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Please watch Prof. Lee's following lecture video before working on this HW.
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https://www.youtube.com/watch?v=8iFvM7WUUs8

Assignment Format

e There are 20 multiple-choice questions with 0.5 point for each
question, so there are 10 points in total for this HW.
o Part 1: Paper Reading, 10 questions.
o Part 2: Coding, 10 questions.
e You only need to complete the quiz on NTU Cool and submit it.



Assignment Format - Paper Reading (1/2)

e Read the following papers to answer Q1~Q10:

o Speculative Decoding
m Fast Inference from Transformers via Speculative Decoding
m Accelerating Large Language Model Decoding with Speculative Sampling
m Inference with Reference: Lossless Acceleration of Large Language Models
m Specinfer: Accelerating Generative Large Language Model Serving with Tree-based

Speculative Inference and Verification

o FlashAttention
m FlashAttention: Fast and Memory-Efficient Exact Attention with |O-Awareness
m FlashAttention-2: Faster Attention with Better Parallelism and Work Partitioning
m FlashAttention-3: Fast and Accurate Attention with Asynchrony and Low-precision



https://arxiv.org/abs/2211.17192
https://arxiv.org/abs/2302.01318
https://arxiv.org/abs/2304.04487
https://arxiv.org/abs/2305.09781
https://arxiv.org/abs/2305.09781
https://arxiv.org/abs/2205.14135
https://arxiv.org/abs/2307.08691
https://arxiv.org/abs/2407.08608

Assignment Format - Paper Reading (2/2)

e Some questions are more general, while others are more specific.

e It'srecommended to first read through the paper at a high level, then
look more closely at the sections related to the question.

e You can also use an LLM to find the parts of the paper related to the
question, or to verify your own answer.

e More related papers (not used for the questions):
o  GitHub - hemingkx/SpeculativeDecodingPapers: =| Must-read papers and blogs on
Speculative Decoding #
o FlashAttention-4: Algorithm and Kernel Pipelining Co-Design for Asymmetric Hardware

Scaling



https://github.com/hemingkx/SpeculativeDecodingPapers
https://github.com/hemingkx/SpeculativeDecodingPapers
https://arxiv.org/abs/2603.05451
https://arxiv.org/abs/2603.05451

Assignment Format - Coding

e Fill the blanks in the sample code and analyze execution results to answer

Q11~Q20.

e You can also finish coding questions before answering Q1~Q10.
e Only need to modify code blocks with “# TODO: ...” comment.

Speculative Decoding

Initialization (TODO)

If you don't know how to create a hugg ngface token, please refer to:
o Slide

¢ Video
ANV 7 W

thf auth login --token
‘--add-to-git-credential’ if using via "hf CLI if you want to set the git cre

«» The token has not been saved to the git credentials helper. Pass "add to git credential=True® in this function directly or
Token is valid (permission: read).
The token “vllm® has been saved to /root/.cache/huggingface/stored tokens
Your token has been saved to /root/.cache/huggingface/token
Login successful.
The current active token is: “vllm®




Included Topics - Speculative Decoding

A high-level algorithm using draft predictions verified by the main model.

https://arxiv.org/abs/2211.17192
https://arxiv.org/abs/2302.01318
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https://www.youtube.com/watch?v=MAbGgsWKrg8



https://www.youtube.com/watch?v=MAbGgsWKrg8

Included Topics - FlashAttention

A low-level optimization that accelerates attention computation in LLMs.

Outer Loop

K:dxN

Attention on GPT-2
Copy Block to SRAM

Outer Loop V:NXd 15 ;I Matmul
——————— a
GPU .
Ca\srav:1omeisome) (B S 1| Dropout
S HEM: 1.5TB/s (40GB) 2 1 copy il | © | £101
HBM 8 Compute Block | g o Softmax
= on SRAM | § G g
\METL NI T DRAM: 12.8 GB/s £ |2 S|F sl Fused
(>1TB) 5 Mask Kernel
(CPU DRAM) 3 —
[ i 3
Memory Hierarchy with Ut hilis 0 - ] Matmul

Bandwidth & Memory Size sm(QKV: Nxd PyTorch FlashAttention

Inner Loop

FlashAttention

FlashAttention: Fast and Memory-Efficient Exact Attention with IO-Awareness



https://arxiv.org/abs/2205.14135

Algorithm 0 Standard Attention Implementation

Require: Matrices Q, K,V € RV*4 in HBM.
1: [Coad]Q, K by blocks from HBM, compute S = QK T, [write]S to HBM.
2: [Read]S from HBM, compute P = softmax(S), fwrite]P to HBM.
3: [Coad]P and V by blocks from HBM, compute O = PV, [write] O to HBM.
4: Return O.

Algorithm 1 FLASHATTENTION

Require: Matrices Q, K,V € RV*4 in HBM, on-chip SRAM of size M.
1: Set block sizes B, = I- ] B, = min ([4d] d).
2: Initialize O = (0)yxq € RN xd ¢ = (0)y € RV, m = (—o00)y € RN in HBM.
3: Divide Q into 7, = [Bi'] blocks Qq, ..., Qg of size B, X d each, and divide K,V in to T, = “?V_L-‘ blocks
Ki,....Kr. and Vy,..., V., of size B, X d each.
4: Divide O into 7, blocks O;, ..., Or. of size B, X d each, divide ¢ into 7, blocks ¢;, ..., {r, of size B, each,

divide m into T, blocks my,...,mr, of size B, each.
5: for 1< j<T. do ' N: sequence length
zf IfleforgI;‘ HEM T ot e th]. d: embedding dimension
8 -_Q,_, Or,,é’,,m, from HBM to on-chip SRAM. for each attention head
9: On chip, compute S Q,KT RB-*Bc N>d
10: On chip, compute m,j = rowmax(S;;) € R, 13,~j = exp(Si; — m;j) € RB*Be (pointwise), Eij =
rowsum(f),j) e P,
11: On chip, compute m™" = max(m;, i;;) € RBr, (reW = mi=mi™ ¢, 4 eMii=m"" ;. € RBr.

new new

12: [Writd O; « dlag(t’“ew) L(diag(&;)e™ ™" Q; + e™ii ™
13: [Writd ¢; « %, m; — m?*¥ to HBM.

14:  end for
15: end for

16: Return O.

P;;V,) to HBM.

FlashAttention: Fast and Memory-Efficient Exact Attention with IO-Awareness



https://arxiv.org/abs/2205.14135

Analyze Read/Write Memory

Standard Attention FlashAttention

e Read e Read
o Q:N*d o K:N*d
o K:N*d o V:N*d
o S:N*N o Q:N*d
o P:N*N o 0O:N*d
o V:N*d o |:N*1

e Write o m:N*1
o S:N*N e Write
o P:N*N o 0O:N*d
o 0O:N*d o |:N*1

e Total o m:N*1
o  N(4d+4N) e Total

o N(5d+4)



Included Topics - VLLM

A system that combines techniques to enable fast and efficient LLM inference.

VvLLM is fast with:

» State-of-the-art serving throughput
Efficient management of attention key and value memory with

Continuous batching of incoming requests

Fast model execution with CUDA/HIP graph

Quantizations: GPTQ, AWQ, AutoRound, INT4, INT8, and FP8

Optimized CUDA kernels, including integration with FlashAttention and FlashInfer
Speculative decoding

Chunked prefill

A high-throughput and memory-efficient inference and serving engine for LLMs
Efficient Memory Management for Large Language Model Serving with PagedAttention



https://github.com/vllm-project/vllm
https://arxiv.org/abs/2309.06180

Submission & Deadline

e Submit your homework to NTU Cool, you don’t need to submit your code.

e There is no submission limit for the NTU Cool quiz. Your highest score
among all attempts will be taken as your final grade.

e 2026/04/09 23:59:59 (UTC+8)

e No late submission is allowed



Grading Release Date

e The grading of the homework will be released by 2026/04/12 23:59:59
(UTC+8)



Grading - Requlations

e You should NOT plagiarize.

e Do NOT share codes or prediction files with any living creatures.

e Your final grade x 0.9 and get a score 0 for that homework if you violate
any of the above rules first time (within a semester).

e Your will get F for the final grade if you violate any of the above rules
multiple (> 1) times (within a semester).

e Prof. Lee & TAs preserve the rights to change the rules & grades.



If You Have Any Questions

e NTU Cool HW3 {EE:1:R[=
o WMRRZBHERER T RIEEZFESESETA, 5—8MEA NTU Cool &R E
o Bh#EMEEsllE NTU Cool 54imE LRI 8

e Email: ntu-mI-2026-spring-ta@googlegroups.com

o Title should start with [ML 2026 Spring HW3]
o Email with the wrong title will be moved to trash automatically

e TA Hours
o Each Friday before / after class:
m (Fri.)13.20~14.10/17:30~18:00
m Location: £ 112


mailto:ntu-ml-2026-spring-ta@googlegroups.com

References

GenAl-ML-2025 HW3
ARAANT SR BB IEH 2025)F 358  MEH AR EEHER - YouTube
o A |3 £ - A L SR BORE R B S — Speculative Decoding

A high- throuszhput and memory-efficient mference and serving engine for LLMs
Efficient Memory Management for Large Language Model Serving with PagedAttention



https://speech.ee.ntu.edu.tw/~hylee/GenAI-ML/2025-fall-course-data/hw3.pdf
https://www.youtube.com/watch?v=8iFvM7WUUs8
https://www.youtube.com/watch?v=MAbGgsWKrg8
https://github.com/vllm-project/vllm
https://arxiv.org/abs/2309.06180

HW?3 Questions

e For those who are neither enrolled in nor auditing the course, we also
provide all questions (without answers) here. The questions are identical
to those on NTU Cool.

e The link for the document including answers and explanation will be
released here after grading release date 2026/04/12 23:59:59 (UTC+8).



Chinese + English




(FEE—I8) 8 /X Fast Inference from Transformers via Speculative Decoding, &HEF LI T speculative decoding step RIS ER :

1. {#FH target model E approximation model 5 n + 1 {EHZE S, FTE LIS IERM DM ML token “t"

2. IR¥EEE i {8 target model 4 RAIME DR EREES approximation model & f# token x,, 4 i=1 BISRREES] i=n+1 B x_ “
WIEAE, R ERE token(s) “[x,, X,, ..., x |”

3. EF token R “prefix + [x, ..., x , t]"

4. #8E—F# pefix £/ approximation model BEIERMAER v @ tokens “[x, x,, ..., x |” B ERIBLIR I

5. A target model FATHARIEIA “prefix”, “prefix + [x ]", ..., “prefix + [x, ...,x I" £/ v + | {ET1E token HIHES

A. 42513
B. 25143
C. 45213
D. 54213
E. 45123




E=

(FE:E=18) 8% X Fast Inference from Transformers via Speculative Decoding, T5I|#iLt 25 speculative decoding iR AKEIZES
BRI - EERIENER?

A —FEEH—EREESERE/ approximation model

B. Rl—#H target model 1 approximation model, Z#iREFER AT EEHEME, B speculative decoding IR R[]

C. {8/ speculative decoding, JR—#i% decoding #iLt, B EEERTLHNHEER

D. R TR A& AR tokens, —1& speculative decoding step mI 8t &L E{E(E R —@FT token, (B ZRILIEHE v+ 1 {EF tokens

E. REBRAEREH, 7€ approximation model 4 BAIHEER /IR target model ZR L8, FAEREIL v K, —{& speculative decoding

step £ KM token B AR—FEEIR v —H K




(FE:#IUIE) 8% $H X Accelerating Large Language Model Decoding with Speculative Sampling, EAf? &2 draft model SIE target
model R ETEME, THIMILE sk 2 IEFERY ? ( draft model FEIFT— &R XA approximation model)

A. 1N {E A random sampling (B 5% temperature, top-p, top-k) {122 i H 7> MABEHERIZ&H HAY token, BIfE draft model 78884
token IR target model #itH Y token BEABR], th B RIEE %A draft model BEH S B EE P LE token B draft model FE:BI#
token B Z#IE 48 (¥ R Algorithm 2)

B. RZ draft model #:%:EERE token #EZH 5, A draft model HEEZEREL target model #BE, ERZENEHE target model B
AEEAE draft model HIFE R 2248

C. INEfEMA greedy decoding 1B R I H 2 MHEEHERE M token EFE#IHAY token, ATLLEI%E Modified Rejection Sampling 51 &
extra token BIFSRE, M EEFERBMMEREBLLLER random sampling tR— 24

D. £ draft model —RFEAIZ @ tokens B¥, MEXRZRMRERRERT HXZEETER token B4 target model IE484}, h B AJEERE
target model 725258 draft model FERIEY token FF S EMAMTITHR, RAENT HERE X B —RAA—EHWABRKER— KR

E. MEHBERGEHMEEMMG, MEEIERFERBERNERES draft model, REEF BEIFFERKRIEER

03



(FE:EMIE) B& /X Inference with Reference: Lossless Acceleration of Large Language Models, T 51| BiLt X £ 22 S &8 N E A FER

FHA ®mXT Figure 1 Bk 2

A EXRBREHHERN, SRS —EA/NMEEAHERSERABEXN, FIRMERBEXERHHOXAERETNE

B. #@BARIMEEERF AR, MREHFHER, HHRRPEUMBRERER, ARRRDENERELABEERSIBHR

C. RIEFERAEMME ENBENERRRHSHERAXEEARE, L AERERESEXX M 2MMERERINE

D. EREEHE RN, RFEANERAIRE logitlens M, FRER-BEEMNAHSEERERRAIEENSALH & TRER

RE BT R AR
E. A ZMEEET, SEEMEREERARLATEL, AT LUGITRRAEREY NRBRABEXY, FIRHERNXAEEETINE




(FEE—IH) BE X Speclinfer: Accelerating Generative Large Language Model Serving with Tree-based Speculative Inference and
Verification, F3IEARY Specinfer 22485 Learning-based Speculator £ Token Tree Verifier Bk BiLE 2 IE FERY 2

A. £ Learning-based Speculator 1 F expansion-based token tree construction 37 token tree 2% £ %l small speculative model

top-k tokens 7£ k fB/IMBKHR 1 B, BRT k=1 B token, Efth tokens thiBE AJREAENEA LLM FriE=; LETE LLM £ greedy

decoding F¥E#EE small speculative model B top-k tokens, INRERR k=1 MIIER, BEMEREMIERL LLM {E stochastic

decoding ;2 &5 (3R Table 1)

B. 7£ Learning-based Speculator {8 Merge-based token tree construction, 8% %% %18 small speculative models 1&i& bOOSth

AKX FEEMoEmE o mERaTaeiER LLM B8 ; E328 boosting FIIfE A X 25%E LLM 2@ prompt EE#HHBERIIGEE

{& small speculative model, Fl#&5E% R E LLM IR small speculative model ¥t[E—1& prompt i 8FE# tokens, FAIEEXE HHEST, ﬁ

ﬂ;iﬁiﬁ?—ﬂﬁ] small speculative model ¥, FAIEZEL EHMIEERERAHERIMNER EIEE, FEL2ME speculative models 15 k& i i 1%
?

C. 18 Learning-based Speculator #& 4 E{& speculated token sequences: “machine learning model works”, “machine vision system

adapts”, “machine vision system scales”, “machine learning model improves” i i E & —1{& token tree, £% token tree B expansion

configuration & <2, 2, 1>

D. 7£ Token Tree Verifier i LLM E&z& speculated token sequences Ff, KA % & sequences £ ZER{PH prefix, Al LUF £ E prefix £

I;Sy # value RF—A7E kv cache 1, #REE sequence BEHF—AMERIRI key Fl value, RIFFETI AT EE{EF key F value HIEFFE

::FEﬁ

E. Token Tree Verifier £ Y LLM &:%E:@ pipeline model parallelism B 23k GPU 8 LLM R—& transformer layer B8 E, L&

8 tensor model parallelism £ LLM Z1& transformer layers 5> E2 2| %5k GPU &

05



(FEE—I8) 8% /X FlashAttention: Fast and Memory-Efficient Exact Attention with 10-Awareness, 5&#EF LT flash attention forward
passiILER:

T Q, K, VeRNd

1. % HBM # A K,V = SRAM

2. RS LEE STm P

3. #F QU AHME B *d BIFEME T =ceil(N/B) 38, KR V Y17 SHE B * d KM T =ceil(N/B) #8, O Y153 H#EE B * d BIZEME T,
B, 1R m YIS &M B * 1 RUZEME T 1%

4. B 'm,1,PEEH m™, "™ HEH O

5.# HBM # A Q, 0,1, m E SRAM

6. #F mv, I"v, BH&AE O FA HBM

A.315642
B.126435
C.145632
D.364521
E.315246




(FEE=18) BE X FlashAttention: Fast and Memory-Efficient Exact Attention with 10-Awareness, T5I|Hitt 2 FlashAttention 1EFER
Rk 2

A. FlashAttention 7£ backward pass FEEX R E& AR forward pass BEER B A |, m M=, A7BHth forward pass BI#iH

B. #2X FlashAttention EE#TRZ RAEE, HERAMNMEEHRE HBM H A SRAMIERME SRAM LETEFHMEREA HBM IMEH
SR, MLLZELER Attention ZE AR

C.& N ZF3ERE. d  multi-head attention £{& head # embedding dimension, M & SRAM K/ME d <= M <= Nd, FlashAttention
BEREZEFTE Exact Attention RIRAIFFREIEHE

D. # N 2FFI&KE, FlashAttention & T 528% dropout mask it backward pass 5t1&, ZMEE ON?) MBS CIERE

E. FlashAttention A& 27 SRAM LitE%E[E S IR P, A EM#FE HBM, FTLITE backward pass 51 & Q, K, V #] gradients K, 2
BENVMEFE HBM M L, m ME, EFHETEHIER SR P




(FEE=18) & WX FlashAttention-2: Faster Attention with Better Parallelism and Work Partitioning, T5IHi£t 2 FlashAttention-2 %
R#H FlashAttention ZH#REL ?

B IEFEEREAEFASERRHEGEELL

B Q. K,V EMERRMGETME B REBSHRRERER attention layer output

Ft & attention BFER T #t attention head #0 batch ME M EHEMIEH EMTITIL, 28518 sequence length S B EMTFITIL
. FRIZE forward pass, 854 0E backward pass BIEHE

E. £ GPU #9—1{& thread block, £ K #1 V f{E%E[E:EFRA wraps #i£=

U0 w>




(FE:E/RIE) 8% /X FlashAttention-3: Fast and Accurate Attention with Asynchrony and Low-precision, T 5| BiLt 2 1F # #4 fk ik

A.Thread RXEFHENR GPU B FEEEFMBITENRL, M Hopper GPU B thread MiEEHARIEEBIIRER R grids ->
threadblock clusters -> threadblocks (cooperative thread arrays / CTA) -> warpgroups (8 contiguous warps) -> warps (32 threads) ->
threads (£ & section 2.2)

B. HEMNTIEEESE TN FBMESRE 15 B GPU B9 multi-function unit j#07 Tensor Core ] L$#41T, RILLZE—1@E warpgroup £ & softmax
B B —1& warpgroup HiEfETE

C. E—1{& warpgroup th el LIZEAR[E iterations 51 GEMM #1 softmax B35 5 E18@ pipelining EF|AE % Tensor Core ZE &2 F1T1E,
BERERIE—E iteration MEBERRK L ELERE, WASKIEES register EFII—ESRMERERTEHRTESRMER

D. 7£ FP8 ¥5E it & attention weights B, FlashAttention-3 & Q B2 K %B[#4H5kRT, §4&if Q B K £ AR E—(EAEXRIEEEM FP8 £
1t , 32 Q Ed K B IR In L (B R A B 2 2 IE IS iR 8 (AR E ILE{E quantization error, {B Q £ K FIIEZE[EHERA O(d?) BEEEHEE (
=—1{@& attention head #J embedding dimension)

E. RF H100/ H20 % Hopper 22##) GPU F&EEHAE A/ FlashAttention-3, & A100/V100/RTX 4090 / RTX 3090/ T4 & GPU R

£

REFI'E A B FlashAttention-2 (B A FlashAttention: Dao-AlLab/flash-attention: Fast and memory-efficient exact attention)

[oN

09


https://github.com/Dao-AILab/flash-attention

(FERZIH)BELRNE. FRERTZHFEBEBMFAARXI, TIIMLRIE#EKD ?

A FEMERMARRATLUERTER LLM M5 HER, thalLisE LLM JIRS SRR R ERERL, FEEFERLETXMERLE
SR

B. HF LLM MIMRFEM A —ER B BHEASE L, hAEREEE LLMBEXRSMEREMZ HMER ER, kil FlashAttention-2
0 speculative decoding # AT LIF RGN GPU R FH 3

C. MiE LLM s MR E S BRI EEEME—ERE B2 speculative decoding, quantization, attention approximation & {&#
LLM FRIRE E : flash attention, viim 88 speculative decoding EE# GPU EEB EEMEEHNEL

D.LLM JI#EH#mT B E 2 EHAEDR, HEZESRIREHFRMVBHEILEREEM, B2 FlashAttention-1~3 REZME LLM
th attention BIETE, MABER —A% attention, FlashAttention-1 A E B/ T attention 5tHE7E GPU iR FEEHRX/NMN ERAEE
41 B P

E. Speculative decoding ¥ Flash Attention 27 LLM h0R 1T, [ERF{E A mMAE B i o] LUE@ R A — i inEs R



(FE;E—18) & 33 Accelerating Large Language Model Decoding with Speculative Sampling, #& LT &IE#EH —IEE A Manual
Speculative Decoding E&&H manual speculative step causal BEGZCFERIZEHE diff = 722 (assistant model HIE B[R draft model
approximation model)

q full = F.softmax(a prefix.logit - :] / max(temperature, eps),

# TODO: calculate the difference of d: ibution of prob be
clnSisE=
denom = diff.sum(dim=-1, keepdim=

fallback = torch.argmax(p i, dim=-1, keepdim=

A. torch.abs(p i-q full)
B. torch.clamp(p_i - q_full, min=0)
C. torch.abs(q_full - p_i)
D. torch.clamp(q_full - p_i, min=0)




(FE;E—18) & 3/ Accelerating Large Language Model Decoding with Speculative Sampling, Bif? Manual Speculative Decoding
BEgh, ¥ manual speculative step causal ERTAEE B —1TFER ratio = torch.clamp(p_x / (q_x + eps), max=1.0) BB 18 2 IEFER 2
(assistant model B9E B % [E draft model #1 approximation model)

# Compute accept ratio min(1l, p(x)/q(x)) and sample Bernoulli accept.

adc
I

ratio = torch.clamp(p x / (g x + eps), max=1.0)
accept = torch.rand like(ratio) < ratio

AT RFE target model @B E %S assistant model FERIHY token
:@nz?%?n‘fﬁ assistant model B11EKE 2, ARINBEEREEA target model
ERATEREFE assistant model — speculative decoding step FEiBIAY token £k
ERBTEE top_p sampling, FHi@RFI RFED MR R BIEIZEHER tokens

]
Il Hm

UO.UU?




(F&:EMIE) 7£ Manual Speculative Decoding EE&, 555 3I{E A normal prompt #1 simple prompt #1147
speculative_generate manual_seq2seq BT, 7 HTATERMMITRMELIRIESZE alpha, HFEH LT EFERRKR,

A. F simple prompt $14TEFR L normal prompt 52R9E R Z simple prompt BIEIA token E85E 4>

B. N alpha B#15, 12F gamma AT RMIIERRIZR, SLLIER alpha BEEESH

C. F simple prompt $14TEE L normal prompt 52R0E R =Z target model #1 assistant model A simple prompt £ R EF, @& token A4
L normal prompt BE4ET

D. E% Speculative Decoding A&7l @AM IEER X, BIFEER LR speculative IR autoregressive generation #3&EH 18 [H
M, ZEFMAESBMEEMERT, ERETREABKEER —KMNEXEENT EFT KM  alpha REBHAXF NS




Speedup (baseline_time / method_time)

(F&Z—18) 5 Benchmark with Two Prompt Regimes BE2 %, {RiBR% E A ME HEH EHERMHGHE

A. E:RH{E A MIFE prompt Bk assistant model, MR R EFEE gamma 1€0, 2EIREESERAES

B. {8 high_util_prompt Ef, speculative decoding EFHINIRAREELLER low_util_prompt EEG 2 &
C. 7£ sample code R E{F speculative decoding, E/FAEER KM 1.5 EAUMNERS R

D. E9mME, N-gram ELLERH gemma-3-270m-it & assistant model £ FE R AIINERKLE

RIBFEAR GPU SRIMAMASFEME, EEMBATRTE, UTRE—EFR GPU TERER EENEB R RSB E .
T4 A100

Prompt Regime Comparison: Low vs High Utilization Prompt Regime Comparison: Low vs High Utilization
Gemma-3-270m-it Speedup vs Gemma-3-1b-it N-gram Lookup Speedup vs Gemma-3-1b-it Gemma-3-270m-it Speedup vs Gemma-3-1b-it N-gram Lookup Speedup vs Gemma-3-1b-it
20 —e— low_util_short —=— low_util_short —e— low_util_short —=— low_util_short
~e— high_util_long ~=— high_util_long ~e— high_util_long ~=— high_util_long

Speedup (baseline_time / method_time)




Prompt Regime Comparison: Low vs High Utilization

Gemma-3-270m-it Speedup vs Gemma-3-1b-it

N-gram Lookup Speedup vs Gemma-3-1b-it

e_time / method_time)
508
38

&
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5
b

Speedup (baselin

—e— low_util_short
~e— high_util_long

—=— low_util_short
—=— high_util_long

8
8

Prompt Regime Comparison: Low vs High Utilization

Gemma-3-270m-it Speedup vs Gemma-3-1b-it

N-gram Lookup Speedup vs Gemma-3-1b-it
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—e— low_util_short
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(FE:#/M18) 7£ Benchmark with Two Prompt Regimes B &:{# F speculative generation #%, IR A T4 GPU T E LB HRET, MNXE
MR L — % autoregressive generation Eig, HEER[RERE

A. T4 GPU EffEHamBIEH /Y assistant model FE:8l gamma {B tokens ML ERME T 2 ihimfE AR, FRFERERIRIEE (RT1ER o
¢ A “sudo apt install nvtop” + “nvtop” %% )

B. Target model &35 £ 1@ tokens B, EEhARLL BEISRER— ﬂEI token g, EETETFITE

C. {HF# assistant model HZ2E i target model Xid##if, HEZRE assistant model BEIEFFA L gamma {& tokens HIEFfHE

D. B4 speculative generation JE& %Lt autoregressive generatlon %’E%’E B 2R ERTIES assistant model £ A tokens 1 F
[% A target model £ assistant model {§IEfx & —{EE{# token MIBEEMGIEMELER, €& CPU {fEE GPU BEZHIBFRHIFTE




(FE:E—I8) % sequence length (N) & 1024, $14T FlashAttention EE&HE, & HBM BEMZHHBERIEA THIW—18 ?

A. 800,000
B. 1,000,000
C. 900,000
D. 700,000
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(FE;Z—18) % sequence length (N) & 2048, FlashAttention Ei Standard Attention #8Ltt, £ T4 GPU BYIE SR M0 A0 1S R R 3538 T 51 i —
1§ 7

A. 1.835511
B. 1.899839
C. 1.934696
D. 1.952866
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(1) 5&E KV Cache Multi-turn Test EEZHIFER (0.25 43)
(2)(FE#—I8) kv cache 5 234 fFRIEMRERA, EREWEHMFMEEHET 2( 0.25 9)

A. BT THERIESE (Model Weights) # CPU & AZ| GPU VRAM K {E i EFRE

B. i T &M EX (Decode Phase) /1, TEAIE—{E#H Token PR MIET EBFRE

C. i 7T GPU SCIEf248E, A KV Cache I2# T VRAM B IR EE&EE

D. 8i& T £ RIATIX (Shared Prefix) 7£ Prefill BEEE S, #i@ Attention £l FFN [& 1730 8 k% 1E H R B




(1) Z58[E KV Cache Invalidation BEEHIFEE (0.25 53)
(2)(fEE—18) T 5Lt 27 prefix MA—EZH 2 ERREFLETER kv cache £MHEE (0.25 7)

A. ZEARF LI tokenizer P& EHENZRRE, E Ltk prefix BEFE LZBHE, kv cache KM R B RMPEKEFHETERHK

B. ZZA& % T prefix F B #IH = {E (Hash Value), BEERHH Semantic Cache IEELREX, ¥IE AL FEES

C. A&RIUIFHE B RIEE), %RIE Token EETEEE H#H| (Attention) B, E4 M Key £ Value 56 /& & E R R ENVE AT E

D. £ PagedAttention ##i| ., 2845} # Token EiERECIEREESE (Block) NERE FiLiR L, S RifsaHEXEH EFHHE XX Cache




(1) 551 vLLM CPU RAM/Speed Trade-off EEg&E EIMEF R cpu offload config(0.25 43)
(2) (FEE—18) BHEEIE model weight # %! cpu throughput %1€ (0.25 43")

A. BASRES—EHH Token, BIME{ERE (Forward Pass) S3EZEE &t CPU #hE— R EEH S
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(Choose one) With reference to the paper Fast Inference from Transformers via Speculative Decoding, order the following steps of a
speculative decoding step:

1. Using the (n + 1)-th probability distributions from the target model and the approximation model, compute the corrected distribution
and sample a token “t” from that distribution

2. Based on the i-th probability distribution generated by the target model, decide whether to accept the token x, generated by the
approximation model. Starting from i = 1, continue this process until “x , “is rejected ati=n+ 1, and finally determine the accepted
token(s) “[x, X, ..., x I"

3. Return the token sequence “prefix + [x,, ..., x , t]”

4. Given a string prefix, use the approximation model to autoregressively generate y tokens “[x,, x,, ..., Xy]” and their corresponding
probability distributions

5. Use the target model, in parallel, to generate y + 1 next-token probability distributions based on the inputs “prefix”, “prefix + [x,]", ..
“preﬁx-+[x1,“.,xﬂ”

A. 42513
B. 25143
C. 45213
D. 54213
E. 45123




(Choose three) With reference to the paper Fast Inference from Transformers via Speculative Decoding, which of the following are
unavoidable consequences when using speculative decoding to accelerate inference for large language models?

A. It is necessary to use a large language model as the approximation model

B. Even with the same target model and approximation model, the speedup from speculative decoding can differ across tasks because
of differences in task characteristics

C. Compared with standard decoding, speculative decoding requires the computer to spend more computational resources

D. Besides the original input tokens, a single speculative decoding step may fail to return any new token, but it can generate up to y + 1
new tokens

E. Assuming unlimited compute resources, if the probability distribution generated by the approximation model differs greatly from that
of the target model, then even if y is continuously increased, the number of tokens generated in one speculative decoding step does
not necessarily approach vy




(Choose four) With reference to the paper Accelerating Large Language Model Decoding with Speculative Sampling, which of the
following statements are correct regarding what should be considered when choosing a draft model to accelerate inference for a target
model? (The draft model is equivalent to the approximation model in the previous paper)

A. If random sampling is used to select the output token from the model’s output distribution (with temperature, top-p, or top-k applied),
then even if the token predicted by the draft model is often the same as the token output by the target model, the token predicted by
the draft model may still be likely to be rejected because the draft model’s output distribution is extremely concentrated on only a few
tokens (see Algorithm 2 for details)
B. As long as the draft model has sufficiently fast inference speed and a sufficiently high token acceptance rate, and the draft model
uses the same vocabulary as the target model, then regardless of which target model is being accelerated, there is no need to care
about the architecture of the draft model
C. If greedy decoding is used to choose the highest-probability token from the model’s output distribution as the output token, the time
required by Modified Rejection Sampling to compute the extra token can be saved, and experimental results show that the speedup is
also slightly better than when random sampling is used
D. When the draft model predicts multiple tokens at once, the speedup may be limited not only because the last few predicted tokens
may be rejected by the target model, but also because the target model verifies the tokens predicted by the draft model by running
parallel inference on multiple inputs; if the available compute is insufficient, this may not be as fast as running inference on only a
single input.
E. Even if the model’'s output probability distributions are available, non-autoregressive generation models still cannot be used as the
draft model; only autoregressive generation models can be used
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(Choose two) With reference to the paper Inference with Reference: Lossless Acceleration of Large Language Models, which of the
following acceleration applications for large language models do not match the description in Figure 1?

A. Before the large model outputs an answer, another smaller model is first used to generate an answer, which is treated as a
reference document; the overlap between the smaller model’s output text and the larger model’s output is then exploited for
acceleration

B. Past questions and answers are stored in a cache. When a new question is asked to the model, similar past questions and answers
are retrieved from the cache, and the old answers in the cache are used as reference documents to guide inference

C. Based on the user’s question, multiple relevant documents are retrieved from an external database as references, and the overlap
between the generated result and these documents is exploited for acceleration

D. While the model is generating an answer, the outputs of the logit lens from several earlier layers are monitored at the same time. If
they highly overlap with the final-layer output, the outputs from the earlier layers are directly used, thereby saving the computation time
of the later model layers

E. In multi-turn conversations, when the model is asked to revise or explain its previous outputs, the content generated in earlier turns
can be treated as reference documents, and the textual overlap across conversation turns can be exploited for acceleration
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(Choose one) With reference to the paper Specinfer: Accelerating Generative Large Language Model Serving with Tree-based
Speculative Inference and Verification, which of the following statements about the Learning-based Speculator and the Token Tree
Verifier in the Speclnfer architecture is correct?

A. The reason why the Learning-based Speculator uses expansion-based token tree construction to build a token tree is that, when
k is small but greater than 1, besides the token corresponding to k = 1, the other top-k tokens from the small speculative model are also
likely to be accepted by the LLM being accelerated. In particular, when the LLM uses greedy decoding to verify the small speculative
model’s top-k tokens, if the k =1 case is excluded, the resulting verification success rate is higher than when the LLM uses stochastic
decoding (see Table 1 for details)
B. When the Learning-based Speculator uses merge-based token tree construction, it is necessary to first prepare multiple small
speculative models and train them with a boosting-based method so that their output distributions are as close as possible to that of the
LLM. Specifically, the boosting procedure is as follows: first, let the LLM generate outputs for multiple prompts and use them to train the
first small speculative model; after training, as long as the LLM and the small speculative model generate the same tokens for the
same prompt, that data is marked. Then, when training the next small speculative model, the marked data is assigned lower weight
while keeping the same amount of training data, with the goal of making the outputs of multiple speculative models as similar to each
other as possible
C. Suppose the Learning-based Speculator generates four speculated token sequences: “machine learning model works”, “machine
vision system adapts”, “machine vision system scales”, “machine learning model improves” , and merges them into a token tree. Then
the expansion configuration of that token tree is <2, 2, 1>
D. When the Token Tree Verifier uses the LLM to verify speculated token sequences, since multiple sequences share part of the prefix,
the keys and values of the shared prefix can be stored only once in the KV cache, instead of storing an identical copy of the keys and
values for each sequence, thereby saving both the computation time and the memory space needed for computing and storing keys
and values
E. The LLM used by the Token Tree Verifier uses pipeline model parallelism to run the computation of the same Transformer layer of
the LLM simultaneously across multiple GPUs, and uses tensor model parallelism to distribute multiple Transformer layers of the
LLM across multiple GPUs for computation 0 5
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(Choose one) With reference to the paper FlashAttention: Fast and Memory-Efficient Exact Attention with I0-Awareness, order the
following steps of the FlashAttention forward pass:

Given Q, K, V € RNV

1. Load K, V from HBM to SRAM

2. Compute S, m, P, 10n chip

3. Split Q into T_= ceil(N/ B)) blocks of size B_* d; split K and V into T_= ceil(N /B ) blocks of size B_ * d; split O into T_blocks of size B_*
d; and split1 and minto T_blocks of size B_* 1

4. Usem,1, P to compute m™¥, I"*¥, and update O

5. Load Q, O, 1, m from HBM to SRAM

6. Write m"*V, I"*¥, and the updated O back to HBM

A.315642
B.126435
C.145632
D.364521
E.315246




(Choose three) With reference to the paper FlashAttention: Fast and Memory-Efficient Exact Attention with I0-Awareness, which of
the following statements about FlashAttention are correct?

A. In the backward pass, FlashAttention only needs to load the 1 and m vectors written during the forward pass, and does not require
any other outputs from the forward pass

B. Although FlashAttention requires more computation, it is still faster than standard attention because the total amount of data moved
for “loading data from HBM to SRAM” and “writing computed data from SRAM back to HBM” is smaller

C. Let N be the sequence length, d be the embedding dimension of each head in multi-head attention, and M be the SRAM size, with d
<=M <= Nd. FlashAttention already achieves the fastest possible time complexity for computing exact attention.

D. Let N be the sequence length, , then in order to record the dropout mask for use in the backward pass, FlashAttention requires an
additional O(N?) memory

E. Because FlashAttention computes the matrices S and Pin SRAM and does not write them back to HBM, when computing the
gradients of Q, K, and V in the backward pass, it needs to use the 1 and m vectors additionally stored in HBM to recompute the
matrices S and P
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(Choose three) With reference to the paper FlashAttention-2: Faster Attention with Better Parallelism and Work Partitioning, which of
the following are optimizations that FlashAttention-2 additionally introduces on top of the first-generation FlashAttention?

A. Reducing the proportion of non-matrix-multiplication operations in the overall computation

B. Splitting the Q, K, and V matrices apart to compute intermediate values separately, and then combining them into the final attention
layer output

C. In addition to parallelizing attention computation over the two dimensions of attention heads and batch size, further parallelizing over
the sequence length dimension

D. Not only accelerating the forward pass, but also additionally accelerating the backward pass

E. Within a GPU thread block, making the K and V matrices shared by all warps




(Choose two) With reference to the paper FlashAttention-3: Fast and Accurate Attention with Asynchrony and Low-precision, which of
the following statements are correct?

A. Athread is an execution unit that exists in large numbers on a GPU and is responsible for managing computation. On Hopper GPUs,
the hierarchy for organizing threads from top to bottom is: grids -> threadblock clusters -> threadblocks (cooperative thread arrays /
CTAs) -> warpgroups (8 contiguous warps) -> warps (32 threads) -> threads (see Section 2.2 for details)
B. Since the exponential operation and matrix multiplication are executed on the GPU’s multi-function unit and Tensor Cores,
respectively, one warpgroup can perform matrix multiplication while another warpgroup performs softmax
C. Even within the same warpgroup, the GEMM and softmax instructions from different iterations can also be partially parallelized
through pipelining to make better use of Tensor Cores. However, the trade-off is that when the computation of one iteration is split into
multiple steps, more registers are needed to store the intermediate results of the previous step before the computation of the next step
can proceed
D. When computing attention weights in FP8 precision, FlashAttention-3 multiplies Q and K by an orthogonal matrix before quantizing
them to FP8. This allows extreme values in Q and K to be reduced in quantization error by being summed together with many
non-extreme values. However, multiplying Q and K by the orthogonal matrix has time complexity O(d?), where d is the embedding
dimension of one attention head
E. Only Hopper-architecture GPUs such as the H100 / H20 can use the official FlashAttention-3, while GPUs such as the A100 / V100 /
RTX 4090 / RTX 3090 / T4 can only use the official FlashAttention-2 (official FlashAttention: Dao-AlLab/flash-attention: Fast and
memory-efficient exact attention)
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https://github.com/Dao-AILab/flash-attention
https://github.com/Dao-AILab/flash-attention

(Choose three) With reference to the course content, the homework slides, and all the papers you have read, which of the following
statements are correct?

A. Some acceleration techniques can not only make LLM training or inference faster, but can also reduce the memory required for LLM
training or inference, allowing the model to perform better on tasks that require long contexts

B. Sometimes, LLM acceleration techniques do not necessarily only make the computation itself faster; they may also allow LLMs to
make better use of additional available computing resources. For example, both FlashAttention-2 and speculative decoding can
effectively increase GPU utilization

C. Various techniques for accelerating LLM training or inference often come with certain trade-offs. For example, speculative decoding,
quantization, and attention approximation may degrade LLM performance; compared with speculative decoding, flash attention and
vLLM require more complex low-level GPU optimizations

D. LLM training and inference consist of multiple computation steps, so it is important to identify and optimize the most time-consuming
parts among them. For example, FlashAttention-1 through FlashAttention-3 all accelerate attention computation in LLMs, and
compared with standard attention, FlashAttention-1 in particular reduces the time required to read and write the same amount of data
in GPU memory during attention computation

E. Speculative decoding and FlashAttention are compatible LLM acceleration techniques. Using both techniques together can achieve

greater speedup than using only one of them
010



(Choose one) With reference to the paper Accelerating Large Language Model Decoding with Speculative Sampling, choose one of
the following options to fill in the blank diff = ??? in the manual speculative step causal function used in the Manual Speculative
Decoding experiment. (Here, “assistant model” is equivalent to “draft model” and “approximation model”)

1l = F.softmax(a prefi its[:, - :]1 / max(temperature, eps), dim=

calculate th erence of dist ution of prob between p(x) and q(x)

diff

denom = diff.sum(dim=-1, keepdim=
fallback = torch.argmax(p i, dim=-1, keepdim=

A. torch.abs(p i-q full)
B. torch.clamp(p_i - q_full, min=0)
C. torch.abs(q_full - p_i)
D. torch.clamp(q_full - p_i, min=0)




(Choose one) With reference to the paper Accelerating Large Language Model Decoding with Speculative Sampling, which of the
following statements correctly describes the purpose of the line of code ratio = torch.clamp(p_x / (q_x + eps), max=1.0) in the
manual_speculative step_causal function used in the Manual Speculative Decoding experiment? (Here, “assistant model” is equivalent
to “draft model” and “approximation model”)

# Compute accept ratio min(1l, p(x)/q(x)) and sample Bernoulli accept.

ratio = torch.clamp(p x / (g x + eps), max=1.0)
accept = torch.rand like(ratio) < ratio

A. This is used to decide whether the target model should accept the token predicted by the assistant model

B. This is used to compute the loss function of the assistant model, in order to train it to better match the target model

C. This is used to dynamically adjust the number of tokens predicted by the assistant model in one speculative decoding step

D. This is used to implement top-p sampling by filtering out low-probability tokens through constraining the cumulative distribution
probability
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(Choose two) In the Manual Speculative Decoding experiment, run the speculative generate manual seq2seq function with both a
normal prompt and a simple prompt, analyze the resulting execution time and acceptance rate alpha, and choose the correct
statements below.

A. The main reason why execution with the simple prompt is faster than with the normal prompt is that the simple prompt has fewer
input tokens

B. If alpha is sufficiently high, then the speedup improvement brought by increasing gamma is greater than when alpha is low

C. The main reason why execution with the simple prompt is faster than with the normal prompt is that, when generating from the
simple prompt, the probability distributions of the target model and the assistant model are closer to each other than when generating
from the normal prompt

D. Because Speculative Decoding itself is a stochastic algorithm, even though it is theoretically guaranteed that speculative generation
and autoregressive generation can produce the same output distribution, it is still possible that, with all parameters fixed, repeated runs
of the same code may produce different alpha values and different generated text due to randomness



(Choose one) After completing the Benchmark with Two Prompt Regimes experiment, select the correct statement based on the
final generated figure:

A. Regardless of which prompt or assistant model is used, the speedup always shows either a monotonically increasing or
monotonically decreasing trend as gamma increases

B. When using high_util_prompt, the speedup obtained by speculative decoding is always twice as high as when using low_util_prompt
C. In the sample code, as long as speculative decoding is used, the speedup is guaranteed to be greater than 1.5x

D. On average, N-gram achieves faster speedup than using gemma-3-270m-it as the assistant model




Speedup (baseline_time / method_time)

Speedup (baseline_time / method_time)

Because the generated figure may differ depending on the GPU used and some randomness, below are several figures produced by

running the experiment on different GPUs for students’ reference:
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(Choose two) After using speculative generation in the Benchmark with Two Prompt Regimes experiment, if the speedup is slower
than standard autoregressive generation under some parameter settings on a T4 GPU, what are some possible reasons?

A. During inference on the T4 GPU, the step where the small assistant model predicts gamma tokens has already fully saturated GPU
utilization and reached the computational bottleneck (This can be observed in the terminal using “sudo apt install nvtop” + “nvtop”)

B. When the target model verifies multiple tokens, it may still be slower than autoregressively generating one token at a time, meaning
the computation cannot be fully parallelized.

C. The assistant model being used has a number of parameters too close to that of the target model, so the time for the assistant
model to autoregressively generate gamma tokens cannot be ignored.

D. Because the speculative generation algorithm is more complex than autoregressive generation, steps such as “randomly deciding
whether to accept the tokens generated by the assistant model” and “using the target model and the assistant model to correct the
probability distribution of the final returned token” may cause the CPU to spend more time computing than the GPU



(Choose one) If the sequence length (N) is 1024, when running the FlashAttention experiment, which of the following is closest to the
number of floating-point values read from HBM?

A. 800,000
B. 1,000,000
C. 900,000
D. 700,000




(Choose one) If the sequence length (N) is 2048, compared with Standard Attention, which of the following is closest to the
theoretical speedup of FlashAttention on a T4 GPU?

A. 1.835511
B. 1.899839
C. 1.934696
D. 1.952866




(1) Please take a screenshot of the results of the KV Cache Multi-turn Test experiment (0.25 pt)
(2) (Choose one) In the 234th-round question, which part of the time savings explains the speedup brought by the KV cache? (0.25 pt)

A. It saves the transfer time for loading the model weights from the CPU into the GPU VRAM

B. It saves the computation time required to predict each new token during the decode phase

C. It saves GPU memory bandwidth because KV Cache increases the physical read/write speed of VRAM

D. It saves the time spent in the prefill phase on matrix multiplications through the Attention and FFN layers for the shared prefix




(1) Please take a screenshot of the results of the KV Cache Invalidation experiment (0.25 pt)
(2) (Choose one) Which of the following explains why the previously computed KV cache becomes invalid after adding one space to
the prefix? (0.25 pt)

A. The space character is automatically ignored by the tokenizer, so the prefix does not actually change; the KV cache invalidation is
simply caused by the system randomly recomputing it

B. The space changes the hash value of the prefix string, causing the system’s semantic cache matching to fail and making it treat the
request as a completely new one

C. Because the features and positions of the preceding context change, the Key and Value matrices produced by subsequent tokens
during attention computation become completely different from those in the original cache

D. Under the PagedAttention mechanism, the additional token causes an internal fragmentation overflow in a memory block, which
triggers the system to forcibly clear and recompute that part of the cache




(1) Please take screenshots of two different CPU offload configurations from the vLLM CPU RAM/Speed Trade-off experiment (0.25
pt)
(2) (Choose one) Why does throughput become slower when model weights are moved to the CPU? (0.25 pt)

A. Because every time a new token is generated, the forward pass needs to transfer the offloaded weights again from the CPU
B. Because the weights need to be converted from FP16 to FP32 on the fly during the transfer process

C. Because the CPU cannot handle concurrent multi-user requests, causing requests to be queued

D. Because transferring the weights overwrites the KV cache already stored on the GPU




