A survey of
DistServe: Disaggregating Prefill and Decoding for
Goodput-optimized Large Language Model Serving
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Algorithm 1 High Node-Affinity Placement Algorithm Algorithm 2 Low Node-Affinity Placement Algorithm

Input: LLM G, #node limit per-instance N, #GPU per-node Input: LLM G, #node limit per-instance N, #GPU per-node
M, GPU memory capacity C, workload W, traffic rate R. M, GPU memory capacity C, workload W, traffic rate R.
Output: the placement best_plm. Output: the placement best_plm.

config,,configg < 0,0
for intra_op € {1,2,...,M} do
for inter_op € {1,2,..., 224 1 do

**Y intra_op

G.size < C then

inter_op Xintra_op
config < (inter_op,intra_op)
G < parallel(G, config)
config.goodput < simu_prefill(G,W)
configp .goodput config.goodput _ ¢p o0
configp.num_gpus con fig.num_gpus
config, < config

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

R R
n,m < [ config, .goodput.l ’ I— conﬁgd.goodput-l

best_plm < (n, config,,m, config,)
return 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)
Gp, Gy parallel(G,conﬁg)A X
config.goodput < simulate(G,,G4,W)
. ifig.* goodput onfig.goodput
if cgfr)z_rf;gt.g*ni?: _g:us < ci)(r)z_’);g?nif: _;:us then
config* < config
R
n < |_conj‘ig.*goodput-|
best_plm < (n,config*)

return best_plm
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