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GPUs TPUs / ASICs FPGAS Advanced Vector Extensions (AVX)
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[1] F. Zaruba, F. Schuiki, T. Hoefler and L. Benini, "Snitch: A Tiny Pseudo Dual-Issue Processor for Area and Energy Efficient
Execution of Floating-Point Intensive Workloads," in IEEE Transactions on Computers


https://cloud.google.com/blog/products/ai-machine-learning/an-in-depth-look-at-googles-first-tensor-processing-unit-tpu
https://www.nvidia.com/en-us/data-center/a100/
https://www.amd.com/en/products/accelerators/instinct.html
https://www.amd.com/en/products/adaptive-socs-and-fpgas/versal/hbm-series.html
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Fully utilizing the peak performance is increasingly difficult
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I ntrOd u Ctl O n OUTRAGEOUSLY LARGE NEURAL NETWORKS:

THE SPARSELY-GATED MIXTURE-OF-EXPERTS LAYER

Language Models are Unsupervised Multitask Learners ] A SIMPLE AND EFFECTIVE PRUNING APPROACH FOR Jeoffrey

LARGE LANGUAGE MODELS
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PerfDojo
abstract code-transformation environment for hardware-specific optimizations
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PerfLLM
automatic optimization methodology, optimizing code without prior architecture knowledge
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We pre
. based « RS TRACT : wwuer vopiession, we appucadility and performance of existing compression
| 2023) . ook techniques is limited by the scale and complexity of GPT models. In this paper,
i . Large language models (LLMs) have revolutionized the field of artificial intelli- i with thei. we address this challenge, and propose GPTQ, a new one-shot weight quantiza-
« We t gence, Cl\ulﬁ}illg natural Ianguugc. processing tlusks‘ that were pr]cvinus“ly tl}cuught Katz, 20° tion method based on approximate second-order information, that is both hlghly—
of text L “".“1"‘1‘fc L8 h_"'"“f”' In this "_"“.rk’ i ‘f“_"f‘!ﬁ‘“:c _Q“ £ 'h_‘.’ .“”.1 "‘“f"“’ ] paramete accurate and highly-efficient. Specifically, GPTQ can quantize GPT models with
recipes ment of our large language model series. QWEN is a comprehensive language H forts ha 175 billi ; - . Ny GPU h i it T
@ernftal model series that encompasses distinct models with varying parameter counts. It s SIS L1 11l1on parameters in approximately rour ours, reducing the bItwl
E]I;_lll.rtl f includes QWEN, the base pretrained language models, and QWEN-CHAT, the chat to date h; down to 3 or 4 bits per weight, with negligible accuracy degradation relative to the
abiliti G ; an alier e d it- c : B
17 m:)df:ls finetuned with human alignment techniques. The h.{sc language models n bit-level : uncompressed baseline. Our method more than doubles the compression gains rel-
art umc consistently demonstrate superior performance across a multitude of downstream et al., 20 ti t . ol sed shot antizati thods ) . b
With tt tasks, and the chat models, particularly those trained using Reinforcement Learning - these mo aﬁve _O prEVlfOLlE-ﬂ)lf-pri‘Opos_e QS SHOBHRATY 12;51?){11;[13 ods, Prebenﬂnc‘ig ii'?cu_r:iic)”
fine-tw from Human Feedback (RLHF), are highly competitive. The chat models pos- allowing us for the first time to execute an 1llion-parameter model 1nside a
codeba sess advanced tool-use and pldlll'lill“ L:lpdbililil.s for Lrt.:lling agent :lpplitdtiuns single GPU fo[ gene[ative infe[ence_ Moreover, we also ShOW that our method
€ g a < . g . 9 g . . .
showcasing impressive performance even when compared to bigger models on | can still prov1de reasonable accuracy in the extreme quantization regime, in which
Gem complex lu\k\ like utilizing a code interpreter. Furthermore, we have developed . i B o P ) i
" coding-specialized models, CODE-QWEN and CODE-QWEN-CHAT, as well as - weights are quantized to 2-bit or even fernary quantization levels. We show ex-
ter m mathematics-focused models, MATH-QWEN-CHAT, which are built upon base N perimentally that these improvements can be leveraged for end-to-end inference
Z::?tni !unguugc n\]odcls.‘l}"hcsc models dcmjnlslmtcdsi%lni}ﬁﬁan;lﬂ Jl;n}p‘rot\lul(li pcrfomlmlncc B speedups over FP16, of around 3.25x when using high—end GPUs (NVIDIA A100)
in comparison with open-source models, and slightly fall behind the proprietary q 0 q
T o m(,ddf E o (RS g and 4.5x when using more cost-effective ones (NVIDIA A6000). The implemen-

tation is available at https://github.com/IST-DASLab/gptqg.
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PerfDojo: Manual vs. PerfDojo’s transformation-centric optimization workflows

Code generator + IR extensions HW-spacific library of transformations Transformation applicability detection Transformation search (PerfLLM)

Locations

Where transformation II"II should be applied?

T

Enabile Hw fuamru IE!l u In-mHun*l*

ParfOajo

The transformation-centric workflow enforces semantic preservation by
construction
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PerfDojo: Overview of the PerfLLM training pipeline

Compute loss based on Max Q-
learning and Double Q-learning

Iterate over all transformations and choose one as per the e-greedy policy

Transformation represented as
.- - ]

[ | &= LI LA | L] L il | L

_
| Kemelk | :
- Finetuned LLM : ) Target
' = Network
Applicable :
transformation, a
Kernel after BERT DeepSeek LlaMA ‘
transformation, k' 5 Parameter @ Parameter 8~
Applicable transformations Sampled

at the next step gt =E i) sy H— mini-batch @, s

Compile and execute ore (5,1, 4,5 ,a") -

Rewardr,, = — £ Replay buffer
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PerfDojo: Representation

Softmax kernel:

mp = MaXy Spp for (b=0;b<B;b++) {
b €{1..B} Xpn = Spn — Mp mlo] = -DBL_MAX; for (n=0;n<N;n++) { m[b] = max(m[b],sCbxN+n]); 3
n € {1..N} epn = €XPXpn alb] = 0; for (n=0;n<N;n++) { x[b*N+n] = s[b*N+n]-m[b];
a, = sumy,ep, e[b*N+n] = exp(x[b*N+n]);
i, =1/a, alb]l  += e[b*N+n]; 13
dpn = €pnip for (b=0;b<B;b++) { i[b] =1 / albl;

for (n=0;n<N;n++) { d[b*N+n] = e[b*N+nJl*xi[b]; }}

Output Operation Inputs
m[{0}] max= s[{0},{1}]
x[{0},{131 - s[{e},{1}] mL{0}] B Nm[{o}] max= s[{0},{1}]
o | N x[{0},{1}] = s[{0},{13] - m{0}]
———— xon L | | e[{0},{131 = exp( x[{0},{1}1)
al{0}] += e[{0},{1}] | | al{0}] += e[{0},{1}]
| B i[{0}] =1/ a[{0}]
A 1 atto)d | N d[{0},{13] = e[{0},{13] * i[{0}]

dI;{O},{1}] * ef{0},{1}] if{0}]

Iteration index
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PerfDojo: Transformations

Generated
code

Textual IR

for (i0 = 0; 10 < 4; i0++) for (i@ = 0; i0 < 4; i0++) {

for (i1 = 0; i1 < 6; i1++) for (i1 = 0; i1 < 6; il1++) for (i1 =
t[1i0%6+i1] = x[i0*x6+i1]; t[i0%6+i1] = x[i0*6+i1]; t[i1] =
for (i@ = 0; i0 < 4; i0++) for (i1 = 0; i1 < 6; il1++) for (i1 =

for (i0 = 0; i0 < 4; io++) {
0; i1 < 6; i1++)
x[10%6+111;
0; i1 < 6; i1++)
y[i0x6+i1] = t[i1];

Correct

heap

x[{0},{13}]

for (i1 = 0; i1 < 6; il1++) y[i0*6+i1] = [i0%6+i1];
y[i0*6+i1] = t[i0*6+i1]; } 3
]
E I J join_scopes: t,@l : I J reuse_dims: t,@l E

Declarations: Initial Declarations: Correct Declarations:

x 32 [4, 6] heap x 32 [4, 6] heap x 32 [4, 6] heap

t f32 [4, 6] heap t 32 [4, 6] heap t f32 [4:N, 6] heap

y f32 [4, 6] heap y 32 [4, 6] heap y 32 [4, 6]
Code: Code: Code:
46 t[{0},{13] = x[{0},{1}] 4 6 t[{o},{131 = x[{o},{1}] 46 t[{o},{1}]
4 6 y[{o},{1}3]1 = ti{o},{1}] | 6 y[{or,{131 = tL{0},{1}] | 6 y[{0},{13]

lx reuse_dims: t,0

// Incorrect!
for (i0 = 0; 10 < 4; 10++)
for (i1 = 0; i1 < 6; i1++)

Declarations: Incorrect
x 32 [4, 6] heap
t 32 [4:N, 6] heap

y 32 [4, 6] heap 3 t[i1] = x[i0*6+i1];
Code: for (i0 = 0; 10 < 4; i0++)
46 t[{0},{13] = x[{0},{1}] for (i1 = 0; i1 < 6; i1++)
4 6 y[{0},{13]1 = t[{e},{1}] yl[io*6+i1] = t[i1];

tl{e},{13}]
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Transformation Description Example before Example after Transformation Description Example before Example after
Swaps adjacent N y[{e}]1=x[{e}] z=q . Avoids materializing .
swap_ops operations or scopes = N y[{03}1=x[{0}] reuse_dims 2 dimension x f32 [M, K] heap x 32 [M:N, K] heap
. . _ _ Shares storage x f32[M,K] heap
til Til 10 y+=x[{@ 5 2 y+=x[{0}*2+{1 ’ -
ile_scope iles a scope y+=x[{0}] y+=x[{0}*2+{1}] reuse_buffers T — y £32IM.K] heap x f32[M,K] heap->x,y
tile_buffer T.iles al?uffer M N y+=x[{0}*N+{13}] M N y+=x[{e},{1}] Changes the memory
- dimension ’ swap_dims x 32 [M, N, K] heap | x f32 [M, K, N] heap
layout of an array
SWap_Scopes Reorders adjacent scopes | M N y+=x[{0},{1}1 N M y+=x[{13,{0}] increment_padding  Increases padding x 32 [M,K+2] heap x f32 [M,K+3] heap
. Joins the bodies of M y[{0}1=x[{0}] M y[{0}1=x[{0}] ) .
join_scopes adjacent scopes M p[{0}I1=q[{0}] | p[{0}1=qC{0}] repeat_padding Doubles the padding x 32 [M+3,K+3] heap x 32 [M+6,K+3] heap
Moves an array
te t Introduces a temporary M y+=x[{0}] M t[{0}I=x[{0}] move_to_stack to the stack x 32 [N] heap x 32 [N] stack
create_temporary array copy yx M y+=t[{0}]
ST . ST B vectorize_buffer vectorizes storage x 32 [4,16] stack x T32x16 [4,16] stack
of a buffer
enable fre Instantiates a scope N y+= \ N:f y+= \
—Trep using FREP x[{0}|s:5,d:1,h:2] x[{0}|s:5,d:1,h:2] enable ssr Enables SSR for M N y+= M N y+=
- an array access x[{e},{1}] x[{@},{1}|s:5,d:1]
I Parallelizes a scope N y[{0}1=x[{0}] N:p y[{0}1=x[{0}]
using OpenMP increase ssr deoth Increases the M N y+= \ M N y+= \
c Sl SSR depth x[{0},{1}|s:5,d:1] x[{0},{1}|s:5,d:2]
llelize_grid L oalelizesascope N y[{0}I=x[(0}] N:g y[{}1=x[{0}]
parallelize_gri as a CUDA grid y -
_ Parallelizes alscone Merges multiple SSR M y+=x[{0}|s:5,d:1] M y+=x[{0}|s:5,d:1]
parallelize_block asaCUDAblockp N y[{e}I=x[{e}] N:b y[{0}I=x[{e}] merge_ssr accesses into one M y+=z[{0}|s:7,d:1] M y+=z[{@}|s:5,d:1]
parallelize_warp Parallelizes a scope N y[{e}I=x[{e}] N:w y[{0}I=x[{0}] Activates an SSR N y+= \ N y+= \

vectorize_scope

as a CUDA warp

Vectorizes a scope

4 y[{e}]=x[{e}]

4:v y[{0}1=x[{e}]

activate_ssr

configuration

x[{0}|s:5,d:1]

x[{0}|s:5,d:1,h:2]
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Evaluation: x86 + heuristics

Intel Xeon CPU E5-2695 v4
18 cores

3.5
3 [ ONNXHunlimeP WM heuristicIl Our heuristicll Ourtransformedl OneDNhnl TVM search P Our search]

2 -
1.5 '
1 _ | II : |
i i il I ikl
: 5 :

BatchNorm 8x3x2048x2048 LayerNorm 4096x4096 MatMul 768x1024x1024 RelLU 4096x4096 Conv2D 8x10x3x512x512x5 ReduceMean 4096x4096

Speedup over PyTorch

§ Error
Error

heuristic = single program evaluation pass
search = 1000 evaluations
transformed = applying transformations manually

6 5.67
£ 4.96 1.96 puy ) mTVMsearch B Our search
5 S Budget: 1000 evaluations
4 q o
<3 Our approach achieves a 7.6% geometric mean speedup over TVM
22 111125
=] . :
- 0.51 C (excl udlng SwiG LU) 0.60 0.49
=] | - Error
(% ReduceMean Softmax RMSNorm Batched MatMul MatMul BatchNorm Conv2D LayerNorm RelU FFN-ReLU SwiGLU
Llama 3 8B Llama 3 8B Llama 3 8B Llama 3 8B Llama 3 8B EfficientNet B7 ResNet 152 BERT large ResNet 152 GPT-2 small Llama 3 8B

10
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Evaluation: Snitch [1]

& 100
o . Naive mm Greedy mmm  Heuristic
E 80
2
T 60
a
= 40
o
3 | o [ TP o e II| | ||I ol f 6L
S 0 “ | LT I |I “ I i
° £ + i o o L L e Y
o & @ o 8 a@ﬁﬁkﬁ‘eF @P{ﬁﬂ 49 & (& 53 e Dn:.ﬁ~<gﬂﬁ 6‘ & &P 6‘ .@ F o & W& Q@'ﬁp ¢; qm & ﬁa‘ﬂp
?“q?!" @""-'ﬁ-:?‘?:- f’.ﬂ”“’-ﬁ*ﬁ‘% ® a& R %$+ & EE“(-P
W & O RN &

Naive = loop fusion and memory reuse until exhaustion
Greedy = naive + hardware-specific transformations (SSR/FREP)
Heuristic = includes analysis pass made by hardware expert to determine the order of transformations

U
o 100
mm TVM mm Greedy mmm  Heuristic mmm Transformed mmm Handwritten

© . I_N - Em r 0
The geometric mean speedup of transformed over handwritten
implementations is 13%.

arman

¢ , mMINER NENEN <HEfS= NENER NESEN _EFER
Surm Gemm Softmax Leakyrelu Conv Batchnorm
lexl6 lexlexle BxE 16x16 1xdxdx10x10x3x3 dxdxBxE

[11 F. Zaruba, F. Schuiki, T. Hoefler and L. Benini, "Snitch: A Tiny Pseudo Dual-Issue Processor for Area and Energy Efficient Execution of Floating-
Point Intensive Workloads," in IEEE Transactions on Computers
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PerfDojo: Evaluation on x86 & arm / no heu

Performance
(% of Fastest per Kernel)

1.56x over PyTorch 1.80x over TVM

mm PyTorch s TVM

MIZ00A CPU (x86)

= PerfDojo

100

50
h '-. & @ 5 & gt
& & & fS° 6';‘ <§‘ & 3 ,@t’
"'-‘.‘pﬂ‘i‘* ¢ & g{"“ & & {0@ qﬁ{ta‘g&o"

& & &

4

Performance
(% of Fastest per Kernel)

$e cscs ETH:zirich

= PyTorch s TVM = PerfDojo

4

GH200 CPU {arm)

100

) |‘|

™ I

>

& ¢ & gF
aﬁﬂF¢ﬂ & '3? ':5} -::'5(‘ a‘g;"ﬁ 6‘“% ié’-‘ﬁ;‘:{p:?soﬁﬁ&
& & EC e
o af A ¢

6.65x over PyTorch 13.65x over TVM

12
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Conclusions More of SPCL’s research:

180+ Talks

youtube.com/@spcl

PerfDojo: Manual vs. PerfDojo’s transformation-centric optimization workflows PerfDojo: Overview of the PerfLLM training pipeline twitter.com /S p cl eth 1.4K+ Followers

-groedy Compute loss based on Max Q- _
Embedding learning and Double Q-learning .
Transformation represented as
wammny e | github /spcl 3.8K+S
Code generator + IR extensions HW- of (PerfLLM) ' i, - S o £ It u 'com s c . + ta rs
Kenel, k - 07 Policy Jargt
General-purpose compilers Select transformation . Transtormation hary i & Finetuned Luu ; Network :
B basod - Which 0e Applicable 03 .
Manual optimization & ansformation-base s ransformation,
tanual optimization loop ] f o N Find locations :] Transformation m a @ &' .. % e % .
SRR code . Kemel after BERT DoepSeck LlaMA
Manually enable HW features. -+ Locations arek K - i s p o
— "
Apply transformation * Applicable transformations ¢ ° ‘ . .
Optinizsd coce DI St K evame b Enable HW feature @ atlocation & - Ferbog stbanedsiop RGN (1 mHbeeh Y~

Scaling constant

Compile and exocute R'M\Yﬁé swha'} B Replaybuttr \' eee or SpCI-ethz.Ch ?ﬁ

-
PerfDojo: Representation and transformations Evaluation: x86 + heuristics e et PerfDojo: Evaluation on x86 & arm / no heuristics
ntel Xeon -2695 v "
L eores 3 GH200 CPU (arm) mmm PyTorch ®sm TVM mmm PerfDojo
M» = maxy sy €
TR, . ¥ 100
Softmax kernel: 2 g::' :‘, :-'ﬂ :‘"u. . ONNXRuRtime = JAX WPluto W TVM heuristic m Ourheuristic mOurtransformed = OneDNN W TVM search m Oursearch 25
neqi. = sum ey g g
W =1fa for Gi1 = 95 11 < 6; 11e0) S £g
dyn = eals Generated tLi006+41] = xCi0u6+i1]; z s 50
o for (18 s 3 2 %
ror oty € for (1 f1e0) SLi0e6e1] = Cows Jiosee : s a8
for (n=9:n<N;n++) ( x(beNen) = s[baNen)-m(b); ' i g 5 i <
Coaten]) = explxlbomen); | Tinsemesv] 4 [Treweam: 0] Zos H ‘ ils - I I . . I " g (@\& &@os Q'\ > & o\ S (\o Y & \\o
s AR s Oeclarations:  (HAIEiAl) Declarations COReEE)  Declarations:  (lGarreeE 0 - - - S & TS (\e @‘ @\ Sy s
or ¢ 3 iy fospend 132 [4, 6] he: x 132 (4, 6] heap x 132 (4, 6] he MatMul RelU4096x4096 C 20 8x10; & & S
dlosken] = efoawenJni[b]; bt Diend © 32 (4, €1 hoop S e 1.56x over PyTorch 1.80x over TVM & @ \o'\ &
Textual IR y 132 [4, 6] hesp y 132 (4, 6] heap 132 (4, 6] heap
| Outeut Operation Inputs et o Cods i ic = single program evaluation pass
N> al(0)] max= FIOROS] 46 t000), (1] = x[(0),(1)] 4 6 ¢l AN 46 o), (00 = XL, (0] search = 1000 evaluations = MI300A CPU (x86) mmm PyTorch ®ms TVM wmm PerfDojo 6.65x over PyTorch 13.65x over TVM
e T — 4.6 y0(0), (D] = t0(0), (1] 630 KOS 6 y000), (0] = t0®, 0N N 4 2l
7 5 . . transformed = applying transformations manually €
eL(@),(11] exp FIORGH lX Fomediier c,9 ¢¥ 100
" o
al(e)] o= e((e),(1] De:l:;;l::\s‘] Maﬂlm"x‘ 11 Incorrect! g)‘ Budget: 1000 evaluations WTVMsearch W Our search ég
e/ 1 st £ cn; ey €3 ‘{;’ g so
Dag (ORISR RO R RS Yif42 I4=: SL e H 146 157 ]
ode: E2 auim 051 05 107 104 067 088 %] 1.06 1.38 a5 vy S8
0.0 = 0,001 (i - g2 ml o EE == mm HEE ml om D 5
46 y[(0), (1] = t(0), (1] y[ln-ﬁvn] i 30 °
& ReduceMean Softmax RMSNorm  BatchedMatMul  MatMul BatchNorm ComzD Layerhom RelU FFN-RELU SWGLU B > A ¢ & 1 & R
(91 Uama 388 Llama 388 Llama 388 Llama 388 Lama388  EfficientNetB7  ResNet152 BERTlarge. Reshet152  GPT-2small Llama 388 & NI \6‘ & @"P 'f‘ é
- ({0} R & ¢ w
n1) Our approach achieves a 7.6% geometric mean speedup over TVM (excluding SwiGLU) S & & o
3 $ K &

=17 at(9)]
W OL(9), (1)) = eL(0),(12] * 4L(0)]

13
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