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Abstract

Vision-Language Models (VLMs) are increasingly deployed via dis-
tributed inference to perform visual perception and semantic rea-
soning tasks on edge devices. Pipeline parallelism is well-suited
for collaborative edge inference, as it partitions models across de-
vices with minimal communication between adjacent stages. How-
ever, pipeline-parallel inference on edge devices faces two chal-
lenges. First, prior intra-batch scheduling methods determine the
prefill-decode token ratio without considering available KV cache
capacity and token distribution, resulting in intra-batch workload
imbalance. Second, static model partitioning methods assign lay-
ers to devices without accounting for dynamic bandwidth varia-
tions, leading to load imbalance across pipeline stages. These im-
balances result in pipeline bubbles and increased inference latency.
To address these challenges, we present IHS-LM, a low-latency
pipeline-parallel inference framework for VLM serving on hetero-
geneous edge devices. Specifically, to alleviate intra-batch workload
imbalance, IHS-LM introduces an intra-batch Hybrid Scheduling
method (IHS), which dynamically adjusts the prefill-decode token
ratio based on token distribution and available KV cache capac-
ity. To mitigate load imbalance across stages, IHS-LM proposes a
Bandwidth-Aware Model Layer Migration method (BAMLM), which
detects imbalance caused by dynamic bandwidth and resolves im-
balance through fine-grained layer migration. We compare IHS-LM
with existing pipeline-parallel inference methods in high-load and
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heterogeneous bandwidth settings. Experiments show that IHS-
LM achieves the lowest inference latency, while preserving model
accuracy.
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1 Introduction

Vision-Language Models (VLMs) have demonstrated remarkable
capabilities [10, 23, 31] in visual understanding and multimodal
reasoning, enabling diverse applications in edge computing [13,
22, 34], such as inspection of industrial defects and monitoring of
infrastructure. However, the deployment of VLMs on edge devices
is severely hindered by two primary bottlenecks. First, the large
size of VLMs often exceeds the memory capacity of individual edge
devices. Second, offloading inference to the cloud incurs prohibitive
latency and raises privacy concerns. To overcome these bottlenecks,
collaborative inference across multiple edge devices has emerged
as a promising solution.

Collaborative inference [3, 20] relies on distributed parallelism
strategies. Prior studies [15, 24] indicate that data parallelism (DP)
and sequence parallelism (SP) require full model replication on each
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Figure 1: Two Challenges in Pipeline-Parallel Inference on
Dynamic Edge Devices.

device, exceeding the memory capacity of resource-constrained
edge devices. Tensor parallelism (TP) [2, 18] incurs prohibitive com-
munication overhead due to frequent all-reduce operations at each
layer. In contrast, pipeline parallelism (PP) [8, 17, 25] partitions
the model into sequential stages and communicates activations be-
tween adjacent stages. PP is well suited for bandwidth-constrained
and memory-limited edge devices due to its low communication
overhead and balanced memory distribution [7]. However, as illus-
trated in Figure 1, sustaining efficient PP inference in dynamic edge
devices faces two challenges.

Challenge 1. The inference process of VLMs comprises a compute-
intensive prefill phase and a memory-bandwidth-bound decode
phase [4, 36]. Due to the distinct resource requirements of the prefill
and decode phases, intra-batch scheduling methods must carefully
manage the prefill-decode token ratio within each batch, taking
into account the token distribution of pending requests [14, 35].
However, as illustrated in Figure 1, prior scheduling methods fail
to balance prefill tokens from newly arrived requests and decode
tokens from ongoing requests, leading to prefill-decode imbalance
and resource underutilization. Specifically, FasterTransformer [19]
adopts non-preemptive batch-level scheduling, requiring all re-
quests in a batch to complete before admitting new ones. Orca [29]
enables iteration-level dynamic batching to admit new requests,
but long prefill requests can still block ongoing decode requests.
Sarathi-Serve [1] mitigates prefill-induced stalls via chunked pre-
filling and hybrid scheduling, yet cannot dynamically adjust the
prefill-decode ratio based on available KV cache capacity and token
distribution. These limitations lead to imbalance between prefill
and decode workloads, thereby increasing inference latency.

Challenge 2. In pipeline-parallel edge inference, the balance of
stage latency (computation and communication) is critical to system
performance. When link bandwidth fluctuates, latency disparities
across stages can increase significantly, disrupting the load balance
across pipeline stages established by static model partitioning. Dy-
namic layer migration restores stage balance by reassigning model
layers across devices at runtime [9, 33]. However, as illustrated in
Figure 1, existing approaches overlook bandwidth heterogeneity,
leading to inter-stage imbalance that remains unresolved even after
migration. Specifically, DynaPipe [9] ignores bandwidth hetero-
geneity and limits migration to the pipeline tail. LinguaLinked [33]
cannot detect inter-stage imbalance during inference and adapt to
dynamic bandwidth due to reliance on offline partitioning.

Yun Li, Tianfu Pang, Zhiyu Cai, Zhenxiang Pan, Yingchi Mao, and Jie Wu

In this paper, we address these challenges by introducing IHS-
LM, a low-latency pipeline-parallel inference framework for VLM
serving on heterogeneous edge devices, guided by the following
design goals: (1) Alleviate intra-batch workload imbalance to enable
high-throughput inference for heterogeneous requests. (2) Mitigate
load imbalance across pipeline stages to reduce idle time and mi90-
nimize latency.

To achieve these design goals, IHS-LM introduces two key mod-

ules: the intra-batch Hybrid Scheduling (IHS) module and the Bandwidth-

Aware Model Layer Migration (BAMLM) module. The IHS dynam-
ically regulates the prefill-decode token ratio within each global
batch by jointly monitoring pending-request token counts and
available KV cache capacity, thereby alleviating intra-batch load
imbalance and reducing inference latency. The BAMLM module
is composed of two tightly integrated components. The first is
a Sliding Window Bandwidth Sensing mechanism, which moni-
tors per-stage latency and smooths fluctuations to reliably detect
pipeline imbalance. The second is a Fine-Grained Model Layer Mi-
gration strategy, which pre-partitions candidate boundary layers
offline and dynamically selects the optimal layers to migrate online
based on real-time stage latency differences. These components en-
able adaptive, low-latency load balancing across all pipeline stages,
ensuring efficient utilization of heterogeneous edge resources.

In summary, this paper makes the following contributions.

e An intra-batch hybrid scheduling mechanism that dynami-
cally adjusts the prefill-decode token ratio based on token
distribution and available KV cache capacity, achieving bal-
anced prefill and decode workloads.

e A bandwidth-aware dynamic layer migration mechanism
that mitigates load imbalance caused by bandwidth varia-
tions by migrating model layers across pipeline stages.

e We implement and evaluate IHS-LM on a real heterogeneous
edge cluster comprising multiple NVIDIA Jetson devices.
Compared with baselines, IHS-LM achieves the lowest infer-
ence latency while preserving model accuracy.

2 System Overview

Figure 2 illustrates an overview of IHS-LM with three workers for
clarity; the system generalizes to N heterogeneous worker nodes.
THS-LM adopts a two-tier coordinator-worker architecture to ad-
dress both intra-batch and inter-stage load imbalance. The coor-
dinator serves as the central control plane, responsible for global
scheduling, imbalance detection, and migration orchestration. The
N worker nodes collectively form the distributed inference pipeline,
each executing assigned model layer computations and monitoring
local stage latency.

Upon receiving multimodal requests, the coordinator invokes the
intra-batch Hybrid Scheduling (IHS) module, which performs token
throttling to construct a mixed batch by dynamically balancing pre-
fill and decode tokens based on pending token counts and available
KV cache capacity (). The mixed batch is then dispatched into
the worker pipeline ((2)), where each worker executes forward com-
putation over its assigned model layers and forwards intermediate
activations to the downstream worker. Concurrently, each worker’s
Local Monitor records per-batch stage latency and feeds it into the
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Figure 2: Overview of IHS-LM.

Sliding Window Bandwidth Sensing (SWBS) module to filter tran-
sient noise, producing a stable latency estimate that is periodically
uploaded to the coordinator ((3)). The coordinator’s Global Monitor
aggregates these reports and detects persistent imbalance when
the stage latency range exceeds the dynamic threshold (). Upon
detection, the Migration Decision Engine computes the optimal
layer reassignment across all stage boundaries and broadcasts mi-
gration commands to the affected workers, where candidate layers
pre-loaded on adjacent devices are activated or frozen via logical
operator routing—shifting the computational boundary without
any physical weight transmission ().

The two core modules, IHS and BAMLM, operate at complemen-
tary timescales. IHS functions at the per-batch level to mitigate
intra-batch workload skew, whereas BAMLM works at a coarser
granularity to correct persistent inter-stage imbalance resulting
from bandwidth fluctuations. Together, they form a closed-loop
adaptation system that continuously reduces pipeline bubbles in
dynamic edge environments.

3 Intra-Batch Hybrid Scheduling for Edge VLM
Inference Acceleration

During edge collaborative inference, dynamic request arrivals and
the divergent computational characteristics of the prefill and decode
phases introduce intra-batch workload skew and uneven micro-
batch execution times. Specifically, VLM inference exhibits signif-
icant phase-level disparities: the prefill phase performs compute-
intensive image encoding and prompt processing, whereas the

decode phase executes memory-bandwidth-intensive autoregres-
sive token generation. This divergence renders batch-level or FIFO
scheduling inadequate, causing pipeline bubbles from GPU memory
stalls or computational synchronization delays, thereby increasing
end-to-end latency.

To address this, we propose an intra-batch Hybrid Scheduling
(IHS) method that introduces a fine-grained token flow control
mechanism. At each iteration, IHS dynamically regulates the pre-
fill-decode token ratio within the global batch by monitoring the
number of pending prefill/decode tokens and the KV cache free ra-
tio on edge devices. The method comprises three successive stages:
prefill quota computation, decode quota computation, and hybrid
batch construction.

3.1 Prefill Quota Computation

The prefill quota By, is computed based on the number of tokens
pending prefill and the KV cache free ratio. At timestamp ¢, in a
pipelined cluster of N heterogeneous edge devices, the global KV
cache free ratio KVf,, is defined as the minimum memory ratio
across all devices:

N 0)
KVyree = min (varee) . (1)

Let Wpye denote the total number of tokens pending prefill in
Q,yqir- The prefill quota derives from two perspectives.
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From the load perspective, to consume all pending tokens within
Kitep iterations, the load-driven quota Bi(,lroead) clips the baseline de-

mand Wy, /Ksrep to the hardware-permissible interval [ Byin, Bmax]:
. ( ( Wpre

= min (max | ——
step

load
B

> Bmin) > Bmax) . (2)

From the memory perspective, the resource-driven quota Bj(,r,e;)
scales the batch size linearly with KV, ensuring maximum
throughput under sufficient memory while throttling under scarcity:

B}Srr?) = max (Bmax X KVfrees Bmin) . (3
Since relying solely on B‘[(Jlraead) risks memory overflow and Bf(,rrees)

alone lacks safety margin for decoding, the system introduces a
memory safety waterline KV;p,sp—the minimum reserved mem-
ory ratio for continuous KV cache growth during decoding. Let
[X]+ = max(x, 0) and n= [(KVfree - KVthresh)/(l - KVthresh)] +~
Integrating backlog demand, resource constraints, and this safety
waterline, the initial prefill quota is:

init : Wpre
Bgre =min {Wp,e,max (m,Bmin) ,Bmaxq}. 4)

When KVf,ee < KVipresh, 7 becomes zero, and the scheduler
temporarily stops admitting new prefill tokens to reserve GPU
memory headroom for ongoing decoding. When sufficient KV cache
space is available, B,,;, serves as the minimum effective scheduling
granularity, while the quota is still clipped by the number of pending
prefill tokens.

3.2 Decode Quota Computation

Unlike prefill, which completes within a single iteration, decoding
spans multiple steps to generate tokens autoregressively. Conse-
quently, the running queue Q,,, exhibits high stability: its com-
position changes only when new requests join or existing ones
complete, with the majority of requests carried over from the pre-
vious iteration.

Leveraging this stability, the system employs a pipeline-based
load averaging strategy rather than complex dynamic regulation.
The scheduler first counts the total number of active decoding
tokens Wy, = TokenCount(Q,,,). To respect the per-iteration
token budget, it admits at most Wiee = min(Wyee, Bax) decode
tokens in the current iteration and distributes them evenly across
pipeline depth D,,,, yielding the per-micro-batch decode quota:

BY“) = [Wyee/Dpp] )

To handle tail remainders when W, is not evenly divisible, the
actual number of tokens scheduled per micro-batch is

dec > dec

(i) _ . Crrem,i pquota
B, =min (W B ) , 6)

where W;::"l denotes the number of remaining scheduled decode
tokens before constructing the i-th micro-batch. This ensures all
tokens are scheduled when the total falls below the quota, and
caps at the quota otherwise. By forcing each micro-batch to carry
an equal token load (except the tail), the method eliminates inter-
micro-batch imbalance and prevents oversized individual batches
from stalling the pipeline rhythm.

Yun Li, Tianfu Pang, Zhiyu Cai, Zhenxiang Pan, Yingchi Mao, and Jie Wu

Algorithm 1 Intra-batch Hybrid Scheduling Algorithm (IHS)

Require: Waiting queue Q,4;¢, running queue Q,n, KV cache free
ratio KVfyee, pipeline depth D,,, capacity limits Bpin, Bmax,
memory threshold KV esn, target steps Kzep

Ensure: Micro-batch set {T! 7'Pre )}

" Umicro®* " "> “micro
1: KVjree ¢ min (vafle)
2: Wyre < TokenCount(Q-yair)
3: Wyee < TokenCount(Qrun)
4 Wgee — min(Wdec’ Bmax)
KVfree — KVihresh )

501 max(
1= KVihresh

. W,
6: B‘g;l; — min(Wpre, max(ﬂs Bmin), Bmux’])
Kstep

7: Bpre min(Bé,",Z, max(Bmax — Wyee, O))
& Tyre  Fetch(Quair, Byre)

9 Taee_anl — Fetch(Qrun, Waec)

10: fori =1to Dy, do

DPP

. (1)
11: ndec —

12: Td(éi «— Pop (Tdecialla min (TokenCount( Tdec_all), n((ii;c) )

B

13: Sslice — \‘ PreJ
PP

14:  if i = Dy, then
15: Sstice < TokenCount(T}.)
16: en_d if _
17: T’i’i)cm — Concat(Td(;l, Pop(Tyre, Sslice))
18: end for Do)

1
19: return {Trilizm,...,Tmic’;’; }

3.3 Hybrid Batch Construction

After determining the decode quota, the system constructs the
global batch following a decode-first principle. Although B;,"ricf ac-
counts for pending prefill tokens and available KV cache capacity,
its effective capacity is further constrained by the hardware per-
iteration token limit By, minus the budget already consumed by
the scheduled decode tokens. The final admitted prefill quota must
therefore satisfy:
Bpre = min (B;,",’Et max(Bmax — Wyec, O)) . (7)
To convert the scheduling plan into hardware execution instruc-
tions, the scheduler fetches B, tokens from Q,,4;; to form the pre-
fill token set ¢, and partitions the active tokens in @, into Dy,

. D .
micro-batches {7:12)’ el ’7:1(“ 2 }. To prevent prefill concentration
from causing pipeline stalls, 7, is evenly distributed across micro-
batches (with any remainder assigned to the last). Each micro-batch

is then constructed via logical concatenation:
B
pre
) ®
pp

This interleaving ensures computational consistency across micro-
batches, enabling fine-grained scheduling within the same pipeline

micro

7D _ Concat (7;(612, Slice (71}9, size ~
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Figure 3: Comparison of Pipeline Execution Timing and
Pipeline Bubbles between Sarathi-Serve [1] and IHS.

stage to effectively reduce pipeline bubbles and end-to-end infer-
ence latency. The complete scheduling procedure is detailed in
Algorithm 1.

Figure 3 compares pipeline bubble distributions between Sarathi-
Serve and the proposed IHS method. Although Sarathi-Serve em-
ploys chunked prefilling, its lack of global GPU memory and token-
count awareness leads to unbalanced computation across micro-
batches and noticeable pipeline stalls. In contrast, IHS dynamically
distributes prefill and decode tokens evenly across micro-batches,
achieving consistent execution times and thereby reducing pipeline
bubbles and inference latency.

4 Bandwidth-Aware Layer Migration for Edge
VLM Inference Acceleration

Rather than relying on noisy instantaneous bandwidth measure-
ments, SWBS uses communication-aware stage latency as a proxy
signal, because bandwidth degradation is ultimately reflected in
the communication component of pipeline stage latency. We pro-
pose BAMLM, a bandwidth-aware dynamic layer migration method
for distributed pipeline inference. BAMLM integrates two compo-
nents: a Sliding Window Bandwidth Sensing (SWBS) mechanism
that smooths network fluctuations to reliably trigger migration,
and a Fine-Grained Model Layer Migration (FGMLM) strategy that
pre-partitions candidate boundary layers offline and dynamically
selects the optimal migration set online, achieving stage-level load
balance without physical weight transmission.

4.1 Problem Formulation

In pipeline-parallel inference, each device d; hosts a contiguous
layer subset L;ét)ive ;- The stage latency decomposes into computa-
tion and communication:

T(t) — T(f) + T(l‘) (9)

stage,i comp, i comm,i’

where the computation latency is

Tampi = 0. (Cor), (10)

lE.L(t)

active,i

C is the fixed computational workload of layer I, and r; is the per-
layer processing time of device d; obtained via offline profiling.
Tc(;r;m,i is the measured latency for forwarding intermediate acti-

vations to the downstream device d;4;. The pipeline throughput is
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bottlenecked by the slowest stage:

®) _ (@)
Tbtk - ie{nllaXN} {Tstage,i} : (11)

We quantify pipeline load imbalance via the stage latency range:

- (&) : (t)
AT = e {Tte] = i, (T - 02
A larger AT®) indicates more severe pipeline bubbles and lower
resource utilization. BAMLM aims to suppress AT(*) below an
acceptable threshold by dynamically migrating model layers across
adjacent devices in response to real-time bandwidth fluctuations.

4.2 Sliding Window Monitoring

To filter instantaneous noise from bandwidth fluctuations, each
edge device maintains a local window sequence H; recording raw
processing latency samples from consecutive historical batches, and
adaptively adjusts its window length based on link jitter severity.

Upon obtaining the actual stage latency T\Y) " at batch ¢, the

stage,i
(z-1)
i

system first computes the historical mean i,

over the previous

window of length Wi(FI) as a baseline:

W,(t_l)
i

(t=7)
> Tl (13)

J=1

-y _ _ 1
H,i _vvi(t_l)

The latency fluctuation strength V.*) is then defined as the nor-
y gthV;
malized deviation of the current sample from this baseline:
(t) (t-1)
V(t) _ |Tstage,i - IlH,i

i ey
Hp i

(14)

Alarger Vi(t) indicates more severe network jitter on the device’s

link. Based on this, the adaptive window length Wi(t) is updated
via the following piecewise rule:

()
W = {Ww o CASRE
min (rwmm A wmax) AN

where Wi, and W;,4x bound the adjustment range, 6 is the jitter
tolerance threshold, and A is the window scaling factor. When
fluctuation is within the normal range, a shorter window preserves
sensitivity to recent bandwidth changes; when deviation exceeds
the threshold, the window expands to incorporate more historical
samples for statistical smoothing.

After determining Wi(t), the device appends Ts(tgl,e’i to H; and
computes the smoothed stage latency:

. Wi(t)_1

#(t)  _ (t-7)

Tstage,i - (1) Z Tstage,i' (16)
W=

Each device periodically reports Ts(ti)g ..i to the coordinator node,
which aggregates the global smoothed latencies to obtain a pipeline-

wide performance view reflecting current load imbalance.
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4.3 Model-Layer Migration Triggering

After collecting the smoothed stage latencies {Ts(t;)ge PR s(t;)ge N}

the coordinator quantifies pipeline load imbalance via the global
latency range:

7(6) — _ ; (t)

ATT = max Tiaged) = min {Tiage} (17)

Since transient noise has been filtered by the sliding window, a

large AT®) reliably indicates persistent pipeline bubbles. However,

as frequent physical weight transmission incurs communication

overhead and disrupts inference context, the system tolerates minor

imbalance by defining a dynamic triggering threshold proportional
(1),

to the global average stage latency pgys:

1 N
(t) _ 7(t)
'uSYS - N Z Tstage,i’

i=1

I =y ) (18)

where y € (0, 1) is the preset steady-state tolerance ratio. Migra-
tion is triggered only when AT() > T'*)  indicating that load skew
has severely restricted pipeline throughput.

To prevent system oscillation from repeated blind migrations—
caused by stale historical data remaining in local sliding windows af-
ter a migration—the system introduces a cooldown mechanism. Let
t14s¢ be the batch index of the last migration and T;,,; the cooldown
period, which must exceed the maximum window length across
all devices to ensure global observations are fully refreshed. The
comprehensive migration trigger is:

o _ L if AT®) > T and (t = tiast) > Teool (19)
trigger )0 otherwise
When ]It(rtl)g gor = 1> the coordinator activates the migration deci-

sion module to recompute the optimal active layer set {L;Z;\lle) i
for each device.

4.3.1 Fine-Grained Dynamic Model-Layer Migration Mechanism.
To address the challenge where the massive parameters of Vision-
Language Models (VLMs) incur prohibitively high communication
overheads for online weight migration under persistent system load
imbalance—making edge deployment highly difficult—this section
proposes a fine-grained dynamic model-layer migration mecha-
nism. This mechanism decouples "boundary pre-partitioning” from
"model-layer migration": in the offline phase, candidate boundaries
are preset based on the available GPU memory of the devices; in the
inference phase, the optimal set of layers to migrate is dynamically
calculated based on real-time latency differences. This approach
circumvents the prohibitive costs associated with traditional on-
line parameter transmission, achieves fine-grained load balancing
across the pipeline, and ultimately reduces inference latency.

4.3.2  Migration Boundary Pre-partitioning. This step follows the
model partitioning algorithm and executes before weight distribu-
tion. To reserve elastic space for runtime migration, the system
introduces a memory allocation ratio p € (0, 1), restricting the
initial partitioning to at most p - Mtiota1 of device d;’s total GPU
memory M, .. The truly available physical memory for hosting
candidate layers is then:

avail i
M - Mtotal

Mjinit — Myuffer, (20)
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where M!
activations of the initially assigned layer set Lf"” , and Mpyger 1S a
safety margin against GPU memory overflow.

At each boundary between adjacent devices d; and d;.1, the
system delineates a shared candidate layer set C; ;. that is pre-
loaded onto both devices via redundant storage. Its maximum size

is constrained by the minimum available memory of both parties:

covers static weights, initial KV cache, and intermediate

kmem = min (I.Mi‘wail/mlayerja I_Mlaflml/mlayerJ) > (21)

where mjq e, is the average memory footprint of a single model
layer. The system sets |C; j+1]| = kmem and extracts the correspond-
ing boundary layers from L. The remaining layers form the base
set £5—the core layers device d; must execute independently
under any network condition:

L7 = LI\ (Ci1i U Cin). (22)
The full weight set persistently stored by each device is thus:
Wi = Ci14 U LI U Ciia, (23)

where the left candidate set of d; and the right candidate set of dn
are empty. During online inference, migration requires only ultra-
low-latency control commands from the coordinator: by freezing
candidate layers on the straggler device and activating the corre-
sponding layers on the adjacent device, the computational boundary
shifts without any physical weight transmission.

4.3.3 Model-Layer Migration. When ]It(rll)g cer
computes the globally optimal layer reorganization strategy. To
prevent local offloading from inducing bottleneck shifts elsewhere,
the system jointly adjusts candidate layer attribution at all N — 1
boundaries simultaneously.

For adjacent devices dj and dj4; (j € {1,...,N —1}), let k; €
{0,1,...,]|Cj j+1]} denote the number of layers in C; j,; assigned
to d;, with the remaining |C; j.1| — k; layers activated by dj,;.
The global migration strategy is uniquely represented as K =
{k1,k2,...,kn-1}. Given K, the reconstructed layer set £;(K) of
device d; assembles from its base set and the allocated boundary
subsets, yielding the expected computation latency:

> G, (24)

le L;(K)

= 1, the coordinator

Tcomp,i (K) =

For communication latency, since boundary shifts only alter
the size of intermediate activations while steady-state network
performance remains consistent over short periods, the expected
communication latency is proportionally scaled from the smoothed

(t)
estimate Tmmml

Si(K)
commz(K) C(Otr)nm, . ;([) B (25)
i

where S; ) and s; (K) are the current and post migration activation
sizes of dev1ce d;, respectively. Let T;(K) = Teomp,i (K) + TComm i(K).
The system minimizes the global stage latency range via:

K* = argmin max T(K)— min T(K) (26)
K ief{1,. ie{1,..
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The physical GPU memory constraints imposed during offline pre-
partitioning significantly prune the solution space, enabling the
coordinator to solve for K* efficiently online.

5 Performance Evaluation

5.1 Experimental Setting

Experimental Environment. We construct a testbed cluster of
five NVIDIA Jetson series edge devices exhibiting heterogeneity
in both computational capability and memory capacity: one AGX
Orin (64GB), two Orin NX (16GB), and two Orin Nano (8GB). All
devices are interconnected via a network switch, with Linux TC
(Traffic Control) employed to impose configurable bandwidth con-
straints on inter-node links, simulating weak-network conditions
characteristic of real-world edge deployment. The inference system
is built on NVIDIA JetPack 6.2 SDK and PyTorch, with all model
weights loaded in FP16 precision to accommodate edge memory
constraints.

The cluster is logically partitioned into a coordinator node and
compute nodes. One Orin NX device serves as the coordinator, dedi-
cated solely to scheduling, KV cache index maintenance, and control
instruction dispatch, and is excluded from model inference computa-
tion. The remaining four devices—one AGX Orin, one Orin NX, and
two Orin Nano—constitute the heterogeneous inference pipeline
(N =4), and are responsible for executing the VLM computational
workload.

Hyperparameter Configuration. For the adaptive window
adjustment mechanism, window size boundaries are set to Wiy, =5
and Wy = 20, with fluctuation tolerance threshold 8 = 0.1 and
scaling coefficient A = 2. The load imbalance tolerance coefficient
is y = 0.15, and the post-migration cooldown period is T.,0; = 30
batches. The initial memory allocation ratio is p = 0.85, reserving
15% of physical memory per device as an elastic buffer for candidate
layer hosting, with a safety margin of My, frer = 512 MB.

For the IHS module, the target iteration step count is Kjz.p = 8,
with per-iteration token bounds Bp,x = 2048 and Byin = 32. The
KV cache safety waterline is set to KVypyesn = 0.1, permanently re-
serving 10% of available memory to prevent decoding interruptions
from memory overflow.

Evaluation Metrics. The following five metrics are adopted to
evaluate inference speed, accuracy, and resource overhead.

o Average Inference Latency (AIL): The average per-token
generation time (ms/token) across all K test requests.

e Inference Accuracy (ACC): The proportion of correctly
predicted samples over the test set.

e Peak Memory Utilization: The sum of peak GPU memory
usage across all edge devices during inference, reflecting
the cumulative footprint of model weights, KV cache, and
intermediate activations at the cluster level.

e Time to First Token (TTFT): The elapsed time from re-
quest arrival to the generation of the first output token. TTFT
mainly reflects queuing, prefill, image encoding, and initial
pipeline execution latency.

e Time Per Output Token (TPOT): The average decoding
time per output token after the first token is generated. For
a request with L generated tokens, TPOT is computed as

(finish — thrst) /(L — 1).
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Baseline Methods. Comparisons are conducted along two dimen-
sions: inference scheduling (FasterTransformer, Orca, Sarathi-Serve)
and dynamic migration and distributed deployment (LinguaLinked,
DynaPipe).

o FasterTransformer [19]: A static batching baseline oper-
ating under first-come-first-served scheduling, which waits
for all requests in a batch to complete before dispatching the
next. It serves as the scheduling efficiency baseline.

e Orca [29]: An iteration-level scheduler that allows new re-
quests to join and completed requests to leave at each itera-
tion boundary, boosting throughput over static batching.

e Sarathi-Serve [1]: A hybrid batching method that decom-
poses long prefill tasks into sub-chunks co-executed with
decoding, alleviating the blocking effect of prefill on decod-
ing tasks.

e LinguaLinked [33]: A distributed inference system for het-
erogeneous edge devices that generates an overlap-based
model allocation scheme offline and supports runtime task
redistribution based on inter-node performance discrepan-
cies.

e DynaPipe [9]: A dynamic pipeline method that adjusts
layer assignments by predicting computation time devia-
tions across stages, representing the traditional migration
paradigm focused on computational overhead. Its perfor-
mance under bandwidth-varying scenarios is examined to
assess its handling of communication-sensitive imbalances.

Datasets. GYU-DET [12] contains 11,123 high-resolution indus-
trial images across six surface defect categories, targeting feature
extraction under complex visual conditions. We abbreviate GYU-
DET as GYU in tables for compactness. VizWiz-VQA [6] contains
31,173 real-world image-question pairs, assessing model robustness
across diverse open-domain scenes.

VLM Models. Qwen2.5-VL-32B [21] and Yi-VL-34B [28] are em-
ployed as backbone models. Each exceeds 30 billion parameters and
requires over 60 GB of GPU memory under FP16 precision, enabling
evaluation of load-aware partitioning and hybrid scheduling under
heterogeneous edge constraints.

5.2 Analysis of Intra-Batch Scheduling (IHS)
Performance

To validate the load adaptability of IHS under dynamic request work-
loads, we simulate Poisson-distributed request arrivals spanning
sparse (1 req/s) to congested (5 req/s) scenarios. Using Qwen2.5-VL-
32B under a 100 Mbps bandwidth constraint on both GYU-DET and
VizWiz-VQA, we examine the impact of arrival rate A on three met-
rics: Time to First Token (TTFT), Time Per Output Token (TPOT),
and Average Inference Latency (AIL). Results are presented in Fig-
ure 4. IHS consistently outperforms the hybrid scheduling baseline
Sarathi-Serve, with detailed analysis as follows.

(1) Time to First Token (TTFT). Under low-load conditions
(A < 2), IHS and Sarathi-Serve maintain comparably low TTFT
values. As A increases, Sarathi-Serve exhibits a pronounced upward
trend, whereas THS leverages its token flow control mechanism to
dynamically regulate the prefill-decode ratio within each batch. At
peak load (A = 5), IHS stabilizes TTFT at 18.9 s, a notable reduction
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Figure 4: Performance Variation of Different Scheduling Methods Under Dynamic Load.

from Sarathi-Serve’s 24.3 s, demonstrating effective suppression of
first-token latency under heavy workloads.

(2) Time Per Output Token (TPOT). IHS reduces decoding
latency by dynamically computing token quotas and evenly dis-
tributing prefill tokens across consecutive iteration steps. Under low
load (A < 2), both methods perform comparably. Under high-load
congestion (A = 5), IHS achieves approximately 20% lower TPOT
than Sarathi-Serve, with more substantial gains over unscheduled
baselines such as FasterTransformer.

(3) Average Inference Latency (AIL). IHS reduces end-to-end
latency by jointly optimizing TTFT and TPOT. On GYU-DET under
high load, IHS achieves an AIL of approximately 373 ms/token,
outperforming Sarathi-Serve’s 452 ms/token. Consistent gains are
observed on VizWiz-VQA, which features longer output sequences,
confirming that IHS reliably reduces average inference latency
across diverse load-congestion scenarios.

5.3 Analysis of BAMLM Performance

5.3.1 Sensitivity Analysis of Steady-State Tolerance Threshold. Un-
less otherwise specified, the sensitivity analysis is conducted on
GYU-DET. To identify the optimal steady-state tolerance threshold
Y, we treat inter-node bandwidth as the environmental disturbance
variable and sweep y across {0.05,0.10, 0.15,0.20}, with results re-
ported in Table 1. Average inference latency exhibits a consistent
decrease-then-increase trend as y grows, indicating a clear optimal
range.

Table 1: Performance Comparison of Imbalance Tolerance
Coefficients Under Different Models and Bandwidth Inter-
ference Levels.

Model Bandwidth Average Inference Latency (ms/token)
y=005 y=010 y=015 y=0.20

85 Mbps 328 303 306 314
Qwen2.5-VL-32B 70 Mbps 366 338 324 386

50 Mbps 387 354 341 404

85 Mbps 342 325 318 331
Yi-VL-34B 70 Mbps 371 351 340 394

50 Mbps 401 379 367 418

When y = 0.05, the system becomes overly sensitive, frequently
misclassifying minor bandwidth variations (e.g., 85 Mbps) as per-
sistent imbalance and triggering unnecessary migrations, whose
reconfiguration overhead significantly increases latency.

When y = 0.10, the system reacts more aggressively to band-
width variations. Although it achieves the best latency in one mild-
interference case, its performance is less robust under stronger
bandwidth degradation. In contrast, y = 0.15 provides the best
overall trade-off across most model-bandwidth combinations.

When y = 0.15, the system achieves the optimal trade-off be-
tween sensitivity and rebalancing overhead, effectively filtering rou-
tine bandwidth noise while triggering migration only upon genuine
steady-state violation. Under this configuration, Qwen2.5-VL-32B
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Table 2: Inference Performance Comparison of Different
Methods under Heterogeneous Bandwidth Scenarios.
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Table 3: Overall Inference Performance Comparison of IHS-
LM and Baselines.

Ave. Latency Accuracy (%) Memory (GB)

Avg. Latency Accuracy (%) Memory (GB)

Model Method (ms/token) Model Method (ms/token)
GYU VizWiz GYU VizWiz GYU VizWiz GYU VizWiz GYU VizWiz GYU VizWiz
DynaPipe 376 392 74.8 754 84.8 84.6 Baseline 376 392 74.8 75.4 84.8 84.6
LinguaLinked 365 378 75.2 75.9 87.2 87.1 w/o BAMLM 358 371 75.1 75.8 89.3 89.1
Qwen2.5-VL-32B Qwen2.5-VL-32B
BAMLM 341 356 75.2 76.0 89.4 89.2 w/o IHS 341 356 75.2 76.0 89.4 89.2
DynaPipe 427 434 768 774 871 872 IHS-LM 328 342 752 761 895 893
Yi-V1-34B LinguaLinked 396 401 77.6 78.2 88.5 88.6 Baseline 427 434 76.8 77.4 87.1 87.2
VL~
BAMLM 367 374 77.4 78.1 89.8 89.7 YiVL-34B w/o BAMLM 389 398 77.3 77.9 89.7 89.6
i-VL-
Note: Bold numbers indicate the best value in each column. For Avg. Latency, lower is w/o IHS 367 374 77.4 78.1 89.8 89.7
better; for Accuracy, higher is better; for Memory, lower is better. THS-LM 352 361 77.5 78.3 89.9 89.8

achieves an optimal average inference latency of 341 ms/token and
Yi-VL-34B attains 367 ms/token under the 50 Mbps perturbation
scenario, both outperforming all other y settings.

When y = 0.20, the system tolerates excessive imbalance: under
severe degradation (50 Mbps or below), the trigger threshold is
never met, causing pipeline bubbles to accumulate and throughput
to degrade substantially.

Accordingly, y = 0.15 is adopted as the baseline threshold across
all subsequent BAMLM experiments.

5.3.2 Inference Performance Analysis Under Heterogeneous Band-
width. To validate BAMLM under dynamic bandwidth evolution,
we evaluate Qwen2.5-VL-32B and Yi-VL-34B on both GYU-DET
and VizWiz-VQA. The experiment initializes all pipeline links at
100 Mbps; at the 50th inference iteration, bandwidth between in-
termediate nodes is abruptly reduced to approximately 50 Mbps
via Linux TC, after which the system operates continuously under
this heterogeneous condition. Comparative results across average
inference latency, accuracy, and peak GPU memory are reported in
Table 2.

(1) Average Inference Latency. BAMLM achieves superior en-
vironmental robustness over all baselines. DynaPipe’s computation-
focused scheduling logic overlooks the asymmetric communication
delays induced by Linux TC, resulting in delayed decisions and
limited effectiveness. LinguaLinked’s coarse-grained device-level
partitioning tends to overload downstream nodes during migration,
triggering localized congestion. In contrast, BAMLM precisely cap-
tures link-level latency variations via SWBS and leverages FGMLM
to smoothly migrate layers from congested to bandwidth-sufficient
adjacent stages, achieving an optimal average inference latency of
341 ms/token on Qwen2.5-VL-32B and 367 ms/token on Yi-VL-34B
under the 50 Mbps heterogeneous bandwidth scenario.

(2) Inference Accuracy. Inference accuracy remains compara-
ble across all methods and datasets, with only marginal variation.
Yi-VL-34B achieves a slightly higher accuracy range (76.8%-78.2%)
than Qwen2.5-VL-32B. Since no method alters model weights or
architecture, the results confirm that BAMLM substantially reduces
inference latency while preserving output correctness.

(3) Peak GPU Memory Consumption. BAMLM incurs a mod-
estly higher peak GPU memory footprint than other methods,
stemming from its redundant residency mechanism that preloads

Note: Baseline refers to the combination of Sarathi-Serve and DynaPipe. The “w/o
THS” variant replaces IHS with Sarathi-Serve while retaining BAMLM, whereas the
“w/o BAMLM” variant replaces BAMLM with DynaPipe while retaining IHS. Bold
numbers indicate the best value in each column. For Avg. Latency and Memory, lower
is better; for Accuracy, higher is better.

candidate layer parameters from adjacent stages onto each node.
Although this incurs a moderate memory increment, it enables
migration via logical operator routing alone—without real-time
cross-node weight transmission—eliminating the communication
overhead that migration would otherwise impose. Experimental re-
sults confirm that memory consumption remains within hardware
tolerance, validating the trade-off of reserving memory to eliminate
weight transmission latency.

5.4 Overall Performance Evaluation of IHS-LM

To evaluate the combined effect of intra-batch hybrid scheduling
(IHS) and bandwidth-aware model layer migration (BAMLM), we
conduct experiments on the full IHS-LM system, which integrates
both modules. The system is tested under dynamic bandwidth con-
ditions to simulate real-world edge environments. We compare
THS-LM against a hybrid baseline (Sarathi-Serve + DynaPipe), and
two ablation configurations: one without IHS (w/o IHS) and one
without BAMLM (w/o BAMLM). Experiments are conducted on
two datasets, GYU and VizWiz, under high-load and heterogeneous
bandwidth scenarios, and the average inference latency (AIL) is
measured in ms per token. This setup allows us to quantify both the
individual contributions of each module and the overall benefit of
combining THS and BAMLM in heterogeneous edge environments.

As shown in Table 3, IHS-LM achieves the lowest inference la-
tency on both GYU and VizWiz datasets, outperforming all baseline
and partial configurations in inference latency. Specifically, IHS-
LM reduces average inference latency by up to 17.5% compared
with the Baseline configuration, while preserving model accuracy.
These results demonstrate the effectiveness of jointly optimizing
intra-batch scheduling and stage-level layer migration for pipeline-
parallel inference on heterogeneous edge devices.

The experimental results in Table 3 show that the superior per-
formance of IHS-LM comes from the complementary effects of its
two core modules.

The intra-batch hybrid scheduling (IHS) module mitigates intra-
batch workload imbalance by dynamically adjusting the prefill-decode
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token ratio based on token distribution and available KV cache ca-
pacity. This ensures that all micro-batches within a batch complete
in a similar time, improving overall pipeline efficiency.

The bandwidth-aware model layer migration (BAMLM) module
removes inter-stage imbalance by dynamically migrating model
layers across devices according to real-time bandwidth variations.
This ensures that all pipeline stages finish their workloads in a
balanced manner.

6 Related Work

Generative Model Inference Scheduling. LLM inference involves a
compute-intensive Prefill phase and a memory-intensive Decode
phase [23, 31], whose divergent resource demands have motivated
efficient scheduling strategies. FasterTransformer [19] uses request-
level static batching, causing underutilization when output lengths
vary. Orca [29] introduces iteration-level dynamic batching, im-
proving memory use and concurrency. Sarathi-Serve [1] mitigates
prefill-decode interference via chunked prefilling and stall-free
scheduling. TD-Pipe [30] decouples Prefill and Decode through
phase separation and micro-batch task stealing, reducing schedul-
ing overhead.

However, these approaches cannot adapt the prefill-decode to-
ken ratio based on KV cache occupancy and real-time token distri-
bution, leaving intra-batch imbalance in distributed edge inference.
IHS addresses this via fine-grained token flow control that monitors
pending tokens and KV cache vacancy [11], maintaining a balanced
prefill-decode ratio and ensuring consistent computational load
across all pipeline stages.

Dynamic Load Balancing for Pipeline Inference. Static partition-
ing [8, 17] fails under runtime bandwidth fluctuations, especially in
heterogeneous edge environments [26, 27, 32]. Existing solutions
fall into two groups.

Communication-oriented methods, such as COACH [5] and He-
lix [16], optimize data flow within fixed partitions, but cannot fully
resolve stage imbalance under severe bandwidth degradation. Layer
migration methods, e.g., LinguaLinked [33] and DynaPipe [9], ad-
just layer-to-device assignments at runtime, yet often ignore link
bandwidth variation or the prohibitive cost of large-scale weight
retransmission in multi-hop edge networks. BAMLM addresses
both limitations by combining adaptive bandwidth sensing with of-
fline candidate pre-partitioning, enabling precise migration without
excessive weight retransmission overhead.

7 Conclusion

In this paper, we presented IHS-LM, a low-latency pipeline-parallel
inference framework for VLM serving on heterogeneous edge de-
vices. To address intra-batch workload imbalance, we introduce the
Intra-batch Hybrid Scheduling (IHS) module, which dynamically
regulates the prefill-decode token ratio via fine-grained token flow
control. To tackle pipeline stage imbalance under bandwidth fluctu-
ations, we proposed the Bandwidth-Aware Model Layer Migration
(BAMLM) module, combining reliable imbalance detection with
low-overhead layer migration. Experiments on a real five-device
NVIDIA Jetson cluster demonstrate that IHS-LM reduces average
inference latency by up to 17.5% over state-of-the-art baselines

Yun Li, Tianfu Pang, Zhiyu Cai, Zhenxiang Pan, Yingchi Mao, and Jie Wu

under heterogeneous bandwidth conditions, while preserving accu-
racy and respecting memory constraints. In future work, we plan
to explore hybrid parallelism strategies and adaptive partitioning
schemes under highly dynamic edge network conditions.
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