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. What are each of the parallelism primitives good for?

Sync. . .
Overhead Memory Bandwidth Batch size
DDP/ZeRO-T Per-batch No scaling 2X # param. Linear
e e e
FSDP (ZeRO-3) X per-FSb Linear X # param. Linear
____________________________________________________________________________________________________________ S S E T F R S
PP Per-pipeline Linear osh Linear
D 4+ S 2X Transformer inear 8bsh per-layer No impact
block (all-reduce)

. Have to balance limited resource — memory, bandwidth, batch size
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model >

| nfe rence Inference > response

prompt >

. INnference shows up IN Many places
Actual use (chatbots, code generation, agents, API, etc)
Model evaluation (e.g., on instruction following)

RL-pased training (sample many generations, then apply score)

- Why inference efficiency matters?
. Training i1s one-time cost, inference is repeated many times
OpenAl processes ~8.61 tokens per day
—or reference, DeepSeek-V4 was trained on 32T tokens
. At scale, Inference can consume training-scale amounts of compute
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| LM Inference I1s Token Generation

. INn LLMSs, every generated token costs compute

Different use cases have very different token economics

. Chatbots

Most generated tokens are meant for human consumption
_atency matters, but humans are relatively slow.

. Agents

. Agents generate many tokens that humans may never see
Nnternal tokens can dominate visipble tokens
Nnference cost can scale with task difficulty, not just answer length
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Why LLM Serving Is Hard

M serving Is not just "running a mode| faster"
M serving # Ordmary Nference

Ordinary ML Inference LLM Serving
One Input Prompt + generated tokens
One forward pass Many forward passes
-Ixed output size Variable output length
Stateless execution Stateful KV cache
Simple batching Dynamic scheduling
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Why LLM Serving Is Hard

. One request has two very different phases
Prefill stage and decode stage

. LLM workloads are highly variable
Nput and output lengths vary depending on the requested |job
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Image credit: https://jax-ml.github.io/scaling-book/inference/

Recap: Nalve Inference

Na.;\\le 55‘/’1 L’}é

Goncotenate

{
i[}ﬂ]/ lwﬂ ﬂﬂﬂ/

nevedr 30(\06\

. Nalve inference: to genefate each token, feed history into Transtormer

. Complexity: generating T tokens requires O(T?) FLOPs
(one feedforward pass is O(T?))
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Image credit: https://jax-ml.github.io/scaling-book/inference/

Recap: Prefill » Decode

renond beadwidd boeand_

. Prefill: given a prompt, encode into vectors (parallelizable like Iin training)
. Decode (generation): generate new response tokens (seguential)
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Prefill vs. Decode

. Prefill: process N input prompt tokens at once

arge GEMM (GEneral Matrix Multiplication; matrix x matrix)
-ills the KV cache in a single forward pass

. Compute-bounad

. Decode: generate tokens one by one auto-regressively
Repeated small GEMV (matrix x vector)

Reads all weights at every step

Memory-bound

. |t's the same model, but the hardware workload Is completely different
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Open-Sourced Inference Packages

. VLLM (Berkeley)
Pioneered PagedAttention, popular and good default

. SCGLang (Berkeley)
Ploneered RadixAttention, good for agentic workloads

. TensorRT-LLM (NVIDIA)
. Highly optimized for GPUs

. |lama.cpp
. C++ only, supports CPU inference, runs locally
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| ecture Overview
. Sampling

. Serving Metrics
. (Recap) Reducing KV-Cache

. Serving Systems (mostly from vLLM])
Batching, Paged Attention

. Speculative Decoding

. Quantization
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Sampling
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Token Sampling

. One step decoding takes a sequence x; ,and return a token x,,

Plxyp1=1|x1..¢) = Ze.xeic(szij)

v = TransformerLM(z; _;); € RY0%P-512¢

. Greedy sampling
DO argmax to the Softmax logits, fully deterministic, very simple

. But repetition loops, no diversity g;ggg;amg;gf 5;*;3;&58';15?8
—» |0.20 learns 0.20 learns
010 from 0.10 from
° Ra n d O m Sa m p‘ | n g 0.02 student —» |0.02 student

. . 0.01 the 0.01 the
Random selection w.r.t Softmax logits — -

" Softmax [ Softmax

_output | output |

l ]
3 r
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Temperature Scaling

. [emperature scaling modifies Softmax with a temperature parameter

exp(v; /T)

Z‘\j\:izab_size\ exp (’Uj /T)

softmax (v, 7); =

. 7 Makes the trade-off between diversity and quality
Low rscaling: sharper distribution, more deterministic (goes greedy)
High zscaling: flatter distribution, more diversity (but more noisy)

Low High
<4—temperature ——m———»
car car 2220
truck truck
.. [
elephant elephant
probabilities probabilities
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Top-K Sampling

. Even with temperature scaling, random sampling cannot suppress
ow-guality (low-prob) tail tokens

. Top-Ksampling: keep top-K token logits, zero-out the rest

. Among top-k tokens, we randomly choose final token
according to their (normalized) logit probability

. K=11s the same as argmax; and Is called greedy sasmpling (decoding)
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Image credit: https:./www.geeksforgeeks.org/artificial-intelligence/graph-based-semi-supervised-learning/

Top-K Sampling
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Top-p Sampling (Nucleus Sampling)

. Top-K cutoffs K tokens, regardless of the distribution shape

. Top-p (nucleus): keep top tokens until cumulative prob. reaches p
-ew tokens when distribution is sharp, many when flat distribution

ZJ‘EV(p) 9j

P(x
t 0 otherwise ZjEV(p) o > P.

i) { L if i € V(p) V(p) is the smallest set s.t.
1 — —

. e.g.p=0.9: selects from words that account for 90% of the total prob.
_ower p: fewer choices, safer output
Higher p: more choices, more creative output
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Image credit: https://www.geeksforgeeks.org/artificial-intelligence/graph-based-semi-supervised-learning/

Top-p Sampling (Nucleus Sampling)

- 1Op-K Top-P Sampling
. |O O-p The cat is sitting on the Top-P Selection (P =0.8) D
—eV/ i 90% Probabiitty Mass \ oution
/' mat 35% Random Pick .
F Model predicts next word: chair 25% from Top-P -
mat 35% table 15% chair
. 0 mat
. eg. p-= chair 25% rob.
0
OV table 15%
. roof 10%
=19 Selected Word:
carpet 8% "table"
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Serving Metrics
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User-Side Inference Metrics

TET (Time to first token): Reguest - Initial response time
Determines percelved responsiveness

Most sensitive metric In service

Roughly proportional to prefill cost

. [POT (Time per output token) or ITL (Inter-token latency)
Nnterval between tokens, smoothness of streaming
Proportional to decode cost

. End-to-end latency = TTFT + TPOT x output_len
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User-Side Inference Metrics

. [TF] (| Mo tn firct tnlean): Daniiact 5 initial racnnnca timMme

inference service
\DAete PREFILL Phase DECODE Phase
OSl

RO UC

Token N (EOS)

Token 1
Token 2

. TPOT (
Nter
Prog

. End-to

TTET Time for Rest

of Tokens
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Bandwidth

Server-Side Inference Metrics \

. Throughput: tokens/sec, requests/sec Throughput —“
e

. Latency vs. throughput trade-off Latency

. pbatch » » throughput +, but per-request latency also +
. Satistying both metrics is the core challenge of serving

. Nalvely maximizing throughput can violate SLOs
. SLO? Service level indicator
. (e.g. latency, throughput, error rate, availability, ...)

. > INntroduce CGoodput

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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Goodput

. Cood throughput: throughput of requests that satisfy the SLO
. e.g.only count requests where TTET <500 ms AND TPOT <50 ms

. Common tricks that inflate naive throughput:
INcreasing batch raises throughput but explodes TTFT » users leave

. Goodput acts as the decision function for system design

't motivates technigues like Continuous batching and P/D
disaggregation (which reappear later)
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Cost Metrics

. $/IM tokens: ultimately GPU time x GPU price
. $/token = (GPU $/sec) / (tokens/sec per GPU)
. Numerator: infrastructure cost (fixed)
Denominator: throughput (the optimization target)

. Capacity equation: capacity = throughput x utilization

. Price is ultimately governed by decode tokens/sec per GPU
. > Optimizing decode (Inference) cost matters most

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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Reducing KV-Cache
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Recap: Arithmetic Intensity

. Operational efficiency of an algorithm relative to data movement
. I = Total Operations (FLOPs) / Total Communication (Bytes)

Higher I:. Efficient; high volume of computation per data fetch
_ower I Inefficient; performance is bottlenecked by data movement

. Peak arithmetic intensity (ridge point)
—very hardware architecture has its own optimal threshold Iridge

. e.g. HI00 has 295 FLOPs/Byte
. I < Iridge: COomm.-bound (perf. [imited by memory bandwidth)

. I > Iridge: COmpute-bound (fully utilizing compute capacity)

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)

Inha University



Recap: Matmul Example

. Setup: matmul X ([BxD]) and W ([ DxF]) and produceY

. Communication (Bytes)
. Load X,W.2xBxD+2xDxF / SaveY.2xBx

. Jotal: (2xBxD)+ (2xDxF)+(2xBxF)

. Compute (FLOPSs)
. Total:2x B x D x F (2 for multiplication and addition)

. Arithmetic Intensity
=2xBxDxF)/(2xBxD)+2xDxF)+(2xBx
= B (if we assume B Is much less than D and F)

|
al
S—
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Recap: Matmul Example

. Arithmetic intensity
. I =B

. Peak arithmetic intensity of H100
. Iridge = 295 (FLOP/s = 989¢12, memory bandwidth = 3.36e12)

. Conclusion: compute-limited Iff B > 295
. Why? iIn matmul, elems in row and col are reused multiple times

. But extreme case; B =1, then | = 1 (memory-limited)
. Why? read D x F matrix, perform only 2xDxF FLOPSs
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Recap: KV-Cache

2 X precision x KV dim x # heads x # layers X # seq. length

. For example,

DeepSeek

. 2 = key/value

. # heads = 128
. H layers = ol
. H# seq. length = 32,768 tokens

. Total required memory for just KV-cache is 131 GBI

Generative Computing Lab

INnha University

R1/ V3

orecision = 2 pytes per elems
KNV dim =d_k d_v =128
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Recap: Reducing KV-Cache

Value
Compressed
l Latent

S S R S S - | v & 3 : : : iy Projection
MHA MLA
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Serving Systems - Batching
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Image credit: https:/www.anyscale.com/blog/continuous-batching-lim-inference

Static Batching

. Prefill stage i1s compute-bound but decode Is memory-bound
Larger batch size makes the system efficient

. Static batching
Bundle arrived requests and process them together

T, TJ\ s Tg Tg s Top Tz v Ty o Tg
A7 S %{ LA

Si ¢, %, S |G |5

Y A % |55

SLSL_S‘ILS“I% | 5 | 5y
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Image credit: https:/www.anyscale.com/blog/continuous-batching-lim-inference

Static Batching

. Limitations of static batching
. QOutput lengths vary per request
> BEveryone waits for the longest one to finish

New reguests arriving mid-patch wait for the next batch
> TTRT explodes

. Slots from finished short requests sit idle, wasting GPU
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Image credit: https:/www.anyscale.com/blog/continuous-batching-lim-inference

Continuous Batching [vu+2022]

. Refresh batch membership at every decode iteration

Scheduling occurs at the decoding-iter level, not at the request level
-Inished requests leave iImmediately
New requests join iImmediately (after prefill)

No idle slots, GPU runs full » serving throughput
Short requests get an immediate response » serving goodput

- - -— - -— -~ - e - —7
/( /J\ ’

3 Ic{ G ,6 T? Tg

/

T, Ty Tq To Tz To T

T,

S. 13, |s: BB 594 %1 S
Sy |6y |BE 52165 |P

573 33 _S'} 33 33 7 S5 55

>4 5y | 9%}%% b Gt Al
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Continuous Batching [vu+2022]

. But implementing continuous patching is tricky due to KV-cache

- Why?

-ach reguest has a different context length
KV-cache grows by one token at every decode step
-inished requests release memory

New requests reguire memeory allocation

. - This creates a dynamic memory management proplem
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KV-Cache Manhagement Problem

. Each request carries its own KV-cache
. KV-cache size depends on seguence length

. |N continuous batching,
. reguests enter and leave dynamically
. active seguences have different lengths
. memory must be allocated and freed frequently

A 200 tokens E 201-th token E
=) 4K tokens 5 4K+1-th token 5
C: Reguest finishes E free KV-cache

D: Reguest enters E allocate new KV-cache

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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KV-Cache Allocation

. Option 1. allocate max context length for every request
. SImple, but huge memory waste, internal fragmentation

. Option 2: allocate contiguous memory as needed
| ess waste, but causes external fragmentation

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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KV-Cache Allocation

C INTERNAL FRAGMENTATION EXTERNAL FRAGMENTATION
[
Unused space exists inside an allocated block Free memory exists, but it is divided into small, non-contiguous
because the block is larger than the requested size. holes. A large request cannot be satisfied.
®
Example (Fixed-size partitioning) Example (Variable-size allocation)
C Memory (Fixed-size blocks) Process / Request Size Memory Request
0 0 ———————————— e
’ Block 1 Process A ( :
(100 KB) - > Process A 60 KB (120 KB) : |
Free : Process E !
7 (40 KB) : (140 KB) :
Block 2 e /
A 00(;: KB) — > L Process B J 80 KB Process B | |
(80 KB) . X :
|
Free : [
(30 KB) | Cannot be allocated |
Block 3 Process C 30 KB Process C | because the free ;
v (100 KB) 3 (60 KB) } memory is splitinto |
Address Address Free | multiple small holes.
(70 KB) SRR O Lt )
(?:)O(;: :((;) _— { Process D } 30 KB p(';%c: ;sB;)
Allocated (in use)
Free
High High (50 KB) Free memory (holes)
ig =
(| Request that cannot be satisfied

Allocated area

Unused space (internal fragmentation)

Generative Computing Lab
INnha University
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KV-Cache Allocation [kwon+2023]

. Option 1. a
. SIMple,

locate max context length for every request
OuUt huge memory waste, internal fragmentation

. Option 2: allocate contiguous memory as needed
| ess waste, but causes external fragmentation

1 slot for 2 slots future used ‘
generated token (reserved) External fragmentation

A A A N

Four | score | and | seven | years | ago our |fathers brought You only live

y, ¥ C Y,
Y Y Y
7 KV cache states for 2038 slots never used 3 KV cache states for
request A's prompt (internal fragmentation) request B's prompt
Request A Request B

Generative Computing Lab

current iteration

current iteration

1 slot future used
(reserved)

N
0JglecI8 <@0S> <resv> e <resv=>
A

N
507 slots never used
(Internal fragmentation)

INnha University
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PagedAttention [kwon+2023]

. Key idea: manage KV-cache like virtual memory (remember OS class!)
. Split KV-cache into fixed-size blocks
Logical cache does not need to be contiguous IN physical memory

Physical memory

Process »
A Page 3 -y Frame 10
Page 2 —> Frame 9
=
Page 1 P Frame 8
Page 0 Page Frame 7
table A Frame 6
Frame 5
. . Frame 4
User s view
- Contiguous s 2
- Large address space Frame 2
Frame 1
Frame 0
User space Kernel space g g

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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PagedAttention [kwon+2023]

. Key idea: manage KV-cache like virtual memory (remember OS class!)
. Split KV-cache into fixed-size blocks
Logical cache does not need to be contiguous IN physical memory

Physical KV blocks
(on GPU DRAM)

Request Prompt: “Four score and seven years ago our” Block O
A Outputs: “fathers” — “brought’ — ... @ ® @ @
Block 1 | years | ago our | fathers
Logical KV blocks Block 2
@ 0 0 0 Block Table ®
Block 0 | Four | score and | seven — Block 3 | brought
ysical block 4 filled
@ @ @ @ number
Block 1 | years ago our | fathers 7 4 Block 4
® \G)\ ®1 @3 - 4@
Block 2 | brought L B3 O Block 5
Block 3 _ — Block 6
Block 7 ®Four ®score = and (Dseven
Block 8

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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PagedAttention [kwon+2023]

. Storing the KV cache of two requests

Physical KV blocks

Block 0
Request Request
A B
Block 1 | years | ago our | fathers
Logical KV blocks Block 2 of times Logical KV blocks
Block 0 | Four | score and seven Block 3 | brought Block 0 It was the best
Block 1 | years | ago our | fathers Block 4 Block 1 of times
Block 2 | brought Block 5| [t was the best [ Block 2
Block 3 Block 6
Block 7 | Four | score and | seven
Block 8

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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PagedAttention [kwon+2023]

. Why PagedAttention works?

Reduces memory fragmentation (both internal and external)
. Allows dynamic KV-cache growth

Reuses freed blocks from completed requests

. Supports variable-length sequences

. Makes continuous batching practicall
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Prefix Caching

. IN general, prefixes repeat very often In real traffic

. System prompts, few-shot examples
The opening of a multi-turn conversation

Sequence A Sequence B
Prompt Prompt
Translate English to French: Translate English to French:
_ “sea otter” => “loutre de mer” “sea otter” => “loutre de mer”
Shared prefix | «,onnermint” => “menthe poivrée” “veppermint” => “menthe poivrée”
“plush girafe” => “girafe en peluche” “plush girafe” => “girafe en peluche”
1 love you” =>

Task input | “cheese” =>

Sequence A Sequence B
LLM output LLM output

“‘Je tamie”

Task output | “fromage”

. > |dentify identical prefix KV blocks by hash » reuse them

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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Prefix Caching with PagedAttention [kwon+ 2023

. Share prefixes, copy-on-write at the block level

Physical KV blocks

Block 0
Ref count: 2 — 1
Sample Sample
A1 « Block years | ago our |mothers A2

Logical KV blocks ! Block{2 [Copy-on-write Logical KV blocks
Block 0 | Four | score | and | seven Block years | ago our | fathers| \|Block O | Four | score | and | seven
Block 1 | years ago our |fathers | Block 4 Block 1 | years ago our |mothers
Block 5
Block 6
'

Block 7 | Four score and seven

Block 8

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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Prefill Interferes with Decode

. INn VLLM documentation, "By default, vVLLM scheduler prioritizes prefills
and doesn't batch prefill and decode to the same batch. This policy
optimizes the TTFT (time to the first token), but incurs slower TPOT
(time per output token) and inefficient GPU utilization.

- Why?
Prefill 1s a large compute-heavy GEMM
Decode Is a sequence of small latency-sensitive steps
f prefill Is scheduled first, current decodes stall
. e.g. decode » decode - [large prefill] » decode
. What about slicing the prefill tokens? » chunked prefill

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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Image credit: https://developer.nvidia.com/blog/
streamlining-ai-inference-performance-and-deployment-
with-nvidia-tensorrt-lIlm-chunked-prefill/

Chunked Prefill

W/0O TensorRT-LLM Chunked Prefill

Query 1 | Query 1,
First Token : Completed:
I
: Query 2 : Query 2
i First Token : Query 3 : Completed: Query 3
1 I
: First Token : I Completed ,

Delay

1
1

mproves TPOT (ITL),

GPU utilization

SBUut might increase TTF]
for long prompts

Prefill Prefill Prefill
Chunk 1 Chunk 2 Chunk 3

Decode

Decode

W/ TensorRT-LLM Chunked Prefill

Query 1 Query 1
First Token ! Completed !

Query 2 Query 2
First Token Completed

Decode Query 3 _ Query 3 _

Decode Decode
First Token Completed :
Prefill Prefill
Chunk 2 Chunk 3
Prefill

Time >

Prefill

Chunk 1 Decode

Decode

Prefill
Chunk

Prefill
Chunk

B Query#1 Query#2 Query#3
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Prefill/Decode Disaggregation

. Chunked prefill is good, however, still there are some [imitations
Prefill and decode still share the same GPU
. They compete for compute, memory bandwidth, etc..

Prioritizing prefill improves TTET but hurts TPOT
Prioritizing decode improves TPOT but hurts TTF]

. Scheduling helps, but resource contention remains
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Prefill/Decode Disaggregation

. Let's separate prefill and decode workers (instances)
. Prefill Instance: process input prompt and produce KV cache
Decode Instance: load KV cache and generate tokens

r; : The i-th user's request

A. Scheduler

User Requests

[T T T 1 [A-1 ][A-2| ]
\_rl ry| 73| 74| 7| W (_ROUtET Selector

§ J

Request Distribution
rs Instance Selection
Batch C i 1 [ Decade Inctance C ‘
: v — Nacada tnctanca B
3| T4 B. Prefill Instance A C. Decode Instance A
BatCh B ( { Ry N y ‘8 \
ri| o GPU GPU
E. Batch A
 I—
[ Paged KV Cache ] = [ Paged KV Cache =
| CPU/DRAM/SSD ¥ > | CPU/DRAM/SSD ¥ B
| KV Cache pool » ' KV Cache pool .

D. KV Cache Transfer
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Serving Systems - Speculative Decoding
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| LM: Key Observations

. Autoregressive decoding generates one token at a time
. Observation 1: Some tokens are easy
Not all tokens are equally hard to predict
. e.g."What Is the square root of 7?7 » The sguare root of /7 I1s 2.646."

. Observation 2: Decode Is memory-bound
. SO computation may not fully utilize the GPU

. Can we use small models to approximate next (and easy) tokens?
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Speculative Decoding [Leviathan+ 2022]

. Speculative decoding exploits both opservations
. Observation 1: Some tokens are easy
> A small draftt model can guess them

. Observation 2: Decode Is memory-bound
> The target model can verity several tokens in parallel
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Target Model

The Quick
. S

Draft Model

&

Image credit: https://developer.nvidia.com/blog/an-introduction-to-speculative-decoding-for-reducing-latency-in-ai-inference/
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Target Model

The Quick
. S

Draft Model

&

Image credit: https://developer.nvidia.com/blog/an-introduction-to-speculative-decoding-for-reducing-latency-in-ai-inference/
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Speculative Decoding [Leviathan+ 2022]

. Draft model g: small and fast model, proposes tokens
. [arget model p: large and accurate model, verifies tokens

. Draft

Mmodel ge

- [arge

Cmodel ¢

nerates candidate tokens

necks whether those tokens are consistent with p

. Final output should match the target model distribution

. IMportant property: the draft model speeds up decoding,
but should not

change the output distribution
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Speculative Decoding Leviathan+ 2022]

have -- = to it fail -- = exams
Drafting Is seguential, but verification I A R A |
of a given sequence Is parallel [ Draft ] [ Draft ] [ Draft ] [ Draft j
tod ottt
You '~ have '“+ to '~ fail

The target model Is not generating
all tokens at once

verified tokens  rejected token  target output token

Verify 4 draft tokens + generate 1 e :
t evaluate the likelihood of the draft hove o fuil ormms’ e
tokens with a single pass t + 1t 1t 1
[ Target Model ]
tt 1

have to faill exams
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Speculative Decoding [Leviathan+ 2022]

. Algorithm
- Glven prefixx, g samples y tokens yy, ..., y, ~ ¢

. Target model computes p(y; | x,y.,)

—or all draft tokens in one forward pass
. Accept draft tokens from left to right
. Stop at the first rejection

't all draft tokens are accepted, sample one extra token from p
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Speculative Decoding [Leviathan+ 2022]

. Acceptance rule
. (1 pi(yi))

—or each draft token y, calculate «;=min )
T target model likes the token more than draft model (a; > 1):
. accept always

't draft model overestimated the token:

reject with probability 1 p"iy’;
qi\yi

. e.d9.py;) =0.9, g(v) = 0.4 » accept always
. .. pdy;) =0.12, g(y,) = 0.20 - reject with 40% prob.
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f N

Draft Generations

Image credit: https:/developer.nvidia.com/blog/an-introduction-to-speculative-decoding-for-reducing-latency-in-ai-inference/
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f N

Draft Generations

Image credit: https:/developer.nvidia.com/blog/an-introduction-to-speculative-decoding-for-reducing-latency-in-ai-inference/
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Speculative Decoding [Leviathan+ 2022]

. Rejection sampling
It a draft token Is rejected:
Do not simply sample from distribution p,

Rather, sample from the residual distribution
max(p;(v) — gi(v),0)
Zu max(p,(u) — q(u),0)

r(v) =

. Why?
. Accepted tokens already used probability mass min(p, g)
Rejection fills the leftover mass [p — g1,
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Speculative Decoding [Leviathan+ 2022]

. Example:
. 1. Draft model: g(A) = 0.2, g(B) = 0.5, g(C) = 0.3
. 2. Target model: p(A) = 0.5, p(B) = 0.3, p(C) =0.2
. 5. Accept prob: a(A) = 1.0 a(B) = 0.6 a(C) = 0.667
. |f draft sasamples A: always accept, B: 60% accept, C: 66.7% accept

. |f rejection happens,
- max(p(v) —g(»),0) are A: 0.5, B =00, C=0.0
. Hence, rejection sampling always choose A
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Image credit: https://research.google/blog/looking-back-at-speculative-decoding/

Speculative Decoding [Leviathan+ 2022]

WITHOUT SPECULATIVE DECODING

My favorite thing about fall

WITH SPECULATIVE DECODING

My favorite thing about fall
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Image credit: https://research.google/blog/looking-back-at-speculative-decoding/

Speculative Decoding [Leviathan+ 2022]

WITHOUT SPECULATIVE DECODING

My favorite thing about fall

WITH SPECULATIVE DECODING

My favorite thing about fall
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Speculative Decoding [Leviathan+ 2022]

. Which draft model should we choose?
. Speculative decoding is useful only If the draft iIs,
. fast enough to be cheap
. accurate enough to get high acceptance
. compatiple with the target model and serving stack

. INn practice,
. Use small and same-family draft model it available
. e.g.target /0B, draft /7B or 13B
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Speculative Decoding [Leviathan+ 2022]

. Which draft model should we choose?
. Speculative decoding is useful only If the draft iIs,
fast enough to be cheap
. accurate enough to get high acceptance
compatible with the target model and serving stack

L [ N [
. ‘ n p r a Cti C e’ [ Cross-Ent“ropy Loss ]—'LMa,-n [ Cross-Ent“ropy Loss ]—'Lﬁ,m, [ Cross-Ent“ropy Loss ]—'Lfﬂp

ety it Sttt ety Hi e tedeti i |
i Main Model [ 'MTP Module 1 | ; MTP Module 2

I (Next Token Prediction) I : (Next? Token Prediction) : I (Next? Token Prediction)
I

[
* ‘ f m O C e S u p p O rt) We C a n : [ Output Head ] : i Output Head E E Output Head | :
" : ! : ' p f . : p | . :
CO n S | CI e i I\/ T :)’ : ] E i Transformer Block E : Transformer Block :
. i
|
Transf

] [ [ ! '
[ ] \ I I k A ) I I \ F § J I

avolds host No another R e e e R A B e
- I | | Linear Projection | ! | | Linear Projection ) :

~ | Transformer Block X L ] : I 1 i ! : | concatenati
[ | I ] I
d ra -_t O d e [ RMSNorm ] [ RMSNorm | : : [ RMSNorm ] [ RMSNorm ] !
Al s R g
[ Embedding Layer ] : i [ Embedding Layer ] i : [ Embedding Layer ] !
I [ I
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Serving Systems - Quantization
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Quantization

. Key idea: reduce the precision of numbers

Decode I1Is memory-bound » fewer bytes means proportional speedup
BF16 » INT4 welghts: theoretical 4% speedup; KV Is separate

. Also saves GPU memory - larger patch » additional throughput gain

. Unlike training, inference is far more tolerant of guantization

INT8 Weights/Activations
Quantization ‘>| (8 bits)
FP32 Weights/Activations
(32 bits) Quantization
—bl INT4 | NF4 | ...
(e.g., 4 bits)
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Quantization

. 1032 (4 bytes). needed for params. and optimizer states during training
. bflo (2 bytes): default for inference

. T8 (1 byte) [-240, 240] for e4m3 on H100s
. INt8 (1 byte) [-128, 127]

. Less accurate but cheaper, but for inference only [Baalen+ 2023]
. INt4 (0.5 bytes) [-8, 7]

. Cheaper, even less accurate |Baalen+ 2023]

FP32 JRNNRNEND

p16 HNNINN o
FPS JEREE B Exponent

INTS I Mantissa
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What Do We Quantize?

. Welight-only quantization (W4AlG, etc.)
. Most common form, directly accelerates decode
Representatives: GPTQ, AWQ

. KV-cache quantization

-ases the KV memory pressure itself » larger batch, longer context
-P8 KV is effectively the standard on H100/H200

. Activation guantization (W8AS8, W4AS)
. Accelerates prefill compute as well
Representatives: SmoothQuant, ZeroQuant

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)

Inha University



Welght-Only Quantization

. Quantization-aware training (QAT)

. During training, quantize-and-degquantize (fake guantization)
during the forward pass to simulate quantization errors

. g vve|ght5 are trained to work with gquantization
. S requires expensive Iarge scale training

ForwardP2ass . Backward Pass (STE)

Weight Gradient Out

Activationin

FakeQuant(Activationlin) FakeQuant(Weight) Compute Gradients

Gradient Weight Gradient Activationin
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Welght-Only Quantization

. Post-training quantization (PTQ)
Done after training, so much cheaper

Run on sample data to determine scale and zero point for each layer
or tensor

. GPTQ [Frantar+ 2022

Use Hessian information to update non-guantized weights to
account for guantization error
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vLLM

. https:/github.com/Vlim-project/vIim

/LLM

Easy, fast, and cheap LLM serving for everyone

| Documentation | Blog | Paper | Twitter/X | User Forum | Developer Slack |

¢% We have built a vLLM website to help you get started with vLLM. Please visit vlim.ai to learn more. For events,
please visit vlim.ai/events to join us.
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vLLM

vLLM is fast with:

e State-of-the-art serving throughput

o Efficient management of attention key and value memory with PagedAttention

e Continuous batching of incoming requests, chunked prefill, prefix caching
e Fast and flexible model execution with piecewise and full CUDA/HIP graphs

e Quantization: FP8, MXFP8/MXFP4, NVFP4, INTS8, INT4, GPTQ/AWQ, GGUF, compressed-tensors, ModelOpt,
TorchAO, and more

e Optimized attention kernels including FlashAttention, Flashinfer, TRTLLM-GEN, FlashMLA, and Triton
e Optimized GEMM/MoE kernels for various precisions using CUTLASS, TRTLLM-GEN, CuTeDSL
e Speculative decoding including n-gram, suffix, EAGLE, DFlash

e Automatic kernel generation and graph-level transformations using torch.compile

e Disaggregated prefill, decode, and encode
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Summary

Technigue [TFT TPOT/ITL | Throughput Goodput | $/tokens
Continuous batching + + ++ ++ +
PagedAttention + - ++ ++ ++
Prefix caching ++ O/+ + + +
Chunked prefill + ++ + ot +
p/D disaggregation ++ ++ Ty e+ Ty
Speculative decoding O/+ ++ ++ ++ +/++
Quantization + +/++ +/++ + Tt
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Summary

. Decode Is memory-bound: Most inference technigue derives from this

. KV cache Is the system's #1 pressure

. Algorithm e system e model compression are three orthogonal axes
. Apply them together for impact

[TFT/TPOT/Goodput/$ each demand different techniques
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