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ABSTRACT

Multi-LLM applications calling multiple LLMs per request are emerg-
ing. An important scenario is running these applications offline
on a request set. This work aims to minimize the offline inference
makespan of these applications to save time and cost. Specifically,
we study minimum-makespan scheduling of multi-LLM applica-
tions (the MLAS problem), which requires GPU allocation, LLM
parallelism selection, and LLM execution orchestration. MLAS is
NP-hard, and it differs from existing multi-model frameworks and
job scheduling problems due to LLMs’ unique properties (e.g., high
memory demand, complex inference behavior), the offline inference
setting, and relaxed execution precedence constraints. There is
no existing work on MLAS and simple rules cannot handle all the
problem instances. We propose a framework, Mil, for MLAS with
three major components: (1) processing functions estimating LLM
processing rates by output length sampling, inference process simu-
lation, and per-generation-iteration latency estimation; (2) a greedy
method that finds a good schedule with a theoretical guarantee
on a simplified problem instance; (3) a runtime adjustment mecha-
nism reducing GPU idleness. Experiments on various applications
(ensembling, routing, chain summary, mixed) show that Mil can
achieve up to 3.4X end-to-end speedups over current practice.
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1 INTRODUCTION

Multi-LLM applications calling multiple LLMs per request are
emerging (e.g., ensembling [21], routing [19], summarization [3]). A
key scenario is offline inference, where requests are pre-prepared [28,
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Figure 1: Different schedules: (a) Max-heuristic, (b) non-
preemptive Min-heuristic, (c) preemptive Min-heuristic, (d)
considering the LLM processing rates.

29, 34, 36, 37, 39, 43, 56], and the goal is to minimize makespan, not
per-request latency [30]. Request counts range from hundreds to
hundreds of thousands [3, 19, 21, 28, 43], and running time from
minutes to days. Even if a small set of requests may take only min-
utes, the application may run repeatedly on different data (e.g., in
Al development cycles), so the accumulated time and cost savings
will be significant, given the high expense of GPUs.

In this paper, we aim to minimize the multi-LLM application
makespan on multiple GPUs in the offline scenario. A multi-LLM
application can be run in different ways: (1) assigning different
GPU counts and parallelism strategies to LLMs, (2) loading LLMs
onto GPUs to compute sequentially or concurrently in any order
(subject to data dependencies), and (3) interrupting a running LLM
and changing its parallelism strategy. Hereafter, we call such a way
an application schedule, which determines GPU allocation, par-
allelism strategy selection, and execution orchestration; we call the
parallelism strategy for an LLM a model execution plan, which
also specifies the number of GPUs required. Since the processing
rate of a model does not necessarily scale linearly with its GPU
count, different schedules lead to different makespans. Therefore,
the problem is to find the minimum-makespan application schedule.
This multi-LLM application scheduling (MLAS) problem is a vari-
ant of the well-studied job scheduling problem, where each LLM is
a job, and is NP-hard.

1.1 Differences from Existing Problems

(1) Existing frameworks to run multiple models. LLMs differ from
traditional DNNs in (1) higher GPU memory demand (may exceed
a single GPU), (2) complex inference behavior due to uncertain
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output lengths and different batching strategies like continuous
batching [55], where the batch size and batched sequence lengths
vary, unlike traditional DNNs that assume a fixed batch size and
uniform batched sequence lengths. Thus, existing multi-DNN infer-
ence frameworks cannot be applied to MLAS. For multi-LLM frame-
works, to the best of our knowledge, existing works [11, 30, 31, 35]
focus on (1) model training whose running process is relatively
simple and consistent (fixed batch size, known batch number, and
hence known forward and backward pass count), or (2) request
serving which minimizes request latency (e.g., average latency)
under given arrival rates, assuming LLMs always reside on GPUs
([30, 31] do not even select model execution plans). Works on multi-
LLM applications often focus on accuracy rather than scheduling
efficiency (e.g., running LLMs sequentially or via online APIs).

(2) Existing job scheduling problems. MLAS differs from other
job scheduling variants in its model processing function, which
describes the processing rates of a model under different conditions.
Specifically, in existing job scheduling problems, the processing rate
(1) depends only on the job execution plan and hardware, unrelated
to the job processing stage [32], (2) or depends on the processing
stage, assuming a job has multiple phases with different parallelism
degrees [12, 17, 41, 47]. In MLAS, the jobs cannot be simply divided
into discrete phases; the processing rate depends on the remaining
requests of an LLM, which is more complex. For example, on a GPU,
an LLM may start with many unfinished requests in a batch but
later have only one left due to long output length, underutilizing
the GPU and lowering throughput (i.e., processing rate) far below
its initial level.

Besides, traditional job scheduling has strict precedence con-
straints: a job cannot start until all its dependencies finish. In MLAS,
to explore more parallelism, an LLM can run concurrently with its
input models, which we call model-level pipeline parallelism,
i.e., pipelining multiple models.

1.2 Prior Art Limitations

(1) Simple rule limitations. Commonly used rules include Max-
heuristic and Min-heuristic [35]. Max-heuristic schedules the LLMs
one by one, allocating all the GPUs to each LLM. Min-heuristic
allocates the minimum number of GPUs to each LLM while making
all the GPUs occupied to maximize the LLM concurrency. Min-
heuristic has 2 variants: preemptive Min-heuristic can interrupt
running LLMs and change their execution plans to avoid idle GPUs,
while non-preemptive Min-heuristic cannot. To compare these
rules, suppose we run an application to ensemble 6 LLMs on a
4-GPU machine. For simplicity, we only consider data parallelism
for each LLM, which distributes requests over n replicated LLM
instances, each running on one GPU. Assume the processing rate
pj of each LLM M; under an execution plan P is fixed during infer-
ence, and p; of M; linearly scales with the allocated GPU number
n, while other pjs are concave to n (i.e., the marginal improvement
decreases with n). Figure 1 (a)-(c) show the respective schedules
by Max-heuristic, non-preemptive Min-heuristic, and preemptive
Min-heuristic. These rules all ignore the LLM processing function
differences. In fact, if all the processing functions are linear or con-
vex to n, Max-heuristic can generate the optimal schedule. However,
since the pjs except p; are concave to n, there is another schedule
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in Figure 1 (d), where more GPUs are assigned to M; from time 2
to 3 because of its linear scalability, achieving shorter makespan
than the above rules.

(2) Processing function modeling limitations. To get the processing
functions, profiling-based methods are often used, e.g., Saturn [35],
which focuses on model training, profiles the minibatch iteration
time as training is iterative and consistent. However, this method
cannot work directly on MLAS, because LLM output lengths are un-
known in advance, making the batch information of each inference
iteration unknown if we use continuous batching [55]. Without
batch information, we cannot predict the iteration latencies and
hence the processing rate. Therefore, to get the processing functions
for MLAS, the key is to estimate the LLM output lengths. Existing
works use a model, even an LLM, to predict the request output
lengths [18, 23, 46, 58], but this introduces additional running time
cost, which contradicts with the objective of MLAS.

(3) Scheduling algorithm limitations. Given our unique processing
functions that depend on the remaining requests, many existing
job scheduling methods cannot be adapted to MLAS. Specifically,
the existing job scheduling methods often use linear programming
(LP) [4, 32, 35] or various heuristics. However, although MLAS can
be written in MILP in principle, considering preemption, the model-
level pipeline parallelism, and our processing functions would make
it extremely complex to solve. Heuristics like round robin and
Equipartition [17, 41, 47] ignore the computation workload dif-
ference and the processing function difference of LLMs, so they
may not work well on MLAS (round robin and Equipartition are
dominated by the Max-heuristic and Min-heuristic we tested in Sec-
tion 5). As a result, this work tries to adapt throughput-aware
greedy heuristics to MLAS.

1.3 Our Proposed Approach

To solve MLAS, we propose a framework Mil, which consists of
three major components.

(1) Processing rate estimation. Given the input requests and
the execution plan, we propose a method to estimate the average
processing rate of an LLM in any time interval. To do this, it is
necessary to have the request output length information as afore-
mentioned. However, since we aim to estimate the inference process
for a model to complete a set of requests rather than predict the
time to complete each individual request, we do not need to know
the exact output length of each request for an LLM. Instead, it is
sufficient for us to know how the output lengths of these requests
are distributed as a whole. In fact, we observed that the output
length of an LLM generally follows a distribution irrelevant to con-
crete requests, except that there are some special instructions in the
request or in the inference settings (e.g., asking the LLM to generate
the answer to a multiple-choice question without extra output or
setting the maximum output length limit to 900). Therefore, we
can obtain the empirical cumulative distribution function (eCDF)
for an LLM in advance by collecting the output lengths of a large
set of requests. Then, we can randomly sample the output lengths
for the given requests accordingly. After that, given the request
scheduling policy (e.g., first come first served), we can simulate the
inference process of an LLM to obtain the running batch informa-
tion for each generation iteration. The latency of each generation
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Figure 2: The computation graphs of different applications.

iteration is estimated using a set of linear functions. In this way,
we can predict the running batches in any time interval and get the
average processing rate for it.

(2) Greedy search. Given the processing functions, we propose
a greedy method for MLAS. The main idea is to maximize the to-
tal processing rate of the running LLMs at any time point, so as
to minimize the makespan. In addition, LLMs with long running
time should be started early to avoid becoming the bottleneck due
to late starts. Therefore, we use a candidate model set to ensure
models with long running times to be started at the beginning. We
iteratively allocate GPUs to the LLMs in the candidate set with
an execution plan that brings the highest per-GPU increase to its
throughput (i.e., its average processing rate) with respect to the
shortest alive time interval of the running LLMs (possible preemp-
tion cost is considered), until there is no GPU left. We then update
the remaining request information for all the LLMs at the time point
where the first running LLM finishes, and reconduct the above GPU
allocation process, until all models can be finished. This greedy
method is used for proof of concept. It is possible to adapt more
advanced greedy heuristics to MLAS.

(3) Runtime schedule adjustment. When running the multi-
LLM application according to the schedule we find, the LLM finish-
ing order may differ from what we predict due to estimation errors.
Therefore, we design a rule-based mechanism to dynamically adjust
the application schedule by bringing forward the running of the
waiting models in the schedule, to avoid idle GPUs.

We evaluate Mil on various applications (ensembling, routing,
chain summary, and mixed applications) against five competitors.
Mil achieves up to 3.4x end-to-end speedup. We also study the
performance of Mil’s components separately.

2 PROBLEM FORMULATION

Precedence Constraint. The dependencies among the LLMs in
an application can be expressed by a computation graph. Figure 2
shows the computation graphs for LLM ensembling, LLM rout-
ing, and chain summary (including document summarization and
summary quality evaluation) respectively. The computation graph
may contain self-loops. For example, in chain summary, a long
document will be split into multiple chunks, and the summary will
be updated as we step through the document chunk-by-chunk [3],
as shown by Figure 2 (d) where the document contains 3 chunks
and hence there are 3 summarization steps (3 M; nodes); while we
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can also use a self-loop of M; to express the summarization loop
over the chunks, as shown by Figure 2 (c). In this paper, we keep
the self-loops in an application without expanding it (so for chain
summary, we adopt the computation graph of Figure 2 (c)), to avoid
too many nodes in the graph. Each edge in the graph, except the
self-loops, corresponds to a precedence constraint.

Model Execution Plan. Different parallelism strategies can be
combined to be an execution plan. We currently consider two com-
monly used parallelism strategies for each LLM: data parallelism
that distributes input requests over replicated model instances, and
tensor parallelism that distributes the computation of individual
model layers over multiple GPUs. Let dp denote the data parallelism
degree, i.e., the number of model replicates, and tp denote the tensor
parallelism degree, i.e., the number of intra-layer model partitions.
An execution plan can be represented by P = (dp, tp). Given N
GPUs, generally, dp € {k|k € N*,k < N}, tp € {29|q € N,29 < N}
(tp is a power of 2 for better GPU efficiency). P is valid for an LLM
if two constraints are satisfied: (1) the total number of GPUs re-
quired by both parallelisms (dp - tp) does not exceed N; (2) the
GPU memory given P is enough for the LLM weights and at least
one sequence’s KV cache (as this work currently does not consider
offloading model weights or KV cache to the CPU side).

Processing Function. As introduced in Section 1, given a model
Mj, an execution plan P, a time interval [¢, t + At], the unfinished
requests with input lengths I’ at time ¢, the time points H jt at
which the requests will be ready (as the requests may be output by
some precedent LLMs), the request output lengths O; are estimated
based on the output length sampler, and the processing function
pj (IJtHJtP At) returns the average processing rate of M; in the
time interval [t,t + At] based on the estimated O;.

DEFINITION 1 (MLAS PROBLEM).
(N,M,LP, p,E):

N, the total number of GPUs.

M, the set of LLMs.

I maps each Mj € M to I;.), its initial request input lengths.
P maps each Mj € M to Pj, where P; includes the valid
execution plans of Mj and an empty plan A (i.e., allocating
no GPU to Mj).

p maps each M; € M to pj, the processing function of M;.
E, the precedence constraints among M.

Given the following input

The output is a scheduling assignment function A(Mj;, t) over LLM
M; € M and timet > 0, which represents the execution plan selected
from P; for Mj at t, with preemption allowed. The schedule should
satisfy the following constraints:

o Capacity constraint: At any timet > 0, the total number of
allocated GPUs should not exceed N.

e Demand constraint: For each Mj € M, all its requests can be
completed in the end (I; = 0 at its completion time t).

e Precedence constraint: if (Mj, Mj) € E, then A(M;j,t) # A
if and only if M; is completed (Iit =0)or AM;, t) # A
(allowing model-level pipeline).

The optimization objective is to minimize the makespan of the sched-
ule, i.e., the largest completion time of models in M.

THEOREM 1. The MLAS problem is NP-hard.
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Proof sketch. The minimum makespan scheduling problem for
malleable jobs (i.e., jobs that can run in parallel on several processors
(GPUs)) allowing preemption without precedence constraints is
strongly NP-hard for an arbitrary number of processors [10], which
is a special case of MLAS. Therefore, MLAS is NP-hard.

3 PROCESSING FUNCTION

Request output length sampler. The insight is that we can
regard the output length of a request given an LLM as a random
variable, and we find that its distribution is similar for different
request input lengths and different request categories, except when
the request includes instructions about the output length or when
the output length limit is set in the inference settings (e.g., asking
the LLM to generate the answer to a multiple-choice question with-
out extra output or forcing the inference to stop after generating 900
tokens in the output). This insight is obtained from our experiment
observation. Specifically, we use the No Robots dataset [40], which
contains 10 different categories of requests, including Generation,
Open QA, Brainstorm, Chat, Rewrite, Summarize, Coding, Classify,
Closed QA, and Extract. We send the 10000 requests from the No
Robots dataset to different LLMs and collect their output lengths,
and then we draw the empirical cumulative distribution functions
(eCDFs) of these output lengths. Figures 3a and 3b shows some
eCDFs for an LLM, vicuna-13b-v1.5 [6], from which we can see that
the eCDFs are similar regardless of the request length (Figure 3a) or
the request content category (Figure 3b). We further validate the
generalizability of the output length distributions by comparing
the eCDFs of different datasets and testing more LLMs. Specifically,
we test 3 LLMs (vicuna-13b-v1.5 [6], chatglm3-6b [15], WizardLM-
13B-V1.2 [54]) on 8 datasets (sampling 10k requests from each): No
Robots [40] and dolly-15k [9] (instruction following), Natural Ques-
tions [50] (QA), TLDR [51] (summarization), GSM8K [7] (math),
HumanEval [5] and mbpp [2] (coding), ShareGPT [6] (chat). For
each LLM, we computes its average output length distribution of
the 8 datasets, O = Y, 0(K) /8. We use the average Jensen—Shannon
divergence }, kJSD(Q(k ) || 0)/8 to measure the distribution differ-
ence. JSD is bounded: 0 < JSD < In 2. The average JSDs for vicuna-
13b-v1.5, chatglm3-6b, and WizardLM-13B-V1.2 are 0.11, 0.13, 0.13,
indicating the distributions of different datasets are similar. Fig-
ure 3c plots the output length eCDFs of vicuna-13b-v1.5, which are
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Figure 4: Running request number of each iteration in (a)
the real inference process and (b) the simulated inference
process, respectively.

close. All these results show that the output length distribution of
an LLM does not depend on concrete requests.

Therefore, we construct eCDFs of output lengths for different
LLMs using the No Robots dataset [40] in this work and estimate
the request output lengths by sampling. Let F;(x) denote the output

length eCDF of LLM M; and I}, ax denote the maximum sequence
length that M; supports. Given an input request of length I;;, for
Mj, its output length is estimated by loy; = min(X, [j,qx — lin),
X ~ Fj(x).If we explicitly limit the maximum output length to y,
then lyy; = min(X, y, l,]nax = lin), X ~ Fj(x).

Inference process simulator. Given the input lengths and the
sampled output lengths of a set of requests, and the time points
at which the requests are ready, as long as we know the request
scheduling policy and the available KV cache blocks (using Page-
dAttention [6]) for an LLM (e.g., vVLLM [25] uses the first come first
served policy), we can simulate the LLM inference process without
actually running the LLM on GPUs. Based on the simulation, we
can estimate the running batch information for each generation
iteration, i.e., the current total length (the initial input length plus
the generated output length) of each request in the running batch.
Figure 4 compares how the batch size changes across generation
iterations in the real inference process and the simulated infer-
ence process for the LLM vicuna-13b-v1.5 [6], given 1000 requests
from the ShareGPT dataset [6]. Figure 4 shows that the simulation
captures the main curve pattern of the real inference process, de-
spite some differences. For an application, we need to perform the
simulation for the LLMs in it in the topological order.



Per-generation-iteration latency estimator. The insight is
that a generation iteration mainly consists of a list of tensor op-
erators on the GPUs, and the latency of an operator is related to
the number of computation FLOPs and the GPU kernel parallelism.
Specifically, we divide a generation iteration into three major parts:
(1) model computation (computing the results of all model layers),
(2) input preparation before model computation, and (3) output
token sampling after model computation.

For part 1 (model computation), the number of computation
FLOPs can be estimated by

FLOPsprefil = L(c - Bs + 2Bhs?/tp) (1)
FLOPSgecode = L(c - B+ 2hS/tp) (2)

Equations (1) and (2) compute the FLOPs in a prefill iteration and
the FLOPs in a decode iteration, respectively, where L is the number
of layers, B is the batch size, s is the maximum request length of
all running requests, h is the hidden dimension, tp is the tensor
parallelism degree, S is the total request length, and c is a constant
computed by summing up the sizes of all the model weight matrices
that are related to matrix multiplication operations. The GPU kernel
parallelism is related to the batch size B. We profile the part 1 latency
(Figure 3d) in the inference process of Llama 7B [49] for a given
set of requests, running on 1 GPU with vLLM [25], as an example.
Figure 3d shows that, for each batch size B (#seq in the figure), this
part of latency increases linearly with the number of FLOPs (there
are some noise points sparsely distributed, which we can ignore).
This conclusion also holds for other LLMs because they use the
same GPU kernels.

For part 2 and 3, we use the padded total length of the running
requests (B - s) and the total length of the running requests with-
out padding (S) to represent the number of computation FLOPs,
respectively. We also profile these two parts of latency in the same
inference process as for part 1. The results show that we can also
use linear functions associated with different request numbers B to
model these two parts of latency (the figures are not shown here
due to the space limit).

Based on the above observations, we estimate the per-generation-
iteration latency of an LLM M; given an execution plan P by t =
tcomp *+tprep +tsamp, Where tcomp, tprep, tsamp are the respective time
for model computation (comp), input preparation (prep) and output
sampling (samp) and they are all in the form of linear functions:

aj,phase [P,B] - Xjphase * bj,phase [P, B] (©)
where a; yhase [P, B, bj phase [P, B] denote constants specific to M;,
its execution plan P, the phase (comp, prep, samp) and the batch
size B, and x; phase is FLOPs for comp, B-s for prep, and S for samp.
We profile the three parts of latency with different inference request
batches to compute the constants in Equation (3).
Put them all together. For an LLM Mj, given an exection plan
P and the unfinished requests at time ¢ with input lengths I jt and
ready time points H ]t , we first sample the output lengths O; for the
requests using the output length sampler, then run the inference
process simulator to estimate the running batch information for
each generation iteration in the whole inference process, and finally
predict the latency for each generation iteration using the per-
generation-iteration latency estimator. Let FLOPsy, t;. denote the
computed FLOPs and the latency of iteration k, respectively. Given

1897

Runtime
information

Processing
Functions
Search

method

Multi-LLM application,

Requests,
Machine information

Application
plan

communicator|

Dynamic
scheduler
‘Adjusted
next stage

planning running

Figure 5: The framework overview.

any time point ¢’ = ¢ + Af, we can get the maximum iteration
involved in it, denoted by i, and then the average processing rate
during [t, + At] is p; (I}, H}, P, At) = T, FLOPs /AL,

Besides, every time M; begins to run or changes its execution
plan, we need to consider the model loading time (the time to load
model weights from CPU to GPUs and prepare the communication
environment if tensor parallelism is used), which can be profiled
for each model and each execution plan in advance and stored in a
cost table. In this case, the completed workload during [, ¢ + At]
and hence the average processing rate are also affected.

We test the whole estimation method by estimating the time for
vicuna-13b-v1.5 [6] to complete the 1000 requests from ShareGPT [6],
whose simulated inference process is shown in Figure 4. The esti-
mated running time is 98 seconds, while the real one we measured
is 92 seconds, with an error ratio of 6.5%. Considering the model
loading time, our estimation is 128 seconds, while the real running
time is 127 seconds, which is almost the same as the estimation.

4 THE MIL FRAMEWORK

Figure 5 shows our framework overview. Given a multi-LLM
application, its input requests, and machine information, we first
search for the minimum-makespan schedule for the application
using a greedy method, based on the processing functions. Then,
we run the application according to the schedule. We launch one
process for each LLM to do the inference. The dotted box area
in Figure 5 illustrates how the LLM processes are organized in our
framework. As there may be data dependency among LLMs, we
use a separate process as the communicator among the LLMs to
receive the LLM outputs, process them (e.g., filling the outputs into
templates), and send them to the corresponding LLM processes
upon request. When an LLM is interrupted, we will record the
generated tokens for each request and discard the KV cache. We also
provide a rule-based mechanism to dynamically adjust the schedule
according to the runtime information to reduce GPU idleness.

4.1 Search method

Solving the MLAS problem is NP-hard, therefore we propose a
greedy method here for it. Algorithm 1 shows the pseudocode. The
main idea is maximizing the total processing rate at any time point
and scheduling the LLMs with long running time early.
Therefore, at time ¢ (¢ starts from 0), we maintain a candidate
model set Jiot and we consider allocating more GPUs to the models
in it. The models are added to the candidate set in the order of their
running time given their unfinished requests and their minimum-
GPU execution plans, with the precedence constraints are satisfied



Algorithm 1: Greedy Search
Data: The MLAS problem input instance (N, M, I, P, p, E)
Result: A schedule A
1 ﬂ(]: t’) =A, VMj e M,t’ > 0;t < 0; // current time point
2 aj < +oo,YM; € M // the check order of M; € M
3 while M has unfinished LLMs do
S* « {}, ¢ < None; //S*: best current LLM execution plan group
Jeot < [1;
while True do
Jeand < {JIM;j is ready w.rt. E, j € Jiot};
tj < the min-GPU completion time of M;
(J € Jeand> @j = +00) wr.t. S¥, pjs
sort Jeand by (@}, —t;j) in ascending order;

10 no_cand < (|Jcand| == 0);

1 while |J.4n4] > 0 orno_cand do
move Jeand[0] to Jiot if no_cand == False;
® — [],57 = 5%
for j € Jiot do
® = O+{(j,5)|P € P},S = S*.update((j, P)),
S*.#gpu < S.#gpu < N};
end
Ang = ($.S.#gpu — S* #gpu), ¢ € ;
At* = mingeg+ (s.completion_time);
9; = pj value wrt. 8%, [t,t + At™];

12

13 =

14
15

16
17
18
19
20 Aty = minge g 5(s.completion_time), ¢ € &;
Op = pg.j value wrt. §.5, [t,t + Aty ;1. ¢ € @;
if ® == 0|| maxpeq(0p — 9;}.) < 0 then

21

22

23 ‘ stop = True; break;

end

¢ =arg max¢€®(9¢ - QZ.j)/A"qS’S* = ¢*.S;

move Jiot[~1] back to Jeang if [Sg| == [S*| and
no_cand == False;

24

25

26

27 end

28 break if stop == True;

29 end

30 A(s.j,t') =s.P,t" € [t, At¢*] fors € S*,;
31 t=1+ Aty

32 update I; for Mj € M,

33 end

(line 7-9, 12). We iteratively allocate GPUs to the LLM in Jiot and its
execution plan with the highest per-GPU increase of its throughput
(i.e., its average processing rate) with respect to the shortest alive
time interval of the running LLMs (possible preemption cost is
considered), assuming no running model will be interrupted (line 13-
25), the selection is stored in ¢*. The alive time interval of any
M; given execution plan P is the shortest time to complete its
remaining FLOPs, w, at t, i.e., argmin,, p; (Ij’f,H]’f,P, At) - At = w.
Only when all the models in Jiot have been allocated at least one
GPU can we add new models into Jiot (line 26), so the long-running-
time models will be started at the beginning. When all the GPUs
are allocated or when we cannot improve the throughput of any
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running model by allocating more GPUs to it (line 22), suppose the
shortest completion time of the running models is Azy+, then we
update the application schedule A for the running models and the
time interval [¢, ¢ + Aty:] to the corresponding selected execution
plans in ¢* (line 30). The time point ¢ is also updated to ¢ + At
(line 31). The remaining request information at the new time point
t will be updated for all the models (line 32), and we will reconsider
the application schedule at ¢, during which the order of the models
being added to the candidate set will not be changed (line 2,9). This
process is repeated until all the models can be finished.

Time complexity. Algorithm 1 can be computed in O (C|M|N?
min(| M|, N)) time, where C is the time of one estimation process
of the processing rate estimation, which is related to the inference
process complexity (e.g., the request number, request lengths, the
GPU memory size, etc.). To make the search faster, our inference
process simulator runs for different execution plans in parallel.

Approximation analysis. Algorithm 1 has an approximation
guarantee for the simplified problem instance: (1) we assume that
given a model M; and its execution plan P, the processing rate can
change over the execution process but only depends on the number
of remaining requests to answer, (2) given the same remaining
request number W;, the processing function of M; regarding the
GPU number n is concave (for each GPU number n, we only consider
the best processing rate of M; of all its possible execution plans).

THEOREM 2. Let t# be the makespan of our schedule A, t 7+
be the makespan of the optimal schedule A*, N be the total GPU
number, C; be the maximum preemption cost of M (of all the possible
execution plans), and | M| be the number of models. Let « satisfy that,
the processing rate of Mj when using all the GPUs, denoted by p,i;,
is at least o (o > 1) times higher than the processing rate of M; when
using the minimum possible number of GPUs, denoted by pminj, i.e.,
Pallj = @pminj- Let B satisfying that max; Cj < Ptminj, ¥j, where
tminj is the time to finish M; with the minimum possible number of
GPUs. We havetg < Ntg«/a + |M|max;C; < (é + f)Ntg-.

Proor. Given a schedule A’, AREA(A’) denotes the total non-
idle time of all the GPUs. We have AREA(A™) > 3 ; tminj, and
hence t 7+ > AREA(A*)/N 2 3 tminj/N.

In our schedule A, there may be some intervals where some
GPUs are idle due to the preemption cost. Let A be such an interval
and M; be the model that finishes at the interval end. Consider the
execution plan P’ to assign all the idle GPUs to M; in this interval.
Let t; be the interval length, and t; be the time to complete M;
since the interval beginning under P’. We know t > t1, otherwise
it means we can improve the throughput of M; by assigning more
GPUs to it, which contradicts the schedule A. Therefore, if we
select P’ for Mj, let n be the original number of idle GPUs, and we
have AREA(A) < Nty < (N — n)ty + nt; = AREA(A’), where A is
the new interval where M; runs for #; to complete and the other
models still run only for #;.

By doing such modifications to all the intervals, denoted by {A;},
we can obtain a new set of intervals {A]} (A; = A} if A has no idle
GPUs). There are at most | M| intervals in A, and each interval has
at most max; C; time for preemption cost. We have AREA(A) =
2iAREA(A;) < Ntg < 3; AREA(A]) < AREA(Amax) + N(IM|
max; Cj — chj) = Nta,, + N(M]|max;Cj - Zj Cj).



Therefore, tg < ta,,, +|M|max;C;j - X; Cj. Since py; 2
®Pminj, we have tg,,  — 3;Cj < ¥ tminj/a@ < Ntg-/a. There-
fore, we have t# < Ntg:/a + |[M|max; C;. Further, we have
IM|max;Cj = ¥ jmax;jCj < B3 ;tminj < BNtg-. Therefore,
ta < (L +p)Ntg-.

a

In practice, when the number of requests is large enough, (1)
data parallelism can almost linearly increase the processing rate
with the assigned GPUs, making « close to N, and we can roughly
regard the processing rate under an execution plan unchanged
during the model inference because the GPUs are saturated most of
the time; (2) the inference time will be long enough to make f close
to 0 as C; is a constant on the order of tens of seconds (e.g., 30s for
chatglm3-6b [15], 60s for Llama-2-70b-chat-hf [49]). In this case,
the above bound will be tight. Our experiments show that a varies
with the model workloads, e.g., for alpaca-13b, as the number of
requests increases from 1000 to 10000, « increases from 2.4 to 6.4,
so N/a decreases from 3.3 to 1.25 (N = 8). Otherwise, the bound
can be loose, and Mil may fail.

4.2 Runtime adjustment mechanism

As our processing functions are not perfectly accurate, the LLM
finishing order may differ from what we predict. For example, sup-
pose the application schedule we find is A and the makespan of it
is t. According to Algorithm 1, [0, t] is split into multiple time inter-
vals: [to, t1], [t1, t2], .oy [tk—1, tr], Where to = 0,1t = ¢, and each ¢;
(i =0, ..., k) is the time point where some LLM is started, changes its
execution plan or finishes. Suppose for [to, t1], the running LLMs
and their execution plans are [(Mj, P1), (My, P2), (M3, P3)], and ac-
cording to A, M; will finish at #;, i.e., M; finishes earlier than
M, M3. However, in the real running process, Mz may finish earlier
than M;. In this case, if we do not adjust the schedule and wait until
M; finishes to run the models with the execution plans specified
by A for [t1, 2], the GPU resources will be severely wasted.
Schedule adjustment. The principle is to bring forward the
waiting execution plans of models in A if there are newly released
GPUs. For the above example, the adjustment mechanism works as
follows. For each unfinished model M; with execution plan P; in
[to, t1] (i-e., (My, P1) or (Ms, P3)). If [¢o, t1] is the last interval that
M; is involved in, then we will keep M; running with P; until it
finishes. Otherwise, if A(j,t") = Pj for t’ € [ty, tz], then we will
keep M; running, which is equivalent to scheduling M; according
to the [t1, to] part of A.If A(j,t') # Pj for t’ € [t1,t2], then we
will first consider running the models My with A(q,t') = P4 #
A (t" € [t1,t2]) on the GPUs with Py. After this, the previously
unfinished M; will finally be considered for running with P; if
there are still available GPUs. If all GPUs are occupied, we will no
longer consider scheduling this (M}, P;) pair from the [to, t1] part
of A. When the (M, P) pairs from the [t;, t;+1] part of A have all
been scheduled or the related models have finished, we can consider
the next part [#;41, tj+2] of A for the possible adjustment later. The
above description has covered all the possible cases at runtime.
GPU selection. When selecting GPUs for an LLM, we follow
the principle of minimizing LLM reloading costs with all the NVlink
connection requirements of the execution plans satisfied (tensor
parallelism should be run on GPUs fully connected with NVlinks
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to ensure efficiency). For example, if there is a newly started model
M; with tensor parallelism degree 2, and the NVlinks in a 4-GPU
machine only connect (GPU 0, GPU 1) and (GPU 2, GPU 3), then
M; can only be loaded on GPU 0-1 or GPU 2-3. In this case, we may
need to move some models if they occupy the GPUs required by Mj,
and we want to choose the reloading solution with the minimum
reloading cost. To do this, we heuristically sort the GPUs by their
possible reload costs if the running models on them need to be
relocated, and assign the GPUs to the models in order.

5 EXPERIMENTS

Machine. We use vLLM [25] as the engine to run an LLM. The
experiments are conducted on a ubuntu machine with 8 A100-80G
NVIDIA GPUs (where every 2 GPUs are grouped and connected by
NVLink), 2 24-core CPU, and 1510 GB RAM.

Competitors. All the methods use our processing functions
(except LightRule), allow preemption (except HybridFlow), and are
supported by our runtime adjustment mechanism.

(1) Max-heuristic (MAX) [35]: it schedules LLMs on all the
GPUs sequentially, maximizing each LLM’s processing rate.

(2) Min-heuristic (MIN): adapted from [35], it allocates all the
GPUs to as many LLMs as possible every time there are idle GPUs;
the GPUs are partitioned as evenly as possible among the running
LLMs. When selecting execution plans, MIN maximizes the total
processing rate of the running LLMs.

(3) MIN-R: A variant of MIN, which (1) randomly samples up to
N (the GPU number) ready LLMs to consider concurrent running
every time and (2) only considers minimum-GPU execution plans
for LLMs when the unfinished LLMs are not fewer than the GPUs.

(4) Saturn”™: adapted from Saturn [35], Saturn* formulates the
scheduling as an MILP (to be solved by Gurobi [16]), assuming
there is no preemption; when there is a model expected to finish,
Saturn”* will solve a new MILP according to the new model states.
To consider model-level pipeline parallelism, due to the complexity
of modeling this in linear constraints (Section 1.2), we (a) estimate
the running time of an LLM assuming its input models (if any) are
finished before it starts and (b) add the constraints that a model
M;j cannot start before its input model Mp starts, and M; will not
release its GPUs before M, finishes.

(5) LightRule: The running time of an LLM is estimated by the
request number multiplied by the average output length and divided
by its average throughput (generated # of tokens/s). For each model
and its execution plan, we profile on the No Robots dataset [40] and
use the average throughput of the maximum batch size during the
inference as the average throughput (when GPUs are likely to be
saturated). We estimate the average output length by the minimum
between the length expectation based on the output length eCDF
(Section 3) and the maximum output length limit (if any). When the
remaining models are more than the GPUs, LightRule selects the
minimum-GPU execution plan for each LLM, sorts the models by
their topological order and their estimated running time (assuming
its input models are finished), and schedules the models using list
scheduling; otherwise, LightRule first selects the minimum-GPU
execution plan for each model and then greedily allots GPUs to the
LLM with the maximum makespan decrease per increased GPU.



Table 1: LLM selection frequency

ID Model # Request Ratio

0 Llama-2-70b-chat-hf 408 0.06

1 Mixtral-8x7B-Instruct-v0.1 1267 0.18

2 WizardLM-13B-V1.2 2068 0.30

3 CodeLlama-34b-Instruct-hf 456 0.07

4 Mistral-7B-Instruct-v0.2 2657 0.39
Total: 6856 1.00

When a model is expected to finish, the remaining models are
rescheduled using the above rule.

(6) LightRule*: a variant of LightRule which replaces the cost
model of LightRule with our processing functions.

(7) HybridFlow [44]: designed for Reinforcement Learning from
Human Feedback (RLHF), with all LLMs held on GPUs together, it
partitions the LLMs and GPUs into sets (a GPU set is assigned to
an LLM set) and finds the best schedule via enumeration.

(8) HybridFlow™: it runs the same search algorithm as Hybrid-
Flow but does not consider the total memory constraint for colo-
cated models, because it loads LLMs on GPUs one by one and
discards them when they finish.

Applications. We test 4 types of applications.

(1) LLM ensembling [21] has no model dependency, and each
model has the same number of requests. Models are chosen from
LLM-Blender [21]: vicuna-13b-v1.5 [6], oasst-sft-4-pythia-12b-epoch-
3.5 [26], alpaca-13b [48], baize-v2-13b [53], koala-13B-HF [14],
dolly-v2-12b [8], mpt-7b-chat [33], chatglm3-6b [15], stablelm-tuned-
alpha-7b [45]. Dataset: the MixInstruct dataset [21]. We set the
maximum request output length limit to 256 as done in LLM-
Blender [21]. We change the inference workload by varying the
number of requests from 1000 to 10000. The request input length
in this dataset ranges from 5 to 127, with an average of 21.

(2) LLM routing [19] also has no LLM dependency. Each re-
quest is assigned to one LLM, so different LLMs have different num-
bers of requests. Models are 5 open-source LLMs from ROUTER-

BENCH [19]: Llama-2-70b-chat-hf [49], Mixtral-8x7B-Instruct-v0.1 [1],

WizardLM-13B-V1.2 [54], CodeLlama-34b-Instruct-hf [42], Mistral-
7B-Instruct-v0.2 [22]. Dataset: the ROUTERBENCH dataset [19].
Table 1 shows the corresponding request numbers. The dataset pro-
vides the response to each request by each LLM, so we can obtain
the exact output lengths Therefore, we also do an experiment with
known output lengths (w/ outlen), and make LLMs generate the
exact number of output tokens for the requests as in the dataset.
The input length varies from 9 to 577 and the average is 310; the
output length varies from 3 to 1585 and the average is 199. In the
experiment with unknown output lengths (w/o outlen), as ROUTER-
BENCH does not mention the maximum output length limit when
they obtain the responses, we set the limit to a relatively large value
4096. We change the number of requests by replicating the dataset
for different number of times, to vary the LLM workloads.

(3) Chain summary [3] has model dependencies (Figure 2 (c)):
the evaluator LLM (M3) depends on the summary LLM (M) and the
M has a self-loop. Besides, given a set of documents with different
lengths, from the expanded computation graph Figure 2 (d), we can
see the workloads of the summary steps (the M nodes) will decrease
from left to right. These factors can lead to GPU idleness. Models:
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vicuna-13b-v1.5 as the summary model and Llama-2-70b-chat-hf
as the evaluator model. Dataset: we sample documents from two
datasets to summarize: BOOOOKSCORE [3] and BookSum [24].
Each document is split into chunks of size 2048 using the code
in BOOOOKSCORE [3]. The document length distribution is very
skewed: when the sample size is 100, there is one extremely long
document with 60 chunks, while the median length is 3 chunks. A
summary may need to be judged from multiple aspects [20]. We
have 3 dataset settings: (1) varying the document number from 100
to 500, with the maximum output length limit of 900 and the number
of evaluation times of 4; (2) varying the number of evaluation times
from 2 to 8, with the document number of 300 and the maximum
output length limit of 900; (3) varying the maximum output length
limit from 100 to 900, with the document number of 400 and the
number of evaluation times of 4.

(4) Mixed application. To explore whether there are additional
time-saving opportunities when we run multiple application to-
gether, we also test mixed applications. Models: a mixture of chain
summary and LLM ensembling. Dataset: we set the number of eval-
uation times in chain summary to 4, the maximum output length
limit of chain summary and LLM ensembling to 900 and 256, re-
spectively; we fix the number of LLM ensembling requests to 5000
and vary the number of documents to summarize from 100 to 500,
to simulate different workload combinations. Besides, we also use
one of the above settings with 200 documents as a base setting, and
replicate the base-setting mixed applications twice and four times
(getting 4 and 8 apps) for the scalability test.

Metric. For each method, its end-to-end running time consists
of 2 parts: (1) extra time, i.e., the time to generate the schedule, and
(2) inference time, i.e., the time to run the application.

5.1 End-to-end results

Figure 6 shows the time for each method to run single applications
given different dataset settings, Figure 7 shows the results on the
mixed application, and Figure 8 shows the scalability test on the
mixed application. In Figures 6 to 8, each bar contains two parts, the
inference time (the lower part) and the extra time (the upper part
with slashes). There are two values for each bar: the normalized
inference time against Mil (in the middle) and the normalized end-to-
end running time against Mil (on the top). For MIN-R, when the # of
models is not fewer than N, the bars report the average inference
time and the average end-to-end time of 3 runs on each test case,
and the error bar denotes its end-to-end running time range.

5.1.1 Speedups. According to Figures 6 and 7, in terms of the
end-to-end running time, Mil is 1.0-3.0X better than MAX, 1.0-
2.0X better than MIN, 1.0-1.7X better than MIN-R, 1.0-3.4X bet-
ter than Saturn®, 1.0-1.7X better than LightRule, 1.0-1.2X better
than LightRule”, 1.0-1.4% better than HybridFlow, and 1.0-1.3X bet-
ter than HybridFlow™ except one ensembling case (10% worse);
in terms of the LLM inference time itself, we are 1.0-3.4X better
than MAX, 1.0-2.2% better than MIN, 1.0-1.8X better than MIN-R,
1.0-1.4X better than Saturn®, 1.0-1.8X better than LightRule, 1.0-
1.2X better than LightRule*, 1.0-1.3% better than HybridFlow, and
1.0-1.3% better than HybridFlow™ except on some ensembling and
mixed applications where we are 10% worse. Comparing Figure 7
against Figures 6a and 6d, we find that for Mil, running the two
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Figure 6: Single application end-to-end results

LightRule
LightRule*
HybridFlow
HybridFlow*

7727 extra time

7

I

13

S\

112
o

.,
2877 12,
M BT

16

o a1 ina

(100, 5000) (200, 5000) (300, 5000) (400, 5000) (500, 5000)

Figure 7: Running time VS request number combination of
chain summary and LLM ensembling.

applications separately costs 1.0-1.3% longer end-to-end running
time than scheduling them as a whole, because the models in the
LLM ensembling can make the idle GPUs busy when only a few
long documents are not finished in the chain summary. In terms
of inference time, running the mixed application as a whole is not
slower than separate scheduling for the competitors as well, except
for LightRule (due to its ineffective cost model), LightRule* (when
with 300 documents), and HybridFlow (due to model colocation).
In the scalability test (Figure 8), the end-to-end running time
of Mil scales sublinearly with the number of applications, and we
remain 1.0-4.0X better than the competitors except HybridFlow™
(in the case of 2 applications). Some competitors fail to generate
schedules for some tests due to (1) long search time (MIN, Hybrid-
Flow™), (2) failure to solve the MILP (Saturn®), or (3) infeasibility
of holding all the models on the GPUs together (HybridFlow). The
successful cases also show sublinear inference time increase of the
competitors (except for MAX), because in these cases, with more
models to schedule, GPU idleness and underutilization are relatively
alleviated. We compare Mil with the competitors in detail below.
Comparison with MAX: Mil try to assign GPUs to LLMs to
improve the overall throughput instead of each single model’s
throughput. For MAX, since using more GPUs will not bring a
linear throughput improvement when the number of requests is not
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large enough, it may cause severe computation resource waste. For
instance, when # Requests is 1000 in LLM ensembling, it takes 122s
to run alpaca-13b on 1 GPU and 84s on 8 GPUs, i.e., 8X more GPUs
only make the throughput 1.5X higher; while when # Requests is
increased to 10000, it takes 721s to run alpaca-13b on 1 GPU and
160s on 8 GPUs, i.e., 4.5X throughput with 8x GPUs. When the
model loading time is excluded, 8x GPUs leads to 2.4x throughput
for 1000 requests while 6.4x throughput for 10000 requests. Figure 9
also validates this point. Comparing model 1 (Mixtral-8x7B-Instruct-
v0.1) in Figure 9a and Figure 9b shows that 4x GPUs do not lead
to 4x throughput. Besides, the model loading overhead (ranging
from 11s to 70s for a model) of MAX’s sequential scheduling may
account for a large proportion of the end-to-end running time when
the model workloads are not large enough.

As the number of requests increases, the advantage of Mil against
MAX becomes smaller (e.g., Figures 6a to 6¢ and 7). One reason is
that, when the number of requests is large enough, under different
execution plans, the number of running requests per GPU for an
LLM in most of its inference time will be at a similar high level,
so the computation throughput per GPU will be similar. Another
factor is that the ratio of the time to load models onto GPUs in the
overall inference process is smaller when the number of requests is
larger. Therefore, as long as we make each GPU have LLMs running
on it all the time, we can achieve a good overall throughput.
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Figure 9: Application schedules for Routing (output lengths unknown, # data replication is 1). LLM IDs are in Table 1.

Comparison with MIN & MIN-R: MIN and MIN-R blindly
split all the GPUs evenly among the remaining LLMs all the time,
ignoring the model workloads and the model reloading overhead,
which damages the application efficiency and makes them perform
worse than Mil. In Figure 9, by comparing model 3 (CodeLlama-34b-
Instruct-hf) in Figure 9a and Figure 9¢, we find that unnecessary
execution plan changes waste running time. When the number
of requests is large enough, we also observe that the advantage
of Mil against MIN (MIN-R) generally becomes smaller (e.g., Fig-
ures 6a to 6¢), and the reasons are the same as the analysis for MAX.
Sometimes MIN-R may not sample the long-running-time models
at the beginning, making the inference time longer than that of
MIN, e.g., Figure 8, while MIN-R may also beat MIN, e.g., Figure 6a.

Comparison with Saturn™: Although Saturn* uses an industrial-
strength MILP solver, Gurobi [16], to solve its MILP problem each
time, due to the complexity of the MILP, Gurobi may not find the
optimal solution. The simplification we do to the MILP modeling
to make Saturn® support model-level pipeline parallelism may also
limit its performance. Furthermore, the MILP assumes models can-
not be interrupted once started, which is different from the original
MLASproblem, so the schedule Saturn* finds may be slower than
ours in some cases. Take Figure 9d as an example. Not considering
model preemption, Gurobi finds the optimal solution for the initial
MILP to minimize the makespan, which allots 4 GPUs to model 4
(Mistral-7B-Instruct-v0.2); then for the later MILPs when there are
models expected to finish, considering the extra costs to reschedule
models and the remaining workloads, the optimal solutions found
by Saturn* are to keep the model execution plans unchanged. How-
ever, with model preemption, Figure 9a shows that, we can first
allot 1 GPU to model 4 to achieve higher overall throughput (as
model throughput does not scale linearly with the GPU number)
and then allot more GPUs to it when some models finish, resulting
in much shorter makespan.

Comparison with LightRule & LightRule*: While LightRule
has a competitive performance on some test cases, its simple cost
model can lead to bad schedules, because the cost model uses (1)
the average token generation speed at a fixed batch size as the
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model throughput, ignoring the influence of varying computation
workloads, and (2) the number of tokens to generate as the compu-
tation workload, ignoring the influence of varying request lengths.
In Figure 9e, the inaccurate cost model causes high model reloading
overhead (model 2 is rescheduled twice) and GPU idleness. For
more data replications, the schedule of LightRule is the same, but
the model reloading overhead ratio is smaller, so our advantage
over LightRule is smaller. On chain summary, LightRule performs
much worse because its cost model ignores the request dependency
(1) due to the self-loop (Figure 2) by simply summarizing all the
tokens to generate in the loop to predict the running time, and (2)
due to model dependency when there is model-level pipeline paral-
lelism. The assumption that model throughput is constant during
execution is wrong, especially when there is model dependency.
Therefore, LightRule allots only 2 GPUs for summarization but 6
GPUs for evaluation, which causes severe GPU idleness. For the
mixed application (Figure 7), scheduling it as a whole is even slower
than the independent scheduling when document number is 200
or 300, because LightRule only allots 1 GPU for summarization
(the bottleneck) and 4 GPUs for evaluation, making the bottleneck
model extremely slow and the other GPUs idle for a long time.
Equipped with our processing functions, LightRule* overall per-
forms much better than LightRule, although it sometimes may make
wrong decisions, e.g., increasing the GPUs for model 0 in Figure 9f,
as our processing functions are not perfectly correct.
Comparison with HybridFlow & HybridFlow*: The auto
device mapping algorithm enumerates all the possible device map-
ping strategies, making HybridFlow perform well in many test
cases. However, not considering model preemption can make it
miss some optimization opportunities, e.g., Figure 9g (compared
with Figure 9a). On the other hand, the GPU sharing of multiple
models in HybridFlow may damage the model efficiency when the
memory resource is insufficient, e.g., when the GPU memory is
small, the model sizes are large, or the request number (i.e., the
KV cache demand) is large. This explains why, with more than 200
documents in Figure 7, the inference time of HybridFlow is longer
than scheduling the 2 applications independently. When there are



significantly more models than the GPUs, the GPUs cannot hold
all the models together (Figure 8).

HybridFlow™ loads models only when they need to run, avoid-
ing the efficiency damage due to model colocation, so in terms of
inference time, it beats HybridFlow in many cases (e.g., Figures 6a
and 7), and even beats Mil in some ensembling and mixed applica-
tions by 10% (because of its enumeration-based search). However,
without the total memory constraint of colocated models, there are
more possible device mappings and execution plan combinations
for HybridFlow™ to enumerate, increasing its extra time (Figure 7).
It even fails to generate schedules within hours for some mixed
applications (the cases with more than 2 applications in Figure 8).
5.1.2  Search efficiency. In the experiments except the scalability
test, the respective maximum search time of Mil, MAX, MIN, MIN-R,
Saturn®, LightRule, LightRule*, HybridFlow and HybridFLow™ is 60s,
29s, 71s, 49s, 1308s, 20s, 48s, 205s, and 451s. In the scalability test, the
respective maximum search time of Mil, MAX, MIN-R, LightRule,
and LightRule* remains within 100s, and the corresponding ratios
against the end-to-end running time are 3.2%, 1.1%, 2.4%, 0.6%, 1.6%.
Therefore, these methods are efficient. For Mil, the search time
consists of 2 parts: initialization and running time estimation. The
initialization time is less than 20s and is the same for all the methods,
depending on the model number; while computing one estimation
is quite efficient due to the parallel simulation. For example, for the
mixed application with workload (500, 5000), the search time is 60s,
where initialization takes 18s and estimation takes 39s (computing
550 estimations, so each taking 0.07s).

Due to the complexity of solving the MILP, Saturn* may take
thousands of seconds to search (the timeout for each MILP is 5min
as in [35]), which hinders the use of Saturn* for MLAS when there
are multiple models. HybridFlow is time-consuming because it is
enumeration-based. HybridFlow searches for 205s on LLM ensem-
bling with 10000 requests, enumerating 694938 device mappings
and estimating model running time for 2526 times (169s); by con-
trast, Mil only checks 55 execution plan groups and estimates model
running time for 462 times (30s). HybridFlow™ enumerates more de-
vice mappings than HybridFlow, so its extra time can be longer, e.g.,
on mixed applications. However, as it does not need to consider the
different available GPU memory amounts for a model in different
colocated sets, it conducts fewer model running time estimations,
so its extra time is shorter than that of HybridFlow on LLM en-
sembling, e.g., 1187524 device mappings and 108 estimations (10s)
when with 10000 requests. Although MIN uses a simple rule for
scheduling, its search time can be long because it checks all the
possible concurrent LLM execution plan groups each time to select
the highest-throughput one. For the mixed application (2 apps) with
workload (500, 5000), MIN enumerates 290891 groups (21s), keeps
122 groups by the even-partition rule, and computes 83 running
time estimations (27s), so the search time reaches 72s (including
initialization time). For the mixed application with 4 apps, MIN
enumerates 16953281 execution plan groups, taking 1417s. With 8
apps, MIN cannot finish the search within hours.

5.2 Component analysis

W/ VS w/o preemption. Table 2 shows the end-to-end running
time of Mil w/ and w/o preemption on LLM ensembling with 10000
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Table 2: End-to-end time w/ VS w/o preemption.

Method Ensembling Routing Mixed
W/ 840+48 956+21 2164+60
W/o  1050+37 (1.2x) 1414+18 (1.5x) 2243+41 (1.0X)

Table 3: Noise level VS inference time normalized to Mil.

# requests  Exact 0 le-5 1le-4 1le-3 1le-2 Rand
1000 1.0x  761s 11X 11X 14x 22X 22X
2000 1.0x  1417s 1.0x 1.0x 13x 23X 13X

requests, LLM routing with unknown output lengths and 4 data
replications, and the Mixed application with workload (500, 5000)
and 2 apps. The data format is “A+B (C)”: A, B, C are inference
time, extra time, and end-to-end time normalized to that of W/.
For chain summary, Mil w/ and w/o preemption generate the same
schedule. Table 2 validates the necessity of allowing preemption in
scheduling. W/o preemption the search time of Mil will be shorter
because a model’s execution plan cannot be changed once selected.

Estimation error analysis. The respective average errors of
the estimated application inference time for ensembling, routing,
chain summary, mixed application in Section 5.1 are 16.0%, 26.1%,
35.6%, 20.0%, while the respective maximum errors are 29.5%, 50.7%,
38.6%, 31.3%. The error has two sources. (1) The first source is the
iteration latency estimation, because we only estimate the major
computation parts (Section 3), while other operations, like the out-
put processing procedure in vLLM [25], are not considered. This
error is relatively stable, e.g., for all the routing test cases, knowing
exact output lengths leads to an average overall estimation error
of 17.3%, with a maximum of 21.6%. As this error has a similar
influence on different models, we can still find good schedules de-
spite it. (2) The second error source is the output length estimation.
To show its influence on the final application efficiency, we add
uniform noise ranging in [—a, a] to our output length probability,
where a is the noise level. We select ensembling for the test and set
the maximum output length limit to 4096. Table 3 shows the results.
We also test the efficiency when the output length estimation is
uniformly sampled from the range between 1 and its maximum
possible value (“Rand” in Table 3). Table 3 shows that changing the
output length distribution for sampling can significantly damage
the application efficiency.

In our experiments, the maximum overall estimation errors of
routing and chain summary are relatively large. For routing, the
extreme case (50.7%) appears with 1 data replication. In this case,
our estimated output lengths are longer than real values, but the
relative throughputs of different models are similar to the real case,
so we still find a good schedule. As the data replication number
increases, the estimation error decreases to 19.5%. For chain sum-
mary, as there is one extremely long document in the tests, i.e.,
many summarization steps have only 1 input chunk, sampling can-
not estimate the output length accurately in this case, making our
estimation error large; but the summarization steps in the earlier
stage have more requests, accounting for a large portion of the
workloads, and our estimation is more accurate on them, so we can
still find good schedules for chain summary.



Table 4: Inference time of Oracle VS Mil.

Oracle-1k  Mil-1k  Oracle-2k  Mil-2k

84 84 116 120
8.0% 10.7% 0.2% 10.8%

Method-# requests

Inference time (s)
Estimation error

Runtime adjustment analysis. We run experiments with no
runtime adjustment for Mil on all the experiments in Section 5.1.
The results show that runtime adjustment brings 1.0-1.1X speedup.
On many test cases, our predicted model completion order is correct,
or there are no models to be rescheduled, so the runtime adjust-
ment mechanism is not activated. For mixed applications, runtime
adjustment is effective, because in the early execution phase, our
predicted model completion order is wrong and there are wait-
ing models; without runtime adjustment, these models cannot be
started ahead of schedule and the released GPUs remain idle.

Greedy VS Oracle. To explore how close Mil is to the optimal
solution, we compare Mil with Oracle, i.e., enumerating all the
possible schedules to select the best one. It is impossible to run
each schedule to get its real running time, due to the large search
space, so Oracle uses our processing functions with output lengths
known. Experiments show Oracle cannot schedule applications
with more than 3 LLMs due to OOM, so we test it on ensembling
with 3 LLMs (baize-v2-13b, koala-13B-HF, dolly-v2-12b) and 1000
or 2000 requests (the maximum output length limit is 256). Table 4
shows that in these test cases, since the estimation error of Oracle
is small, we can regard Oracle’s performance as close to optimal,
and hence Mil is also near optimal. In terms of the search time,
Oracle takes 525s and 1378s, respectively, while Mil takes 10s and
11s. With 1000 and 2000 requests, Oracle computes 10443 and 20338
running time estimations (taking 368s and 1080s) and checks 61008
and 76354 plan groups.

6 RELATED WORK

Malleable job scheduling. The malleable job scheduling prob-
lem considers the resource allocation as well as the job scheduling.
There are many variants of it, including allowing preemption or
not, minimizing the makespan or the flow-time, having precedence
constraints or not, etc. The malleable job scheduling problems are
often solved by linear programming (LP), or heuristics like round
robin, Equipartition, and greedy methods.

Multi-DNN inference acceleration. Existing works improve
multi-DNN inference efficiency by resource sharing [52] or re-
source scheduling[38]. [52] considers GPU sharing in the online
task scheduling scenario, and addresses the GPU fragmentation
problem. Optimus [38] dynamically allocates resources and places
DL training tasks to minimize job completion time, based on online
resource-performance models. Alpaserve [27] uses model paral-
lelism additionally for the statistical multiplexing of multiple de-
vices when serving multiple models in the online serving scenario.

Muti-LLM inference acceleration. There are many works
about the multi-LLM serving system [11, 30, 31]. MuxServe [11] is
a flexible spatial-temporal multiplexing system for multiple LLM
serving. Parrot [30] improves the end-to-end experience of the LLM-
based applications by performing data flow analysis. Autellix [31]
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focuses on dynamic multi-LLM agentic programs. Besides online
serving, there are also works about multi-LLM training [35, 44].
Saturn [35] reduces the model selection time by solving the joint
problem of selecting parallelism, allocating resources, and schedul-
ing. HybridFlow [44] improves RLHF efficiency.

LLM output length prediction. Some recent works try to pre-
dict the exact output lengths of LLMs using LLMs or other trained
models [13, 18, 23, 46, 58]. [13] trains a model to rank requests by
their output lengths. A concurrent work BlendServe [57], similar
to our work, estimates the output lengths by sampling a subset of
requests before the GPU running and assumes that the requests
sharing prefixes in the prompts have a similar distribution of out-
put lengths. While we obtain the output length distribution from a
dataset different from the ones used by the applications.

7 CONCLUSION AND FUTURE WORK

In this work, we formulate the MLAS problem and prove it to be
NP-hard. To the best of our knowledge, MLAS is the first to study
the makespan minimization of multi-LLM applications in offline in-
ference. We propose Mil for MLAS. Experiments show that Mil can
achieve up to 3.4x end-to-end speedup. Mil currently considers
data parallelism and tensor parallelism for LLMs, but other paral-
lelism strategies (e.g., pipeline parallelism, expert parallelism) can
be supported in the future. Another extension is the support for
multi-node inference. If there is high bandwidth between nodes,
we can merge the nodes and run Mil on it. Future work can support
slow inter-node bandwidth.
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