DistServe: Disaggregating Prefill and
Decoding for Goodput-optimized
Large Language Model Serving
(OSDI 2024)

Akira Kawata



NOTE:

e SHMDRXS KiZ NotebookLM Z= ZJ)LiEBH U TIEY F U,
o https://notebookim.google.com/notebook/f6107573-1fd6-4e2d
-99a2-0bf540ab9882
o [ARL—FTAVITIRTLEH WHEl CHRARLADNOVLESED
o A survey of DistServe: Disaggregating Prefill and Decoding for
Goodput-optimized Large Language Model Serving




1 Introduction - Prefill & Decode
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1 Introduction - IR DEREE
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1 Introduction - 'BE (T & B BER
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1 Introduction - TR & E@t
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2.1 LLM Inference
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2.2 LLLM Serving Optimization
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2.3 Problems and Opportunities
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3.1 Analysis for Prefill Instance
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3.1 Analysis for Prefill Instance
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Figure 3: Throughput for two phases with different batch sizes
and input lengths when serving an LLM with 13B parameters.



3.2 Analysis for Decoding Instance
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3.2 Analysis for Decoding Instance
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Figure 3: Throughput for two phases with different batch sizes
and input lengths when serving an LLM with 13B parameters.



3.3 Practical Problems
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4 Method
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4.1 Placement for High Node-Affinity Cluster
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Algorithm 1 High Node-Affinity Placement Algorithm

Input: LLM G, #node limit per-instance N, #GPU per-node
M, GPU memory capacity C, workload W, traffic rate R.
Output: the placement best_pim.
configp, configg < 0,0
for intra_op € {1,2,...,M} do
for inter_op € {1,2,..., i%i‘f}p} do
if - OSie - ( then

inter_op Xintra_op
config < (inter_op,intra_op)
G < parallel(G, config)
config.goodput < simu_prefill(G, W)
configp.goodput config.goodput th
e ; 3 g ; = en
configp.num_gpus config.num_gpus
config, < config

config.goodput < simu_decode(G, W)
config,.goodput config.goodput
config,.num_gpus < config.num_gpus then
configy < config

R R
n,m < (conﬁg,,.goodpm—‘ ’ [conﬁgd.goodput—‘
best_plm < (n,config,,m,configq)
return best_plm

)



4.2 Placement for Low Node-Affinity Cluster

o HIESRM: / —RADNVLINK
EERED., / — REDHEE
MNESNTWVWRREBEMEELT
W3

o BIURT—Y%BHTZITSY
J24)eFA—FT 4T DAY
2AZVR VT AY ~E[E—
J—FARICEET 3 &L SHFH
YNV e =X A

Algorithm 2 Low Node-Affinity Placement Algorithm

Input: LLM G, #node limit per-instance N, #GPU per-node
M, GPU memory capacity C, workload W, traffic rate R.
Output: the placement best_plm.
config® < 0
for inter_op € {1,2,...,N} do
P + get_intra_node_configs(G,M,C,inter_op)
for P, € P do
for P; € P do
if P,.num_gpus + P;.num_gpus < M then
config < (inter_op,P,,Py)
Gy, G, + parallel(G, config)
config.goodput < simulate(G,, G4, W)
I o < coetosdPl then
config® < config
< | g oo |
best_plm < (n, config*)

return best_plm
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4.3 Online scheduling
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5 Implementation
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6 Evaluation
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6.1 Experiments Setup
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6.2 End-to-end Experiments
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Figure 8: Chatbot application with OPT models on the ShareGPT dataset.
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6.3 Latency Breakdown
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Figure 10: Left: Latency breakdown when serving OPT-175B
on ShareGPT dataset with DistServe. Right: The CDF func-
tion of KV Cache transmission time for three OPT models.



