both being 24 CUs, as seen in Figure 5.29i, while LOOG-sensitive

kernel distribution is zero up to 16 CUs and LOOG-insensitive whole kernel distribution is

uniform in low con�gurations, as depicted in Figure 5.29h. In Figure 5.29g, it is apparent

that LOOG-sensitive launches are heavily biased towards 40 CUs, while the median value for

LOOG-insensitive launches is 24 CUs.

The above observations are summarized in Table 5.13:

Values 98% saturation PDP EDP
LOOG-sensitive

min 24 16 24
max 48 48 48

median 40 32 40
LOOG-insensitive

min inorder inorder inorder
max 48 48 48

median 32 16 16

Table 5.13: Distribution parameters for optimal con�gurations based on the
provided metrics across kernels

Presenting the respective kernel launch distribution table would be super�uous as the

launch distribution limits are identical to whole kernels and medians are skewed. Having per-

formed optimal static recon�guration on all 100 kernels tested, based on all the optimization

metrics de�ned, we analyze the average delay improvement and energy dissipation change

both for single-launch and multi-launch kernels. Plots 5.31a and 5.31 clearly depict the ob-

servation that multi-launch kernels tend to not be LOOG-sensitive. Static recon�guration

average Delay and Energy similarly di�ers for single- and multi-launch kernel classes across

all metrics , manifesting this inclination. It is further observed that all metrics yield similar

results, except 98% saturation which is the most strictest performance metric, yielding the

top performance improvement at -25% Delay for multiple-launch kernels and -31% for single

launch kernels and the lowest Energy improvement at -19.4% for single launch kernels and

-13.5% for multiple-launch kernels. Evidently, the less LOOG-sensitive, on average, multi-

launch kernels are better suited in smaller CU con�gurations but the single launch kernels

improve enough in higher con�gurations, to o�set the power overhead to negative with more

signi�cant performance gains. The highest energy improvement is, as expected, provided by

the PDP metric at -22.3% for single launch and -16.3% for multiple-launch kernels.

Single launch kernel optimization of PDP,EDP,95% saturation

Examining the behavior of single-launch kernels more closely, we collect statistics on de-

lay deterioration for the optimization of all the other metrics, when comparing to the most
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Figure 5.30:LOOG DeltaIPC from the baseline (inorder) microarchitecture

strict performance metric, 98% IPC saturation. Since single launch kernels are biased towards

LOOG-sensitivity, we expect optimization of power metrics to frequently coincide with IPC

saturation. As seen in Figure 5.32a, optimizing for the other metrics, causes an expected

slight deterioration in delay compared to 98%sat. A 3.4% deterioration is observed for both

95% saturation and PDP metrics, while a 1.4% deterioration is observed for EDP. It is worth

noting that in both the distributions factoring in power there are some outliers not seen in

the saturation distribution, due to LOOG-insensitive kernels that do not gain enough of a

speed-up, and occupy smaller con�gurations to optimize power. As for the power delta, in

Figure 5.32 we observe that an average - 1.1%, -1.4% and -0.9% energy delta is produced by the

95% IPC saturation, PDP and EDP metrics respectively. The above positive delay deltas and

negative delay deltas are produced by the smaller LOOG con�gurations kernels are forced

to occupy when optimizing metrics other than top IPC saturation. Optimal con�gurations

for outliers of these distributions are in Table 5.14. As expected, these kernels do not gain a

su�cient OOO performance increase in order to minimize their PDP in any LOOG con�gu-

ration. Optimally con�guring for them, comes with a mediocre delay overhead of less than

18% and their energy overhead is avoided.

Single launch kernels optimal recon�guration

Optimally recon�guring for single launch kernels based on optimization of all of the metrics

de�ned, we receive results for mean delay improvement and mean energy e�ciency across

all kernels and LOOG-sensitivity classes in Table 5.15.
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(a) Delay improvement (b)Energy improvement

Figure 5.31: Whole kernel (static) recon�guration improvement per kernel
type regarding launches

98% Saturation PDP EDP 95% Saturation

testJoin_4 48_CUs inorder 48_CUs 32_CUs
testJoin_3 48_CUs inorder inorder 40_CUs
lonestar-bfs-wlc_1 48_CUs inorder 16_CUs 24_CUs
lonestar-bfs-atomic_1 32_CUs inorder 32_CUs 24_CUs
lonestar-bfs-wlc_2 40_CUs inorder inorder inorder
testJoin_2 48_CUs inorder inorder inorder
lonestar-sssp_1 40_CUs inorder 24_CUs 24_CUs
polybench-gramschmidt_2 40_CUs inorder inorder 40_CUs
lonestar-bfs-wlw_2 48_CUs inorder 16_CUs 32_CUs

Table 5.14:Outliers of the distributions in Figures 5.32a and 5.32 that optimize
energy e�ciency in the inorder con�guration

(a) Delay overhead from 98% IPC satu-
ration

(b)Energy improvement from 98% IPC
saturation

Figure 5.32: Energy improvement and Delay deterioration when optimizing
metrics other than 98% IPC saturation
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95% sat 98% sat PDP EDP
Delay

Total -29.4% -30.1% -28.2% -30%
LOOG-sensitive -59.8% -60% -60% -60%

Energy
Total -20% -19% -21% -20%
LOOG-sensitive -53% -52.9% -52.8% -52.8%

Table 5.15:Single launch optimal recon�guration results relative to baseline
across metrics and LOOG-sensitivity classes

It is noted that as seen in the Energy distributions in Figure 5.33c, apart from the expected

PDP optimization, a set of kernels does not gain a signi�cant enough speedup in order to

o�set the power overhead of bigger LOOG con�gurations. These kernels represent 25% for

the 95% saturation and EDP metrics, and 27% for the 98% saturation metric. As seen in Figure

5.33d, all LOOG-sensitive kernels reduce Energy dissipation by at least 38% when optimally

con�gured.

Multiple launch kernels

In this subsection, we determine whether optimally pro�ling a multi-launch kernel based

on cumulative characteristics on its whole execution is su�cient for optimally recon�guring

for all of its launches individually. Stated di�erently, we investigate the inter-kernel-launch

scalability behavior consistency with LOOG and compare the optimal whole kernel recon-

�guration to the optimal semi-dynamic recon�guration seen in Figure 5.28.

In order to evaluate static recon�guration schemes, it is imperative to examine the po-

tential gain from optimal semi-dynamic recon�guration. Delay and Energy statistics were

collected on this basis and compared to the static recon�guration optimal results.

The median value for kernel launches of multi-launch kernels is 7. The relevant statistics

were analyzed for two groups of multi-launch kernels, above and below that threshold, to

determine compare the improvement deltas on a both a coarser- and �ner-grain recon�gura-

tion scheme. As seen in Figures 5.34a and 5.34b, the distribution averages of deltas for delay

and energy when con�guring on a per-launch basis and using the appropriate metric (IPC

saturation for delay and PDP for energy) do not di�er signi�cantly from static recon�gura-

tion. A -0.7% and a - 1.1% delay is provided for multi-launch kernels with less than 7 launches

and multi-launch kernels with more than 7 launches, on average, respectively. A - 0.8% and a

-0.9% energy overhead is avoided. Overheads of optimal static recon�guration compared to

optimal semi-dynamic recon�guration for the LOOG-sensitivity classes do not signi�cantly

di�er and are not plotted. A reason for this is the tendency towards LOOG-insensitivity for

multi-launch kernels, and another is asymptotic delay behavior on scale-up con�gurations,

as well as declining power ratios, making a one-o� optimal con�guration error less signif-

icant in scale-up LOOG. Apart from a few outliers with an exaggerated amount of kernel
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(a) Delay, generic kernels (b)Delay, LOOG-sensitive kernels

(c) Energy, generic kernels (d) Energy, LOOG-sensitive kernels

Figure 5.33:Single launch kernels optimal recon�guration Delay and Energy
improvement for generic and LOOG-sensitive kernels across recon�guration

metrics

launches seen in Table 5.16 , whose inputs and parameters possibly change over time, results

are alike for the two groups based on number of launches. Evidently, even a small number of

invocations is enough for the error due to imperfect recon�guration to be completely amor-

tized for most kernels. As expected, the distribution medians of energy and delay di�erence

are slightly greater for kernels with more than 7 launches, owing to the fact that kernels with

very few launches do not bene�t as much from �ne grain recon�guration. It is also evident

that simplifying the recon�guration scheme by using cumulative kernel metrics comes with

a mostly negligible overhead of 1% that only becomes signi�cant in fringe cases.

Benchmark suite Name Description Characteristics Kernels Launches deltaDelay deltaEnergy
Rodinia-3.1 NW Sequence alignment Compute intensive 1 104 -2.4% -4.3%
Rodinia-3.1 CFD Fluid Dynamics Compute intensive 3 15 -2% -3.5%
Polybench 3DConvolution 3D �ltering Compute & BW 1 32 -1.8% -3%
SHOC Spmv Sparse Vector Mul Sparse lin Algebra 1 129 -2.1% -4.1%
SHOC Scan Parallel Scan Memory BW 3 45 -1.8% -3.1%

Table 5.16:Multi-launch kernels with inconsistent OOO scalability behavior
among launches
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(a) Delay (b)Energy

Figure 5.34:Per-launch (semi-dynamic) optimal recon�guration Delay and En-
ergy improvement compared to optimal static recon�guration. This �ner gran-

ularity is not worthwhile

Considering these results, it is sensible to examine whether optimally pro�ling the �rst

launch provides a decently suited con�guration for the rest of the kernel's execution. As

depicted in Figure 5.35a, a 2.6% and a 3.9% average delay overhead is introduced for multi-

launch kernels with less than 7 launches and more than 7 launches respectively, when ap-

plying �rst-launch optimal recon�guration compared to optimal static recon�guration. The

respective energy overheads are 1.2% and 2.6%, as seen in Figure 5.35b. This motivates the

implementation of a hardware recon�guration controller that pro�les the �rst launch of a

kernel regarding OOO scalability and applies the con�guration best suited to it, to the rest

of its execution. This implementation is presented in Section 5.8.6.

5.8.6 Predicting optimal con�gurations at runtime

As explained in Section 5.8.2 and seen in Figure 5.28 , kernel launches represent the �nest

granularity for microarchitecture recon�guration that does not impose signi�cant delay over-

heads, as recon�guration can happen in Idle periods of the GPU between launches. As out-

lined in Section 5.6.3, optimal con�gurations for each application based on our de�ned met-

rics (IPC saturation, PDP, EDP) essentially depend on two application characteristics:

ˆ Application OOO scalability, essentially measured by its saturated IPC improvement

on LOOG.

ˆ Rate of performance saturation, referring to the scale-up LOOG con�guration beyond

which virtually no performance improvement is obtained. Such varying rates can be

seen in Figures 5.29e, 5.29c and 5.29a.

Considering that optimal static (whole-kernel) recon�guration and optimal �rst-launch re-

con�guration closely approximate optimal semi-dynamic recon�guration (as seen in Figures
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(a) Delay overhead (b)Energy overhead

Figure 5.35:First-launch optimal recon�guration Delay and Energy overheads
compared to optimal static recon�guration

5.34 and 5.35), we set out to implement a predictor that uses hardware performance counters

on runtime to output measures for both the above parameters and, thus, perform �rst-launch

recon�guration. Each kernel's �rst launch is initially run on the in-order con�guration. The

aforementioned performance counters are collected throughout its execution. The hardware

recon�guration controller is essentially a multivariate regressor �tted on these counters, that

predicts application behavior in scale-up con�gurations as explained in the rest of this sub-

section. It would be sensible to treat this problem as a classi�cation problem, since the nature

of target variable is categorical (7 possible con�gurations). However by treating it as a re-

gression problem, we exclude the recon�guration metric that should be taken into account in

categorization, requiring a separate model for each metric. We only factor it in after having

predicted scalability behavior. Moreover, the regressor is less error-prone due to the asymp-

totic nature of the target variable. This method exclusively concerns multiple-launch kernels,

but can be extended to single-launch kernels in the form of an online dynamic recon�gura-

tion controller. A meticulous recon�guration overhead study would be required as well as

determining optimal sampling periods, switching control algorithms and break-even periods.

Predicting application OOO scalability

Multiple regression models were tested to predict saturated LOOG improvement (essentially

a measure of OOO scalability) from the metrics collected on all levels of workload charac-

terization. The cross validation RMSE scores for all the models �tted are plotted in Figure

5.36. Due to the non-linear correlations in the data, and its categorical aspect, Decision Tree

and Random Forest models provide the best �tting. Decision tree is selected due to ease of

implementation.

A linear regression model was initially tested, with its most important features depicted

in Figure 5.37. Features with negative coe�cients are colored red. As extensively discussed
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Figure 5.36:Cross validation RMSE scores for all regressors �tted on the data

Figure 5.37:Most important features for multivariate linear regression �tted
on the data

in Section 5.3, runtime statistics associated with memory accesses (Global accesses, MEM

dispatch stalls, L1 Data pending hits -requests for in-�ight misses-) are negatively correlated

with speedup on LOOG con�gurations, while those signifying high instruction throughput

are positively correlated. Nevertheless, the Linear Regressor provided the worst results, as

seen in Figure 5.36. The correlation of the target variable to the Regressor's most important

feature, seen in Figure 5.38 is hardly linear.

The train set comprised all 42 single-launch kernels as well as 28 multi-launch kernels

and the test set contained the remaining 40 multi-launch kernels. Fitting was performed on

cumulative whole-kernel statistics (averaged out over all launches for multi-launch kernels).

To avoid over�tting and due to the prohibitive size of the training data for cross-validation,

the model selected provided an RMSE within 5% of the median of 100 �ttings (�nal RMSE of

0.12 and a MAPE of 27%).

Predicting performance improvement for intermediate LOOG con�gurations

In theory, we could �t a regression model for each intermediate con�guration in the range

[8_CUs, 48_CUs] to predict the respective speedups. However, this is both impractical and

super�uous as is ascertained below. Motivated by the observation that normalized perfor-

mance improvement scaling with LOOG is similar among kernels, as seen in Figure 5.39 we

try to predict intermediate con�guration performance improvement given the saturated IPC
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Figure 5.38:Correlation of L1 Data pending hits to saturated IPC improvement

improvement, and the mean normalized IPC improvement curve (dots depicted in Figure

5.39). Initially, predicting saturated IPC improvement (essentially IPC improvement on a 64

CU con�guration) was thought to be enough in order to determine application scalability in

intermediate con�gurations. We use known values of the saturated improvement instead of

those predicted by the regressor, in order to assess the optimal attainable results. IPC im-

provement at the 64 CU con�guration is set to the known saturation value. Intermediate

values are calculated by multiplying the mean normalized IPC improvement at each con�g-

uration with the saturation value. The results are depicted in Figure 5.40b. Evidently, the

errors are beyond acceptable margins for 8 CUs.

Predicting the rate of performance saturation

Considering that application scalability (and its corresponding saturated IPC improvement

measure) is not su�cient in order to predict intermediate con�guration speedup for the

smaller LOOG con�gurations, we implement a second predictor, with IPC improvement at

the minimum LOOG con�guration of 8 CUs as its target variable. Given the saturated IPC

improvement prediction, this second predictor essentially estimates the rate of performance

saturation for LOOG scaling. When the predicted speedup values at 8 CUs are low, saturation

is slower and vice versa. Speedups at intermediate con�gurations are calculated as described

before, using the mean speedup curve in the range of [8_CUs, 48_CUs]. Results are depicted

in Figure 5.40a.

5.8.7 Hardware recon�guration controller design

The decision trees for the minimum LOOG IPC improvement prediction and saturated IPC

improvement prediction are depicted in Figures 5.41a and 5.41.
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Figure 5.39:Normalized IPC improvement curve and STD across kernels on
LOOG scaling-up

Performance counters utilized by the decision trees

Regarding the minimum LOOG IPC decision tree predictor in Figure 5.41a, the following

hardware performance counters resulted by �tting the model:

Reply network active cycles Leading to signi�cantly diverging predicted IPC values, it

refers to the active cycles of the virtual Reply network implemented physically by the

interconnect seen in Figure 3.5. High values equate to memory tra�c and therefore,

lesser speedups.

Warp occupancy Referring to the average number of active threads per warp in the scope

of this thesis. High values equate to low warp divergence and less control hazards,

improving speedup on LOOG.

RET commissions Dynamic instructions for returning from subroutines. Similarly equate

to control hazard stalls, preventing LOOG from providing signi�cant acceleration.

Control hazard stalls Cause acceleration deterioration on LOOG as explained.

Total warp instructions Are directly correlated to the kernel's runtime. As elaborated on

in Section 5.8.2, low kernel runtimes equate to worse speedups on LOOG due to the

dynamic instruction mix being occupied by parameter memory instructions.

In the saturated LOOG IPC improvement decision tree, the metrics below are utilized in

addition to the above:
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(a) STD of the IPC values predicted from the
controller across CU con�gurations

(b)Correlation of L1 Data pending hits to saturated IPC im-
provement

Total cycles Cause deterioration of LOOG acceleration as explained above.

GPU occupancy Essentially refers to the average dynamic warp occupancy while also ac-

counting for pipeline stalls. Identically a�ects the speedup.

L1D AccessesIs used to predict the highest of values. Equates to high memory accesses,

therefore a memory intensive kernel, which is negatively correlated with LOOG-sensitivity.

Scoreboard entries used Signify dependencies between instructions from the same stream

(at a depth of 1 in the baseline implementation), which are, by de�nition, negatively

correlated to ILP, and therefore speedup on LOOG.

The design of the hardware recon�guration controller is depicted in Figure 5.42. As seen

in the above �gure, the �rst kernel launch is executed in the inorder con�guration. The

hardware performance counters input to the decision trees are collected. Threshold values

used by the decision trees remain constant and are hardcoded into them. For each Metric

- Hardcoded threshold value pair a comparator is needed in each of the two decision trees.

Each decision tree leaf corresponds to the Boole product of at most three comparisons. The

respective bitlines are fed to a ROM module containing the hardcoded output values, re-

placing the decoder in the typical implementation. The outputs of the decision trees are fed

to a multiplier predicting intermediate con�guration values based on the hardcoded mean

IPC improvement curve. The result is multiplied with the estimated hardcoded max power

vector according to the recon�guration input to the model. If IPC saturation is the selected

optimization metric, the predicted IPC vector is di�erentiated and compared with the 2% or

5% threshold at each stage. The CU value optimizing the metric is determined (minimum

for PDP, EDP, �rst negative value for IPC saturation) and for subsequent launches, the mi-

croarchitecture is recon�gured according to it. Output values for each decision tree of the

recon�guration controller are presented in Table??.
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(a) Minimum LOOG IPC improvement (predicting the rate of performance saturation)

(b)Saturated IPC improvement decision tree ( predicting OOO scalability)

Figure 5.41:Fitted decision trees predicting LOOG performance on the most
scale-down (8 CUs) and the most scale-up (48 CUs) con�guration
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Figure 5.42:Design of the hardware recon�guration controller
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Predictor RMSE MAPE Leaf values Test set mean Test set 90th
8_CU regressor 0.08 21% 0.08 0.21 0.24 0.71 1.19 1.85 3.96 - 0.18 0.57
64_CU regressor 0.12 27% 0.23 0.49 0.51 0.87 1.33 1.81 2.45 4.1 0.61 1.52

Table 5.17:Errors and predicted IPC output values of the decision tree regres-
sors

5.8.8 Power gating recon�guration overhead estimations

As brie�y discussed in Section 5.8.2, inter-launch recon�guration provides us with signif-

icant time windows in order to amortize the Power Gating sleep transistor wake-up time

overhead, thus reducing the associated energy dissipation. Since this window approaches

several microseconds, which a high-end value for �ne-grain power gating, we may assume

that no interference with workload execution will take place even in the sem-dynamic per-

launch recon�gurable architecture and the energy overhead will be negligible. A 3.09% and

9.28% static and maximum dynamic power is respectively produced by Accelwattch using

the 23nm node technology con�guration. As seen in Table 5.2, the actual node technology

is 12mnm, which according to [107], would double the subthreshold leakage and quadruple

subthreshold power, being the most signi�cant component by an absolute factor of 81% over

total leakage power in our simulation. Therefore, in the Volta architecture, subthreshold

leakage power is expected to be about equal to maximum dynamic power. In Flicker [11], 3

pipeline stages over 4 lanes for a total of 12 �ne-grain structures per core are dynamically

power gated, compared to 6 structures per core in our recon�gurable microarchitecture, that

can share the same virtual ground for respective structures across SMs due to workload ho-

mogeneity. Area overhead of the sleep transistors needed is overestimated at 2-6%, while a

90% reduction of static power id provided for an approximate 2% increase in dynamic power

(due to supply voltage levels increase to power the sleep transistors and the related decou-

pling capacitance). We, therefore, infer that power gating the LOOG-related structures can

be approximated by not accounting for them.

5.9 Speculating on other axes of recon�guration

Motivated by the observations made in Section 5.3 regarding application diversity across dif-

ferent axes, we brie�y speculate on the potential of a scalable recon�gurable architecture,

performing static recon�guration with �ne-grain power gating on the Execution Units and

Caches of the GPU. As described in Section 4.3, other power-aware scalable cores employ

�ne-grain per-component DVFS to maximize performance and energy e�ciency [10] as well

as unit-level clock or power gating to tailor the application to runtime demands regarding

OOO scalability [morph-core ] or pipeline width (OOO and concurrency scalability)[11].

With respect to the GPU, Equalizer [44] also leverages DVFS at a core/memory level gran-

ularity to suit the architecture to dynamic requirements, while Bahurupi [43] and Amoeba
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[45] implement a core-fusion architecture to target bottlenecks regarding OOO scalability

and various other architectural bottlenecks (such as cache contention) respectively. To the

best of our knowledge, a recon�gurable architecture employing �ne-grain power gating of

Execution Units as seen in Flicker [11] and caches has not been implemented on the GPU.

These structures were speci�cally selected upon discovering that they are a source of sig-

ni�cant workload diversity, as seen in Section 5.3 and pose impactful respective pipeline

bottlenecks, as seen in Section 5.2. In order to brie�y speculate on the potential of such an

architecture, we collect runtime statistics with GPGPU-Sim across di�erent Execution Unit

(EXU), cache and Collector Unit (CU) con�gurations, as well as area and maximum power

dissipation with Accelwattch.

5.9.1 Fine-grain Caches and Execution Units scaling

Similarly to our method in Section 5.6.3 , we �rst determine the Power and Area overheads

when scaling the respective structures as seen in Table 5.18. These values represent the

GPGPU-Sim con�guration values corresponding to our modi�cations. When con�guring

Accelwattch to obtain Power and Area overheads we linearly extrapolate upon them, as ex-

plained in Section 5.5. Note that the absolute values of the components used to con�gure

GPGPU-Sim and Accelwattch do not necessarily correspond to the actual Volta architecture

values, rather, they are �ne-tuned to simulate its performance across various workloads.

Caches Scaling
Relative size Uni�ed L1D L1D banks L1 DCache Shared mem ICache Texture cache Constant cache
0.5 64 2 16 48 64 64 32
1 128 4 32 96 128 128 64
2 256 8 64 192 256 256 128

EXU Scaling
Relative size Pipeline width EX/WB width SP units DP units INT units SFU units Tensor core units
0.5 2 4 2 2 2 2 2
1 4 8 4 4 4 4 4
2 8 16 8 8 8 8 8

Table 5.18:Caches and Execution Units scaling con�gurations

In Figures 5.43a and 5.43b the Caches and Execution Units scaling overheads are dis-

played. Evidently, Execution Unit overheads are much more signi�cant and all scaling is

approximately linear.

In Figure 5.44a, the average kernel performance increase with component scaling is dis-

played. Evidently, generic kernel speedup upon scaling the respective structures is minimal.

In Figures 5.45a and 5.45b the histograms of kernel speedup on the most scale-up con�gura-

tions tested (2x) are displayed. It is apparent that contrary to the negligible speedup obtained

for most kernels, a select few exhibit marked performance improvement. We de�ne the class

of kernels exhibiting a speedup of at least 4.5% with cache scaling as Cache-bound (12 result-

ing kernels) and the class of kernels exhibiting a speedup of at least 20% with EXU scaling

as EXU-bound (10 resulting kernels). Kernels belonging to these classes are listed in Table
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(a) Caches scaling (b)EXU scaling

Figure 5.43:Power and Area overheads of scaling Caches and Execution Units

5.19 and the overlap among them and the LOOG-sensitive class is depicted in Table 5.20.

Evidently, half of the EXU-bound kernels are LOOG-sensitive compared to a quarter of the

Cache-bound kernels. This is expected since the EXU-bound kernels are by de�nition com-

pute intensive, while the LOOG-sensitive cache-bound kernels belong in the Cache-bound,

high ILP cluster seen in Figure 5.11. Kernels that belong to both the EXU-bound and Cache-

bound classes, are all produced by the lonestar-mst benchmark. They also belong to the

Cache-bound, high ILP cluster, which is in line with our analysis in Section??. Since this

cluster contains applications that comprise separate high hit-rate cache access phases and

compute phases, it is expectedly accelerated by scaling both structures. The speedup of the

highly accelerated outliers seen in Figures 5.45a and 5.45b is plotted in Figure 5.44b. Evi-

dently, performance increase for these kernels is not saturated even when doubling the size

of relevant components, contrary to generic kernels in Figure 5.44a which seem to saturate

in the baseline con�guration. This motivates the analysis taking place in the next subsection.

(a) Generic kernels (b)High speedup outliers

Figure 5.44:Performance improvement for generic and highly improving ker-
nels with Cache, EXU scaling
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(a) Scale-up Cache con�guration (b)Scale-up EXU con�guration

Figure 5.45:Performance improvement on the most scale-up Cache and EXU
con�guration

Kernel DeltaIPC
Cache-Bound

lonestar-mst_4 20,83%
lonestar-mst_3 18,30%
lonestar-mst_5 15,87%
lonestar-mst_6 11,52%
ispass-2009-AES_1 11,01%
shoc-Spmv_1 5,75%
cfd-rodinia-3.1_2 5,69%
testJoin_1 5,38%
polybench-correlation_1 4,93%
shoc-spmv-modi�ed_1 4,91%
cfd-rodinia-3.1_3 4,82%
shoc-spmv-modi�ed_2 4,70%

EXU-Bound
testAmr_3 43,56%
hotspot-rodinia-3.1_1 37,38%
shoc-S3D_1 36,74%
shoc-S3D_2 30,20%
lonestar-mst_4 30,16%
lonestar-mst_5 29,59%
shoc-BFS_1 28,72%
lonestar-mst_3 28,19%
shoc-S3D_3 21,21%
lonestar-mst_6 20,30%

Table 5.19:Cache and EXU bound kernels (application_kernel-uid), along with
speedup on the respective scale-up con�gurations
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Class intersections EXU-Bound Cache-bound LOOG-sensitive
EXU-Bound 10 4 5
Cache-bound 4 12 3
LOOG-sensitive 5 3 22

Table 5.20:Intersection of component-bound and LOOG-sensitive kernels

Figure 5.46: IPC ratio of scale-up to scale-down LOOG across Cache, EXU
con�gurations

5.9.2 Component scaling design space

To further investigate the recon�guration potential among the previously de�ned axes of ap-

plication scalability, we co-scale the values in Table 5.18 with Collector Units set to [16,32,48],

producing a design space with 27 points. The respective simulations on GPGPU-Sim and Ac-

celwattch produce the results seen in Figure 5.47. As previously established and also seen

in Figures 5.47 and 5.47, Area and Power overheads when scaling Execution Units are an

order of magnitude greater than when scaling the Caches. The same is true for the speedup

of the average kernel as seen in Figure 5.47. To examine the EXU and Cache scaling per-

formance sensitivity of the applications relative to LOOG scaling, we divide the delays seen

in the scale-down 16 CU block in Figure 5.47 with the respective scale-up 48 CU delays, ef-

fectively calculating the OOO scalability of the applications across the Cache and EXU size

design space. Results are depicted in Figure 5.46. Evidently, a negligible but existent speedup

saturation is observed in scale-up Cache and EXU con�gurations. That is to say, acceleration

from LOOG scaling-up is lesser in scale-up con�gurations in the other axes. This is explained

by the fact that a wider pipeline can already provide signi�cant speedup in scale-down LOOG

con�gurations without relying on leveraging ILP. When scaling up both EXUs and CUs, the

combined OOO and TLP scalability of the application is exhausted to an extent.

For the average kernel, the speedup obtained is so minimal compared to the Power over-

heads that no EXU or Cache scale-up con�guration optimizes even the EDP �gure of merit,

as indicatively displayed in Figure 5.47. Likewise, the performance deterioration o�sets the

power reduction in the scale-down con�gurations, rendering them disadvantageous. These

conclusions arise from the fact that within each CU scaling block in Figure 5.47, the baseline

con�guration has the optimal value.
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Figure 5.47:Figures of merit across the design space (Delay refers to the aver-
age kernel)
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Figure 5.48:Figures of merit across the design space for Cache-bound, EXU-
bound kernels (Delay refers to the average kernel)
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Cache-bound kernels provide substantial speedups and marginally optimize the �gures

of merit in some EXU and Cache scaling con�gurations. In Figure 5.48, it is seen that the en-

ergy e�ciency of the average Cache-bound kernel is insign�cantly optimized in the Cache

up-scale con�gurations for the 32 CU and 48 CU LOOG con�gurations. The respective EDP

improvements amount to 2.50% and 2.45%. No improvement is seen for the EXU-bound ker-

nels. It is important to note that while performance for the average Cache-bound and EXU-

bound kernel saturates beyond the maximum scale-up con�guration we examined (as seen

in Figure 5.44b), the optimal �gures of merit for most kernels likely lie in intermediate con-

�gurations. Due to practical limitations, a more detailed design space exploration surpasses

the scope of this thesis, but we do not expect worthwhile recon�guration potential regarding

these axes.
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Chapter 6

Evaluation of the OOO recon�gurable

microarchitecture

6.1 Right-sizing the recon�gurable Operand Collector

As seen in Section 5.6.3, the most scale-up LOOG con�gurations utilizing many Collector

Units come with signi�cant Area and maximum Power dissipation overheads. Furthermore,

the Area overheads of the sleep transistors servicing the coarse-grain power gating neces-

sary for recon�guration must be taken into account (although to the extend they are used

in this thesis they are considered insigni�cant and precisely calculating them surpasses its

scope). We determine the values of various e�ciency �gures of merit, normalized to baseline,

when optimally recon�guring across three di�erent recon�gurable microarchitectures. Said

microarchitectures have 16, 32 and 48 CUs in total. In Figure 6.2a the ADP metric, normal-

ized to baseline, is provided across the examined microarchitectures and using PDP and EDP

recon�guration metrics. It is minimized on the most down-scale microarchitecture of 16 CUs

with 32 CUs closely following. In Figures 6.2c, 6.2 and 6.2b, it is evident that all other metrics

are optimized in the most scale-up, 48 CU con�guration. However, the most signi�cant drop

happens from 16 to 32 CUs, with minimal improvement from 32 to 48.

Average values of optimal recon�guration results for a given architecture per optimiza-

tion metric are summarized in Table 6.1a , normalized to baseline (i.e. A uArch with 16 CUs,

produces an average delay of 0.749 normalized to baseline when optimally recon�gured with

a PDP metric). As also seen in the table, all metrics except ADP are minimized for maximum

CUs. For all the �gures of merit, the 32 CU con�guration provides values approximating the

optimal. As seen in Table 6.1b, for all the �gures of merit used (Delay, Energy, ADP, PDP)

the 32 CU microachitecture provides overheads within 2% of the optimal.

Evidently, for the average kernel, the 32 CU microarchitecture provides the most sensi-

ble trade-o� between optimization of ADP and the other composite metrics. In Tables 6.1c

and 6.1d, the respective optimal recon�guration results and overheads are presented for the

average LOOG-sensitive kernel. In this context, the 48-CU architecture provides the most

e�cient tradeo� between �gures of merit, with zero overhead from the optimal for metrics

that account for power, and less than 1.15% for ADP, while the 32-CU microarchitecture poses
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sign�cant Delay and EDP overheads. Note that for LOOG-sensitive kernels, �gures of merit

are identical between recon�guration metrics (PDP,EDP) in the 16-CU and 32-CU microarchi-

tectures, since for both PDP and EDP, the most scale-up con�guration available is optimal.

Considering the above, the 48-CU microarchitecture was used in all further evaluation, to

assess the microarchitecture recon�guration potential for LOOG-sensitive kernels.

CU 16 32 48
ADP

PDP 0,800 0,815 0,857
EDP 0,790 0,796 0,833

Delay
PDP 0,749 0,716 0,710
EDP 0,739 0,699 0,690

Energy
PDP 0,800 0,780 0,776
EDP 0,803 0,786 0,784

EDP
PDP 0,599 0,558 0,551
EDP 0,593 0,549 0,541

(a) Figures of merit across microarchitectures for
generic kernels.

CU 16 32 48
ADP

PDP 0 1.87% 7.12%
EDP 0 0.76% 5.44%

Delay
PDP 5.49% 0.85% 0
EDP 7.1% 1.3% 0

Energy
PDP 3.09% 0.52% 0
EDP 2.42% 0.26% 0

EDP
PDP 8.71% 1.27% 0
EDP 9,61% 1,48% 0

(b) Overheads compared to the minimum for each �g-
ure, generic kernels. 32 is the optimal tradeo�

CU 16 32 48
ADP

PDP 0,582 0,533 0,537
EDP 0,582 0,525 0,531

Delay
PDP 0,545 0,462 0,445
EDP 0,545 0,462 0,440

Energy
PDP 0,599 0,536 0,528
EDP 0,599 0,536 0,530

EDP
PDP 0,346 0,270 0,258
EDP 0,346 0,270 0,256

(c) Figures of merit across microarchitectures for
LOOG-sensitive kernels

CU 16 32 48
ADP

PDP 9,13% 0 0,70%
EDP 10,78% 0 1,15%

Delay
PDP 22,45% 3,79% 0
EDP 23,73% 4,88% 0

Energy
PDP 13,45% 1,58% 0
EDP 13,03% 1,20% 0

EDP
PDP 34,21% 4,66% 0
EDP 35,10% 5,36% 0

(d) Overheads compared to the minimum for each �g-
ure, LOOG-sensitive kernels. 48 is the optimal tradeo�

Figure 6.1: Comparing di�erently sized recon�gurable microarchitectures
when optimally recon�guring with the PDP and EDP recon�guration metrics

6.2 Software recon�guration

In this section, the recon�guration potential a software controller operating with software

directives described in Section 5.8.4 is evaluated. As previously mentioned, optimal static
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(a) (b)

(c) (d)

Figure 6.2: Figures of merit distributions across di�erently sized microarchi-
tectures and recon�guration metrics, for optimal static recon�guration

recon�guration (whole-kernel recon�guration) is performed, assuming perfect knowledge

of the con�guration that optimizes the cumulative value of the given recon�guration metric

over all launches. Both single launch and multi-launch kernel are taken into account. Static

recon�guration, referring to applying a speci�c con�guration for the whole kernel's execu-

tion should not be confused with static microarchitectures, referring to set-in-stone designs,

without the potential to recon�gure.

6.2.1 Static recon�guration

Generic kernels

As seen in Figure 6.3a, regarding the static (set-in-stone) microarchitectures, the energy-

e�ciency-delay trade-o� is apparent for 16 through 32 CUs, with EDP minimizing at 32 CUs.

Performance, energy e�ciency and EDP are optimized at 48, 16 and 32 CUs respectively. In-

terestingly, even for generic kernels, recon�guration by any metric is more energy e�cient
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(a) Improvement for generic kernels

(b) Improvement for LOOG-sensitive kernels

Figure 6.3: Improvement from baseline uArch across set-in-stone uArchs and
the recon�gurable 48-CU uArch optimizing di�erent recon�guration metrics,

for generic and LOOG-sensitive kernels
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than any static con�guration. When comparing to scale-up static uArchs, this is explained

by the ability of the recon�gurable uArch to scale-down on demand. When comparing to

scale-down static uArchs, it is explained by the speedup gained in scale-up con�gurations

not accesible statically. The same is true for EDP. When recon�guring for performance (98%

IPC saturation), the recon�gurable uArch achieves a -31.56% delay improvement, minimally

worse than the -31.98% achieved by the optimal static uArch (48 CUs), while energy overhead

di�ers by 6.6%. When recon�guring for energy-e�ciency (PDP), the recon�gurable uArch

achieves a -22.34% change from baseline, compared to -18.93% by the optimal static 16 CU

uArch. When recon�guring for minimizing of EDP, a -41.25% change is provided, compared

to the -37.68% optimal by the 32 CU static uArch. In conclusion, the recon�gurable microar-

chitecture provides signi�cant improvement across all �gures of merit when comparing to

the optimal static uArch in context.

LOOG-sensitive kernels

Regarding LOOG-sensitive kernels, seen in Figure 6.3b the same qualitative conclusions are

true for recon�guration, nevertheless with lesser relative di�erences, due to this class of ker-

nels more frequently optimizing the �gures of merit by occupying scale-up con�gurations.

Regarding the static uArchs, the tradeo� seen in Figure 6.3a is not present, with all �gures

of merit being optimized at 48 CUs. This is, likewise explained by the high OOO scalability

of the applications. Recon�guring for performance provides a -55.00% delay improvement,

approximating the -55.30% static optimal by the 48 CU uArch, with a 2.23% energy overhead

di�erence. Recon�guring for energy-e�ciency improves dissipation by -46.11%, compared

to the -43.29% optimal. EDP is reduced by 72.98% compared to the 71.82% optimal.

6.2.2 Semi-Dynamic recon�guration

In this subsection, the e�ect of a semi-dynamic recon�guration is examined exclusively for

multi-launch kernels, across two classes of kernels, above and below the median launch num-

ber. As presented in Section 5.8.5, static recon�guration does not pose signi�cant overheads

compared to the �ner-grain semi-dynamic recon�guration seen in Figure 5.28. More specif-

ically, as evident in Table 6.1, minimal average and mean overhead values are seen for both

classes of kernels (according to number of invocations), with the distribution being fairly

wide. Therefore, fringe cases of low intra-kernel scalability consistency producing signi�-

cant overheads are seen in Tables 6.3 and 6.2. Especially for the kernels seen in Table 6.3,

mismatched con�gurations represent the majority of launches in some cases. It is worth not-

ing that the various optimal con�gurations tend to be interleaved, therefore increasing the

recon�guration energy overheads considered insigni�cant in the scope of this thesis. It is

also worth noting that kernels with launches above the median value of 7 tend to not be the

most inconsistent regarding scalability, as was initially expected. In conclusion, the static
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(whole-kernel) recon�guration overhead is generally insigni�cant compared to a per-launch

granularity recon�guration, which motivates the hardware-level implementation of the re-

con�guration controller.

Launches Less than 7 launches7 or more launches
Delay Energy Delay Energy

Min 0 0 0 0
Median -0.45% -0.52% -0.82% -0.58%
Mean -0.52% -0.80% -1.10% -0.86%
Max -2.41% -2.65% -4.42% -4.89%

Table 6.1:Distribution of Delay and Energy improvement from static to semi-
dynamic recon�guration

Kernel DEnergy Description static con�guration inorder 8_CUs 16_CUs 24_CUs 32_CUs 40_CUs 48_CUs
testSssp -4,89% Reg. expand kernel 8_CUs 3 3 0 0 0 0 0
ispass-2009-BFS-3,26% BFS 16_CUs 1 0 8 0 0 0 0
shoc-Reduction -2,85% Reduce operation 32_CUs 0 0 0 0 3 1 0
shoc-Sort -1,77% Scan 16_CUs 2 0 2 0 0 0 0
test-Amr -1,49% Reg re�ne kernel 24_Cus 0 0 1 2 1 0 0

Table 6.2:Kernels with the highest energy overhead in static recon�guration
compared to semi-dynamic recon�guration

Kernel DDelay Description static con�guration inorder 8_CUs 16_CUs 24_CUs 32_CUs 40_CUs 48_CUs
dwt2d-rodinia-3.1 -4,42% DWT2D kernel 32_CUs 0 0 0 0 3 4 0
lonestar-sssp-wln -4,27% RelaxGraphWorklist 16_CUs 0 0 4 2 1 1 0
cfd-rodinia -3,87% Initialization 16_CUs 0 2 0 1 0 0 0
shoc-Spmv -3,69% spmv_scalar 48_CUs 0 0 0 0 13 4 82
test-Amr -2,55% Reg re�ne kernel 32_CUs 0 0 0 3 1 0 0

Table 6.3: Kernels with the highest delay overhead in static recon�guration
compared to semi-dynamic recon�guration

6.2.3 Static recon�guration across clusters of applications

In Figure 6.4, the optimal static recon�guration scheme is evaluated against the static 48 CU

uArch across the clusters of applications de�ned in Section 5.3 . It can be seen that the perfor-

mance of the DP-bound, high utilization cluster with applications that frequently stall on the

ALU and DP pipelines closely approximates the average kernel execution under the recon�g-

urable architecture. When recon�guring with the PDP metric, a -31.0% delay improvement

and a -24.5% energy improvement is provided. Frequent control hazards restrict the appli-

cation OOO scalability as discussed in Section 5.3. As expected, the Cache-bound, low ILP

and shared-memory bound clusters su�er the least improvement on the recon�gurable ar-

chitecture, with energy-e�ciency and EDP being even lower than that of the static 48 CU

architecture. The SP-bound and Cache-bound, high ILP clusters perform signi�cantly better

than average, regarding the recon�gurable architecture. The lowest performance overall is
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Figure 6.4:Evaluating the recon�gurable 48 CU architecture across all clusters
of applications de�ned in Section 5.3, against the static 48 CU architecture for

the average application

exhibited for the Cache-bound, low ILP cluster (due to high thread block count and param-

eter memory instructions, as discussed in Section 5.3 ) and interestingly, the Cache-bound

high-ILP cluster performs better on the recon�gurable architecture across all �gures of merit

and clusters, even better than the purely compute-intensive kernels. This is due to low miss

rate on cache accesses and computation on separate phases that does not cause backend

congestion, as discussed in Chapter 5.

6.3 Hardware recon�guration controller

In this section, the hardware recon�guration controller is evaluated against optimal software-

implemented static recon�guration as described in Section 5.8.4, as well as a static (set-in-

stone) microarchitecture with 48 CUs.

6.3.1 First-launch recon�guration

In Figure 6.5, the aforementioned comparison is presented. The hardware controller is less

e�cient than the software static recon�guration controller across all �gures of merit and
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recon�guration metrics. Compared to the static 48 CU uArch,it provides a -30.6% delay im-

provement when maximizing EDP, as opposed to -32% (-31$ for optimal static recon�gura-

tion). The respective di�erences in energy e�ciency are -19.5%,-13.7% (-22.4% for optimal

static recon�guration) and -39.8%, -35.7% regarding EDP (-41.3%). In conclusion, the hard-

ware recon�guration controller attains 67% of the energy e�ciency improvement and 73%

of the EDP improvement of the optimal static recon�guration compared to baseline. Maxi-

mizing for performance brings it within 1% of the optimal. Results for the average kernel are

summarized in Table 6.4.

Static 48CU uArch
Delay 0,680
Energy 0,863
EDP 0,643
Optimal static reconf

Metric PDP EDP
Delay 0,710 0,690
Energy 0,776 0,784
EDP 0,599 0,587

Regressor
Metric PDP EDP
Delay 0,726 0,694
Energy 0,805 0,817
EDP 0,633 0,602

Table 6.4:Recon�guration controller Delay and Energy normalized to baseline,
for PDP and EDP recon�guration metrics

The RMSE for the predicted normalized IPC improvement vector over the test set is shown

in Figure 6.6.

6.3.2 Static recon�guration

In this subsection, the controller is evaluated on static (whole kernel) instead of �rst-launch

recon�guration. Hardware performance counters are collected over all invocations of the

kernel, during one of its executions and used to infer an optimal con�guration that is then

applied to subsequent executions of the kernel over all its launches. The purpose of this

evaluation is to expand the limited multi-launch kernels dataset to include all kernels, and

determine controller behavior regarding LOOG-sensitive kernels. In Figures 6.7a and 6.7b

the delay provided by regressor recon�guration normalized to baseline is presented for the

average and the average LOOG-sensitive kernel respectively. In Figures 6.7c and 6.7d the

respective normalized energy distributions are provided. For both delay and energy, the

recon�guration controller is more accurate for LOOG-sensitive kernels, due to the afore-

mentioned asymptotic behavior of IPC improvement and declining power ratios between
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Figure 6.5: Evaluating the hardware recon�guration controller (regressor)
against optimal static recon�guration and a static 48 CU uArch

Figure 6.6:RMSE for recon�guration controller predictions and intermediate
con�guration IPC calculation
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(a) Delay, generic kernels (b)Delay, LOOG-sensitive kernels

(c) Energy, generic kernels (d) Energy, LOOG-sensitive kernels

Figure 6.7: Delay and Energy improvement for optimal static (whole-kernel)
recon�guration with the hardware controller

consecutive con�gurations on the most scale-up LOOG con�gurations. In Figure 6.7a, it is

evident that while average values between the regressor and optimal recon�guration are sim-

ilar, medians vary due to mispredicted outliers. In Figure 6.7b, a tighter distribution is seen

for the regressor,failing to predict the baseline inorder con�guration. In Figures 6.7c and

6.7d, signi�cant mispredictions are seen when maximizing EDP. This is due to the inherent

error in IPC prediction that is exacerbated in the square of the delay, frequently leading to

the most scale-down con�gurations. The same is seen to an extent in Figure 6.7c regarding

PDP, due to inorder mispredictions. The fact that mispredictions tend to be scale-down rather

than scale-up is clearly depicted in Figure 6.7a, with the bloated delay distribution near the

baseline.
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Chapter 7

Conclusions and Future Work

7.1 Conclusions

With the implementation of the LOOG execution scheme on Accel-Sim, we gain the abil-

ity to increase simulation accuracy on many fronts. We also gain access to HPC-relevant

microbenchmarks-tuned datacenter GPU con�gurations, including the Quadro GV100 used

in our analysis.

Having collected microarchitecture runtime statistics across 7 benchmark suites and 100 ker-

nels, we use them to characterize applications into groups regarding architecture bottlenecks,

as well as correlate speci�c features they possess with speedup and high GPU utilization on

scale-up LOOG con�gurations. A select class of kernels that gain signi�cant speedup on

such con�gurations are deemed "LOOG-sensitive". This analysis provides the backbone for

further workload characterization throughout this thesis.

Components of the pipeline front-end are right-sized and optimally con�gured in conjuc-

tion with LOOG, leading to the conclusions that the Decoder bandwidth can be throttled

(-4.57% Power, -0.22% Area) and that Depth-First instruction Issue scheduling provides opti-

mal performance (speedup of 1.14 for LOOG-senstitive kernels) . The latter, along with the

realization that exploitable ILP widely varies inter-warp, leads to the implementation of an

Instruction Bu�er partitioning recon�guration controller that provides an average 4.4% per-

formance increase for LOOG-sensitive kernels, up to 10.2%.

LOOG-relevant structures (Collector Units, Register Renaming Stack and Instruction Bu�er)

are studied regarding scalability, leading to the conclusion that Collector Units are the main

component driving speedup but are also Power and Area hungry.

The potential to bene�t from the signi�cant speedup gained in scale-up LOOG con�gura-

tions regarding LOOG-sensitive kernels while preserving energy e�ciency when necessary,

is provided by a scalable runtime-recon�gurable microarchitecture that power gates groups

of Collector Units. The recon�gurable architecture is initially evaluated on the basis of an

oracle software controller performing semi-dynamic recon�guration on a per-launch gran-

ularity. Realizing that pro�ling the �rst kernel launch is su�cient for recon�guration on

subsequent invocations, we implement a hardware recon�guration controller using runtime

performance counters, based on decision tree regressors.
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A static scale-up LOOG con�guration provides a speedup of 1.48 for generic kernels and

a 13.7% reduction in energy dissipation, compared to the baseline architecture. Recon�g-

uration under software directives and using the hardware controller can provide the same

speedup when needed and have the potential to improve energy e�ciency from baseline by

22.4% and 19.5% respectively

7.2 Future work

ˆ Minor Accel-Sim source code refactoring where necessary (Appendix A.1) as well as ap-

propriate setups to exploit the trace-based (mISA) simulation functionality that Accel-

Sim provides is our immediate priority to increase performance simulation accuracy.

ˆ Cycle-accurate power modelling with LOOG-relevant runtime performance counters

input from the performance model (as Accelwattch operates for the baseline model) is

necessary to ascertain quantitative credibility of our results.

ˆ A more accurate assessment of Power Gating sleep transistor Area, Energy and wake-

up time overheads is needed to con�rm our assumptions. Due to the recon�guration

schemes utilized, Energy and wake-up Delay can be traded o� and have a great margin

for error but Area is crucial.

ˆ With a high degree of certainty, the hardware recon�guration controller regressors can

be �t on intermediately-scaled LOOG con�gurations, to avoid the �rst launch in-order

con�guration overhead. This has not been performed due to practical time constraints.

ˆ A more meticulous study of inter-warp heterogeneity regarding exploitable ILP can be

performed and new Instruction Bu�er recon�guration policies or metrics can be tested.

Since Ibu�er recon�guration was not the main focus of this thesis, we speculate that

relevant results are suboptimal.
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Appendix A

Source Code

A.1 Source code repository

The source code for the implementation elaborated on in Subsection 2.5 can be found at:

https://github.com/pelef/accel-sim-framework-LOOG/tree/loog

https://github.com/pelef/accel-sim-framework-LOOG/tree/inorder

A.2 Original License

As the code was developed based on Accel-Sim, it is distributed with the relevant license.

Copyright© 2020, Tim Rogers.

All rights reserved.

Redistribution and use in source and binary forms, with or without modi�cation, are permit-

ted provided that the following conditions are met:

ˆ Redistributions of source code must retain the above copyright notice, this list of con-

ditions and the following disclaimer.

ˆ Redistributions in binary form must reproduce the above copyright notice, this list of

conditions and the following disclaimer in the documentation and/or other materials

provided with the distribution.

THIS SOFTWARE IS PROVIDED BY THE COPYRIGHT HOLDERS AND CONTRIB-

UTORS "AS IS" AND ANY EXPRESS OR IMPLIED WARRANTIES, INCLUDING, BUT

NOT LIMITED TO, THE IMPLIED WARRANTIES OF MERCHANTABILITY AND

FITNESS FOR A PARTICULAR PURPOSE ARE DISCLAIMED. IN NO EVENT SHALL

THE COPYRIGHT HOLDER OR CONTRIBUTORS BE LIABLE FOR ANY DIRECT,

INDIRECT, INCIDENTAL, SPECIAL, EXEMPLARY, OR CONSEQUENTIAL DAMAGES

(INCLUDING, BUT NOT LIMITED TO, PROCUREMENT OF SUBSTITUTE GOODS

OR SERVICES; LOSS OF USE, DATA, OR PROFITS; OR BUSINESS INTERRUPTION)
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HOWEVER CAUSED AND ON ANY THEORY OF LIABILITY, WHETHER IN CON-

TRACT, STRICT LIABILITY, OR TORT (INCLUDING NEGLIGENCE OR OTHER-

WISE) ARISING IN ANY WAY OUT OF THE USE OF THIS SOFTWARE, EVEN IF

ADVISED OF THE POSSIBILITY OF SUCH DAMAGE.
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