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LIME: Accelerating Collaborative Lossless LLM
Inference on Memory-Constrained Edge Devices

Mingyu Sun, Xiao Zhang, Shen Qu, Yan Li, Mengbai Xiao, Yuan Yuan, Dongxiao Yu

Abstract—Large language models (LLMs) have emerged as
a powerful foundation for intelligent reasoning and decision-
making, demonstrating substantial impact across a wide range
of domains and applications. However, their massive parameter
scales and substantial resource demands pose critical chal-
lenges for efficient inference on edge devices. These devices
are inherently constrained by limited computational power and
memory capacity, while bandwidth bottlenecks at the network
edge further restrict distributed deployment and real-time re-
sponsiveness. Although existing research has explored lightweight
optimization techniques to mitigate memory limitations, such
approaches often incur significant degradation in model accuracy
and performance. To address these challenges, we propose
LIME, a collaborative system that enables lossless inference for
large models across multiple memory-constrained edge devices
under limited network bandwidth. LIME employs an interleaved
pipeline parallelism in conjunction with model offloading to
dynamically balance computation and communication. Further-
more, a fine-grained offline allocation scheduler and online mem-
ory adaptation strategy are introduced to enhance the device’s
computing and storage resources while minimizing inference
latency. Extensive experiments demonstrate that LIME, deployed
on four heterogeneous Nvidia Jetson edge devices for LLaMA3.3-
70B-Instruct model inference, achieves 1.7× and 3.7× speedups
over state-of-the-art baselines under sporadic and bursty request
patterns respectively, without compromising model accuracy.

Index Terms—Large Language Models, Edge Computing, Dis-
tributed Inference, Memory-Constrained Systems.

I. INTRODUCTION

REcently, large language models (LLMs) [1], [2] have
rapidly emerged as a central driving force in artificial

intelligence research. There is growing interest in performing
LLM inference directly on edge devices to support latency-
sensitive applications such as voice-controlled home automa-
tion [3] and real-time anomaly diagnosis in industrial produc-
tion lines [4]. However, most LLM inference services are cur-
rently deployed in the cloud, which raises significant privacy-
exposure risks [5]–[7]. In addition, when a large number of
inference requests contend for limited cloud resources, the
inference request often suffers from high and unstable la-
tency [8]. Compared to cloud-based LLM inference, deploying
LLMs on edge platforms is increasingly gaining traction, as
on-device inference not only reduces communication latency
and dependency on network connectivity but also mitigates
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Fig. 1: Multiple edge devices collaboratively perform lossless
LLM inference for high-accuracy scenarios under memory-
constrained conditions.

privacy risks associated with uploading sensitive user data
to remote servers. On-device inference inherently enhances
privacy and security guarantees, making it suitable for latency-
sensitive applications with strict data privacy requirements.

However, LLMs are inherently memory-intensive, mak-
ing their deployment on memory-constrained edge devices
a critical challenge. For instance, the Llama-3.3-70B-Instruct
model [9] requires at least 130 GB of memory for inference.
In contrast, NVIDIA Jetson Xavier [10] is equipped with
only 16–32 GB of memory. Many prior studies have explored
model quantization [11]–[15] to reduce memory overhead,
such as GPTQ [14] and AWQ [15]. Other works adopt
knowledge distillation [16]–[19], including MiniLLM [16]
and TED [17], to transfer the knowledge of the large model
into smaller models, thereby achieving a reduced memory
footprint. In addition, some methods, such as SparseGPT
[20], leverage pruning techniques [20]–[25] to further decrease
model overhead. However, these approaches inevitably incurs
performance loss, which is unacceptable in accuracy-sensitive
applications such as financial risk control [26] and medical
analysis [27].

Recent efforts have further investigated collaborative in-
ference across multiple edge devices. PipeEdge [28] and
EdgeShard [29] based on pipeline parallelism, propose a fine-
grained layer allocation algorithm that effectively enables col-
laborative inference across edge devices. Galaxy [30] adopts
tensor parallelism and addresses the challenge of sporadic
request pattern commonly observed in edge scenarios by
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integrating a carefully designed layer partitioning strategy
with sequence parallelism to achieve efficient collaborative
inference. Similar to Galaxy, TPI-LLM [31] also adopts
tensor parallelism. And it employs sliding window memory
scheduling to reduce memory overhead and attempts to lower
inference latency by optimizing communication. However, on
edge devices, the available memory is often insufficient to
accommodate both the assigned model partition and the KV
cache generated during inference, as shown in Fig.1. And the
studies mentioned before typically assume that each participat-
ing device still holds sufficient memory to store its assigned
model partition and the KV cache generated during inference.
Thus, scenarios in which edge devices cannot accommodate
even their designated model partitions and the associated KV
cache remain largely unexplored. This motivates us to leverage
multiple edge devices to perform collaborative lossless infer-
ence via offloading, which is a common approach to achieving
lossless inference under stringent memory constraints at the
edge.

Along this line, we propose LIME, a collaborative lossless
inference framework for accelerating lossless inference with
memory-constrained edge devices under dynamically limited
and varying network bandwidth. To mitigate long loading time
and poor overlap inherent in pipeline with offloading, LIME
designs an interleaved pipeline to seamlessly integrate offload-
ing into pipeline parallelism. Subsequently, LIME establishes
a heterogeneous offload-orient cost model and employs a fine-
grained offline allocation scheduler to fully utilize the memory
resources and unleash computing potential, ensuring offload-
ing overlaps both computation and communication. To address
the progressively increasing memory demands introduced by
the KV cache during inference, along with network bandwidth
fluctuations, LIME introduces an online memory adaptation
strategy to ensure the efficient overlap of offloading. We have
implemented LIME using PyTorch with 1000+ lines of codes.
We evaluate LIME using three different large models ranging
from 13 billion (B) to 70B, across three different test real-
world testbeds with two request patterns and two bandwidth
conditions. Extensive experiments show that LIME, deployed
on four heterogeneous NVIDIA Jetson devices and evaluated
with the LLaMA3.3-70B-Instruct model, achieves 1.7× and
3.7× speedup over the SOTA baseline in the two request
patterns, respectively. The main contributions are summarized
as follows:

• To enable lossless inference acceleration in scenarios
where the memory of edge devices is insufficient to
accommodate the entire LLM and the KV cache during
inference, we design LIME, which combines interleaved
pipeline parallelism and offloading to achieve collabora-
tive lossless inference.

• The core design of LIME is to integrate offloading with
collaborative inference and to overlap computation and
communication with offloading. LIME employs a het-
erogeneous offload-orient cost model and a fine-grained
offline scheduler that maximizes resource utilization of
each device and reduce the overall end-to-end latency. It
also incorporates an online memory adaptation strategy

that dynamically responds to varying network bandwidth
and the growing memory footprint of KV caches during
inference, while preserving maximal overlap of compu-
tation and communication with offloading.

• We implement LIME on several real-world edge testbeds.
Extensive experiments demonstrate that compared with
SOTA methods, LIME, deployed on four heterogeneous
NVIDIA Jetson edge devices and evaluated on the
LLaMA3.3-70B-Instruct model, achieves speedups of
1.7× and 3.7× under two request patterns, ensuring
lossless inference under memory-constrained and network
bandwidth limited conditions.

II. RELATED WORK

A. Model Compression for Efficient LLM Inference

To facilitate efficient inference of LLMs on resource-
constrained devices, substantial efforts have been devoted to
model compression techniques such as quantization [11]–[15],
distillation [16]–[19] and pruning [20]–[25]. These techniques
aim to reduce the computational and memory footprint of the
models during inference. Specifically, AWQ [15] preserves
model performance under low-bit quantization by applying
activation-aware weight scaling. GPTQ [14] minimizes quan-
tization error via layer-wise greedy optimization. QLoRA [13]
enables efficient fine-tuning by combining 4-bit quantization
with Low-Rank Adaptation. For distillation, MiniLLM [16]
uses reverse KL distillation with teacher-guided sampling to
halve model size. TED [17] applies task-aware layer-wise dis-
tillation for efficient compression via selective layer retention.
For pruning, SparseGPT [20] proposes a post-training pruning
method for GPT-scale models. LLM-Pruner [23] performs
structured pruning of LLMs by identifying and removing
redundant attention heads and MLP neurons based on their im-
pact on output preservation. SliceGPT [22] compresses models
by slicing off less important weight components, achieving
high sparsity with minimal accuracy loss. Although these
compression methods reduce the memory and computation
overhead, they still degrade model performance, which is
unacceptable in applications with high precision requirements.

B. Collaborative Inference on Edge

An alternative and complementary approach is to unify
heterogeneous edge devices to enable collaborative inference
of LLMs, thereby achieving more efficient on-device in-
ference. Band [32] coordinates multi-DNN inference across
heterogeneous mobile processors by dynamically partition-
ing model layers and optimizing task scheduling based on
device capabilities. CoEdge [33] and DeCNN [34] dynam-
ically partitions inference workloads across heterogeneous
edge devices based on computational capabilities and network
conditions. Voltage [35] automatically partitions Transformer
models across heterogeneous edge devices to enable efficient
distributed inference. PipeEdge [28] and EdgeShard [29] use
dynamic programming for fine-grained partitioning to reduce
pipeline bubbles and improve latency and throughput, using
pipeline parallelism. Galaxy [30] adopts a hybrid tensor and
sequence parallel architecture to achieve efficient collaborative
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Fig. 2: Motivational analysis of combining pipeline parallelism
with offloading.

inference. Jupiter [36] enables fast and resource-efficient col-
laborative inference by leveraging fine-grained operator-level
parallelism and optimized KV cache sharing. TPI-LLM [31]
combines tensor parallelism with aggressive offloading and
CPU-oriented optimizations to enable LLM inference. How-
ever, these methods do not account for memory-constrained
scenarios. Although TPI-LLM incorporates certain mecha-
nisms to prevent inference failures due to insufficient memory,
it results in relatively high inference latency. In our work, we
design an interleaved pipeline to better overlap offloading time,
employ an offline planner for fine-grained model partitioning,
and address memory constraints during inference through an
online memory adaptation strategy.

III. PRELIMINARY

Collaborative lossless inference among edge devices relies
heavily on an appropriate parallelism strategy. The com-
mon parallelism approaches include Sequence Parallelism
(SP) [37], Tensor Parallelism (TP) [38], and Pipeline Paral-
lelism (PP) [39], [40]. Under memory-constrained conditions,
parallelism alone is insufficient to accommodate large mod-
els, while offloading is the most commonly used approach
for enabling lossless inference of larger models. Therefore,
combining parallelism with offloading is essential to achieve
lossless inference.

SP parallelizes inference by splitting the input along the
sequence dimension, allowing different devices to process
disjoint segments of the sequence concurrently. TP partitions
a model into multiple shards, with each device storing a
subset of the model parameters and computing a portion of
the intermediate results during inference. PP partitions the
model into multiple stages, with each stage assigned to a
different device. Unlike SP and TP, PP splits the model
along the layer dimension, which eliminates the need for
frequent synchronization during inference. Furthermore, when
combined with offloading, SP requires each device to main-
tain the complete model, which triggers frequent offloading
to load the entire model. As a result, the model loading
latency becomes the dominant component to the total inference
delay. And TP imposes stringent requirements on network
bandwidth. Since TP relies on frequent synchronization and
task coordination across devices during inference, it incurs
substantial communication overhead. In contrast, combining
PP with offloading effectively addresses memory constraints
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(a) Traditional pipeline with offloading under sporadic request pattern.
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Fig. 3: Comparison of LIME pipeline parallelism and tra-
ditional pipeline parallelism with offloading under sporadic
request pattern. A1 represents the computation of micro-batch
A at layer 1.
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Fig. 4: Comparison of LIME pipeline parallelism and tradi-
tional pipeline parallelism with offloading under bursty request
pattern. A1 represents the computation of micro-batch A at
layer 1.

while avoiding the communication bottleneck under limited
network bandwidth.

To validate this observation, we conduct experiments on
Llama 3.3-70B-Instruct and Qwen3-32B, using two different
heterogeneous edge devices settings, comparing the inference
latency of TP and PP when combined with offloading, with
the network bandwidth limited to 200 Mbps. We exclude
SP+offloading from the figure because its excessive loading
time leads to inference latency far higher than the other
two configurations. As shown in Fig.2a, PP combined with
offloading achieves speedups of 1.2x∼1.6x over TP with
offloading. This is because, compared with TP combined with
offloading, PP with offloading requires less communication
and synchronization during inference, which enables PP com-
bined with offloading to achieve lower inference latency in
edge environments with limited network bandwidth.

To ensure the lossless inference on memory-constrained
edge devices, as mentioned above, pipeline parallelism with
model offloading is a straightforward solution, as shown in
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bandwidth during inference.

Fig.3a and Fig.4a. Taking Fig.3a as an example, each device
can only accommodate 3 layers, with a remaining layer
performing forward propagation via dynamic offloading. For
device 1, the 1-st layer and the 3-rd layer share the same
GPU memory. Therefore, when the 1-st layer is calculating,
it is necessary to ensure that the 1-st layer is in the GPU and
the 3-rd layer is not in the GPU. However, this will cause
additional waiting delays, introducing two problems:

Incomplete loading delay coverage. In traditional
pipelines, since the layers that require dynamic offloading
reside within the same stage, their offloading time cannot be
overlapped with the computation or communication of other
devices, leading to additional inference latency, as shown in
Fig.3a. This problem occurs not only in the sporadic request
pattern, which is frequently encountered at the edge, but also
under burst request pattern.

Multiple loading delay. As shown in Fig.4a, for each
micro-batch on any device, completing a full forward pass
requires two offloading operations, which leads to multiple
loading delays.

During inference, the KV cache grows continuously, thereby
increasing memory demand. A naive method to sustain infer-
ence is to offload the generated KV cache to SSD as needed.
We compare, on a Jetson AGX Orin 32GB device, the loading
latency per auto-regressive step when offloading one Multi-
Head Attention block versus when offloading the KV cache,
where the size of the KV cache gradually increases until it
reaches the memory footprint of a Multi-Head Attention block.
For clearer analysis, the figure was generated by sampling the
original data every fifty points, as shown in Fig.2b. In terms
of data loading volume, the total amount of data that needs
to be written to and read from disk when offloading the KV
cache is equal to the amount of data that needs to be read
when offloading a model shard. However, it is worth noting

that offloading the KV cache involves multiple read and write
operations of varying lengths. In contrast, since model slices
are fixed in SSD, offloading and reading model slices is more
stable and avoids high-overhead write operations. Therefore, as
shown in figure, before generating 200 tokens, the additional
loading latency caused by offloading the KV cache is slightly
lower than that of offloading model shards. However, as the
inference sequence grows, the increasing read-induced latency
and more unstable write latency make the loading time for
offloading model shards both more stable and lower.

IV. SYSTEM DESIGN

We propose LIME, a collaborative inference system that
accelerates lossless LLM inference on memory-constrained
devices by designing an interleaved pipeline with dynamic
offloading, as illustrated in Fig.5. We design an interleaved
pipeline that integrates offloading into the pipeline and enables
overlapping of offloading with both computation and commu-
nication, thereby reducing the overall system inference latency
(Sec.IV-A). We establish a heterogeneous offload-orient cost
model to formulate the latency optimization objective of the
interleaved pipeline (Sec.IV-B). Furthermore, LIME introduces
a fine-grained offline scheduler that rapidly searches for the
optimal layer assignment and thus minimizing the overall
inference delay (Sec.IV-C). In addition, LIME employs an
online memory adaptation strategy to rapidly cope with the
extra memory pressure caused by KV cache, and the frequent
network bandwidth variations encountered in edge environ-
ments (Sec.IV-D).

A. Interleaved Pipeline Design

LIME designs an interleaved pipeline to enable lossless in-
ference across devices, as illustrated in Fig.6. In an interleaved
pipeline, each device is assigned multiple stages. A segment
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Fig. 6: The detail of Interleaved Pipeline In LIME. Data A represents the forward propagation of micro-batch A. Layers are
asynchronously offloaded only after the last micro-batch completes their computation, followed by loading the corresponding
layers of the next segment. Different devices may load different numbers of layers, determined by their loading capability and
the computation–communication time available for overlap.

is defined as the forward pass of a micro-batch from the first
device to its next assigned stages, containing roughly the same
number of layers. Each segment contains the same number of
model layers, and within any given segment, each device has
exactly one stage active. Furthermore, on each device, certain
layers from different stages share the same memory space
through offloading, with their positions remaining consistent
across segments. For instance, in the s-th segment, for the i-th
device, upon receiving the intermediate results from the (i−1)-
th device, it first waits for the dynamically loaded layers to
be loaded into GPU and completes their forward pass. It then
immediately offloads these layers to SSD and asynchronously
initiates the loading of the layers required for the (s + 1)-th
segment, while concurrently computing the remaining layers in
this segment. In the interleaved pipeline, within each segment,
the offloading of every device can be overlapped with the
computation time of layers that do not require offloading in
the current segment, the computation time of other devices
within the same segment, and the inter-device communication
latency across all devices.

B. Offload-orient Cost Model for Interleaved Pipeline

To quantify the inference latency of the proposed inter-
leaved pipeline, we develop a heterogeneous offload-orient
cost model. In the heterogeneous memory-constrained edge
system with |D| devices, each device i equips with memory
capacity Memi and all devices are interconnected by network
with bandwidth bwnet. Accordingly, the optimization objective
for the interleaved pipeline is formulated as follows.

min Ttotal =
∑
i∈D

comp(Li)︸ ︷︷ ︸
Tcomp

+#Seg · |D| · h size

bwnet︸ ︷︷ ︸
Tcomm

(1)

+max
i∈D

{
max

{
load(L̃i)−

(
comp(Li − L̃i)

+
∑

i′∈D\{i}

comp(Li′) +
|D| · h size

bwnet

)
, 0

}}
Tuncover,

s.t. L̃i ⊆ Li, ∀i ∈ D,

0 ≤ mem
(
(|Li| − |L̃i|) ·

#Seg − 1

#Seg

)
+ mem

(
{token[1 : n− ntrans

i ]}
)
≤Memi, ∀i ∈ D,

2 ≤ #Seg ≤
⌈
|L|
|D|

⌉
,

where Tcomp, Tcomm, and Tuncover indicate the computation
time, communication time and uncovered layer loading time,
respectively. Let Li denote the layers allocated to the i-th
device, and L̃i denote the layers on the i-th device that need to
be offloaded. For Tcomp, comp(Li) denotes the computation
time of the assigned layers Li on the i-th device. For Tcomm,
#Seg denotes the number of segments in the interleaved
pipeline, and h size represents the output size of any layer.
Therefore, the total communication time overhead for a single
auto-regressive step is #Seg· |D|·h size

bwnet
. Considering Tuncover,

the loading time of the i-th device can be overlapped with the
computation time of its remaining layers, the computation time
of other devices, and the communication time. Specifically,
load(L̃i) denotes the time required for the i-th device to load
layers L̃i, and comp(Li−L̃i) denotes the computation time of
the layers on the i-th device that do not need to be offloaded.
Additionally,

∑
i′∈D\{i} comp(Li′) represents the computation

time of all devices in the pipeline except device i. Furthermore,
the loading time across edge devices can overlap seamlessly.
Consequently, the overall system loading time is given by the
maximum loading time among all devices.

During inference when the substantial KV cache is gener-
ated, and in an interleaved pipeline, at least one segment’s
layers for the i-th device are fully resident in GPU mem-
ory. Consequently, the combined memory requirement of
model parameters mem

(
(|Li| − |L̃i|) · #Seg−1

#Seg

)
and KV cache

mem({token[1 : n − ntrans
i ]}) must be less than or equal to

the GPU memory capacity Memi of the i-th device. Here, n
denotes the total number of tokens generated during inference,
and ntrans

i denotes, for the i-th device, the KV cache number
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TABLE I: Frequently used notations and corresponding de-
scriptions.

Notations Descriptions
L Decoder layers of LLM
D Heterogeneous edge devices
bwnet Network bandwidth between any two devices
Memi Memory capacity of the i-th device
Fallo(l, i) The minimum extra delay introduced by of-

floading after the first l layers has been allo-
cated to the first i devices

Ppre(l, i) Given the Fallo(l, i), the number of offload-
ing layers assigned to the i-th device

T idle
i The computation and communication time of

the i-th device that can be overlapped by
offloading

Li The layers assigned to the i-th device
LLeft Unassigned layers of the model after initial

device allocation
Ll The layers of LLeft evenly assigned to each

segment
L̃i The layers assigned to the i-th device for

offloading
L̃A
i The MHA block assigned to the i-th device

for offloading
L̃M
i The MLP block assigned to the i-th device

for offloading
pA The proportion of memory occupied by the

MHA block within a layer
pM The proportion of memory occupied by the

MLP block within a layer
l size The memory footprint of a single decoder

layer
h size Intermediate output size of any decoder layer
TSj

i The total inference token length threshold that
triggers the j-th offloading plan for the i-th
device in the online planner

n The total number of tokens generated during
inference

ntrans
i The number of KV cache transferred by i-th

device during inference
#Seg Segment number of interleaved pipeline
|Li| The number of the layers assigned to the i-th

device Li

|L̃i| The number of the layers assgined to the i-th
device for offloading L̃i

transferred to other devices by the online memory adaptation
strategy. If the i-th device instead receives KV cache trans-
ferred from other devices, then ntrans

i is negative. Moreover,
to achieve full overlap between data loading and computation,
the pipeline must comprise at least two segments, with each
device assigned at least one layer per segment. The frequently
used notations is listed in Tab.I.

C. Fine-grained Offline Allocation Scheduler

To enable interleaved pipeline inference, we need to parti-
tion the target LLM into multiple segments and assign them
to edge devices based on their computational and memory
capacities, while also taking into account each device’s loading
capability. A straightforward approach to model slice alloca-
tion is to exhaustively enumerate all possible assignment com-
binations and select the optimal one. However, for LLMs with
many layers deployed across multiple devices, the search space
of feasible allocations becomes prohibitively large, particularly
when offloading is considered. To address this challenge,
we propose an offline scheduler that efficiently identifies the
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Fig. 7: Comparison between the appropriate and excessive
numbers of segments in an interleaved pipeline. A1 represents
the computation of micro-batch A at layer 1.
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Fig. 8: Comparison between the appropriate and insufficient
numbers of segments in an interleaved pipeline. A1 represents
the computation of micro-batch A at layer 1.

optimal allocation in negligible time. In interleaved pipeline,
in addition to model slices and device characteristics, three
influencing factors must be considered.

First, the number of segments #Seg in the interleaved
pipeline, as this directly impacts communication latency and
offload latency. An excessive number of segments will reduce
the amount of loading time that can be overlapped within
each segment on a device, and increases the communication
overhead Tcomm, as shown in Fig. 7. On the other hand, An
insufficient number of segments will increase memory usage,
leading to more offloading layers and introducing additional
loading delay, as shown in Fig. 8.

Second, the length of the inference sequence n is also an
important influencing factor. Given that the actual sequence
length during inference is unknown when assigning layers
across devices, LIME employs an empirical value for n, which
is fixed as a constant. Furthermore, during layer allocation,
KV cache transferring within the subsequent online memory
adaptation strategy is not accounted for, setting ntrans

i to 0.
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The final factor is the offloading granularity. Most existing
offloading frameworks, such as FlexGen [41] and ZeRO-
Inference [42], operate at the layer granularity, which inher-
ently causes significant memory fragmentation. To overcome
this limitation, we propose a fine-grained offloading strategy
that partitions model components at the block level, specif-
ically by maintaining MHA (Multi-Head Attention) block or
MLP (Multi-Layer Perceptron) block in GPU while selectively
offloading parameter subsets. This approach dynamically man-
ages parameter residency, offloading complete parameter sets
only when absolute memory constraints necessitate additional
offloading. By reducing the frequency of parameter trans-
fers through finer-grained offloading, our method significantly
minimizes loading latency and accelerates overall inference
throughput. Therefore, the layer L̃i requiring offload for the
i-th device can be partitioned into the MLP block L̃M

i and the
MHA block L̃A

i .
Solution. To minimize the inference latency, we design an

allocation algorithm based on dynamic programming princi-
ples, as shown in Alg.1.

Considering the forward time of a device is faster than its
loading time generally, we should fully utilize each device’s
resources. Therefore, we first assigns all layers to each device
as much as possible until no device can accommodate more
layers (lines 29-31). Given that both communication and
loading time depend on the number of segments #Seg, we
systematically evaluate all feasible segment counts starting
from the minimum #Seg = 2 up to the number of remaining
unassigned layers |LLeft|. For each possible #Seg, we dis-
tribute the layers Li assigned to the i-th device as uniformly as
possible across #Seg segment, maintaining consistent layer
counts per segment (lines 3-10). The idle time for the i-th
device in the s-th segment is computed via:

T idle
i = comp(Li − L̃i) +

∑
i′∈D\{i}

comp(Li′) +
|D| · h size

bwnet
.

(2)
In the s-th segment, let Fallo(l, i) denote the minimum extra

delay introduced by offloading after the first l layers has been
allocated to the first i devices. We initialize the state by setting
Fallo(l, i)← INF and attempt to assign LLeft layers to the
first device according to the following expression:

Fallo(l, 1) = load({L1, . . . , Ll})− T idle
i . (3)

For the i-th device, the state transition equation is formu-
lated as:

Fallo(l, i) = min{Fallo(l − k, i− 1)− T idle
i (4)

+ load({Ll−k+1, . . . , Ll}),Fallo(l, i)}.

By iteratively evaluating all combinations of devices and
offloaded layers, we can get Fallo(l, i), while simultaneously
recording the corresponding allocation strategy in Ppre(l, i).
Subsequently, by backtracking through Ppre(l, i), we can
reconstruct the optimal layer-wise allocation strategy that
achieves this latency bound (lines 11).

To minimize the additional latency introduced by model
offloading, we adopt a fine-grained offloading strategy. Since
offloading on different devices can overlap, it is necessary

to continuously optimize the bottleneck device through fine-
grained offloading. Specifically, we maintain a max-heap Q
that iterates over devices in descending order of latency. If the
remaining memory Memi of the the i-th device is sufficient
to accommodates an MHA or MLP block, the idle memory
on the i-th device can be leveraged to reduce loading time
(lines 13-27). For example, if Memi can accommodate an
MLP block, the MLP component of that layer can remain
resident on the GPU while only the MHA component is
dynamically offloaded. This reduces the loading latency on
bottleneck devices and continues until no further fine-grained
offloading can be performed on the current bottleneck device.
At this point, the system’s loading and computation latency
reaches its optimal bound, indicating that the inference latency
cannot be further reduced.

After implementing fine-grained offloading optimization,
the optimal allocation strategy As for the current segment s
is derived, ensuring Tcomp + Tuncover is minimized. Finally,
under different segment s and incorporating communication
time Tcomm, the optimal strategy As that minimizes Tcomp +
Tuncover + Tcomm is selected and returned (lines 33-39).

Complexity Analysis. In terms of time complexity, the
cost of Alg.1 is O(|LLeft|2 · |D|), where |D| denotes the
total number of devices and LLeft represents the remaining
unassigned layers.

D. Online Memory Adaptation Strategy

During inference, devices generate substantial intermediate
KV cache, which further increases the pressure on available
memory and exposes inaccuracies in the offline scheduler’s
model partitioning and memory allocation. Since the sizes of
model slices assigned to different devices vary, their memory
consumption rates diverge. Some devices exhaust their avail-
able memory and can no longer accommodate newly generated
KV cache, while others retain limited free space. Meanwhile,
frequent fluctuations in edge-device network bandwidth cause
variations in communication latency Tcomm as estimated by
the cost model, leading to inaccurate predictions of unac-
counted loading time. Re-running the cost model and re-
partitioning upon every bandwidth change would incur pro-
hibitive overhead and is therefore unacceptable.

To rapidly adapt to these dynamic changes, we propose an
online memory adaptation strategy that adapts resources from
two perspectives: dynamic model offloading and KV cache
transfer. First, online memory-aware planner enable dynamic
model offloading under KV cache pressure while minimiz-
ing additional loading latency. Second, network bandwidth-
sensitive KV cache transfer protocol mitigates asynchronous
memory growth across devices, prevents any single device
from becoming a bottleneck, and dynamically adjusts to real-
time network variations to eliminate planning inaccuracies
caused by bandwidth fluctuations.

Online memory-aware planner. During LLM inference, a
large amount of KV cache is generated, which significantly
increases memory consumption. Since the output sequence
length is unpredictable, an online memory-aware planner is
required to dynamically trigger additional offloading to accom-
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Algorithm 1: Offline Allocation
Input: LLM layers L = {L1, ..., L|L|}, Heterogeneous edge

devices D = {D1, ..., D|D|}
Output: LLM offloading layers partition strategy

1 Function Segment Allocation(Ll, Li, D, Memi)
2 Initialize the initial state Fallo(l, i) and idle time for

each device T idle
i

3 for i = 2 to |D| do
4 for l = 1 to |Ll| do
5 for k = 0 to l do
6 Tcur ←

Fallo(l−k, i−1)+load({Ll−k+1, . . . , Ll})
7 Tcur ← max{0, Tcur − T idle

i }
8 if Tcur ≤ Fallo(l, i) then
9 Fallo(l, i)← Tcur

10 Ppre(l, i)← k

11 Backtrack Ppre(l, i) to get the offloading layers L̃i for
each device

12 Push total time of each device Ti to max heap Q
13 while Q not empty do
14 if Memi ≥ h size× pM and |L̃i| ≥ 1 then
15 Update offloaded MHA block L̃A

i and offloaded
layer L̃i

16 Memi ←Memi − h size · pM
17 latest ti ← Q.top()− load({L1}) · pA
18 Push the latest time latest ti of the i-th device

to Q

19 else if Memi ≥ h size · pA and |L̃i| ≥ 1 then
20 Update offloaded MLP block L̃M

i and offloaded
layer L̃i

21 Memi ←Memi − h size · pA
22 latest ti ← Q.top()− load({L1}) · pM
23 Push the latest time latest ti of the i-th device

to Q

24 else
25 return L̃i, L̃M

i , L̃A
i

26 return L̃i, L̃M
i , L̃A

i

27 for i = 1 to |D| do
28 Li ← ⌊Memi

l size
⌋

29 Update left memory of each device Memi

30 Update left unallocated layer LLeft

31 for s = 2 to |LLeft| do
32 Distribute each device’s layers as evenly as possible

across each segment
33 Update each device allocated layer Li, idle time T idle

i

and left memory Memi

34 Update model layer to be allocated at one segment Ll

35 As ← Segment Allocation (Ll,Li,D,Memi)
36 Update total execution time Ttotal under allocation

strategy As

37 Record better allocation strategy A
38 return A

modate the growing KV cache and ensure uninterrupted infer-
ence execution. The online memory-aware planner determines
the next offloading threshold TSj+1

i and the corresponding
offloading plan, where TSj+1

i denotes the total inference token
length threshold that triggers the j + 1-th offloading plan for
the i-th device. Finding an appropriate online offloading plan
amounts to determining suitable α and β, which denote the
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Fig. 9: The details of online memory-aware planner.

numbers of MHA blocks and MLP blocks to be offloaded from
the device, respectively. Specifically, for TS1

i , since the device
typically retains some residual memory after layer allocation,
TS1

i can be derived by the following equation:

TS1
i =

Memi

mem(token[1 : n− ntrans
i ])

. (5)

Given that each auto-regressive step offloads according to
the current offloading plan, to introduce as little loading
latency as possible, we adopt the following objective to
determine the optimal offloading plan:

min{(αpA + β pM ) · l size}, (6)

where l size denotes the size of a decoder layer, while pA and
pM represent the memory proportions allocated to the MHA
block and MLP block within a single layer, respectively. It
is worth noting that the planner still adopts the interleaved
pipeline in LIME, and applies the same offloading plan to each
segment. This not only frees up more memory, but also incurs
only a single additional loading overhead, since the loading
time across multiple segments is mutually overlapped. And
each offloading plan must satisfy the following constraint:

mem(token[1 : n− ntrans
i ]) < (7)

Memi +
(
αpA + β pM

)
· l size · (#Seg − 1),

α ∈ {0, 1, . . . , |LA
i | − |L̃A

i |},
β ∈ {0, 1, . . . , |LM

i | − |L̃M
i |}.

When the inference sequence length exceeds a predefined
threshold TSj

i , an offloading plan is triggered to reclaim mem-
ory resources for sustained inference. Moreover, the online
memory-aware planner leverages Eq.6 and Eq.7 to determine
the next threshold TSj+1

i and the corresponding offloading
plan, as illustrated in Fig. 9. Taking the i-th device as an
illustrative example, when the memory of the i-th device
is saturated by the KV cache, the first offloading threshold
TS1

i is triggered, starting the offloading of the MHA block
which will free up memory capacity. Subsequently, the plan-
ner computes the next threshold TS2

i and the corresponding
offloading plan. As continued inference generates additional
KV cache that once again fill the available memory on the
i-th device, threshold TS2

i is triggered. At this point, the
MLP block is offloaded, while the previously evicted MHA
block is reloaded onto the GPU to maintain computational
continuity. The specific thresholds and associated offloading



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021 9

Detect bandwidth
Overlapped with inference

MLP

MHA

MLP

MHA

Token n

Device i

Segment s-1

Device dtarget

MLP

MHA

MLP

MHA

Token n

Device i

Segment s

KV cache of 
segment s-1

Next Segment

②

KV cache of 
segment s-2

①

KV cache of 
segment s

④

KV cache of 
segment s-1

③

Fig. 10: The details of KV cache transfer protocol.

plan for each device are determined by the model partitioning
strategy assigned to that device and the optimization strategy
computed by the offline scheduler. By the online memory-
aware planner, LIME dynamically balances memory utilization
and computation, thereby ensuring minimal loading latency
throughout the inference process.

Network bandwidth-sensitive KV cache transfer pro-
tocol. Due to device heterogeneity, a given device may un-
dergo premature model offloading during inference, leading to
excessively long loading latency and consequently becoming
a performance bottleneck. To mitigate this issue, we assign
to the i-th device a dedicated high-threshold device, denoted
dtarget, for KV cache transferring. If the i-th device already
possesses a high offloading threshold, it is not assigned a
dedicated dtarget for transferring its own KV cache. Instead, it
serves as a dtarget for other devices, receiving their transferred
KV cache. This design encourages temporal overlap among
offloading across devices, thereby preventing any single device
from becoming a bottleneck that would severely degrade
overall system throughput, as shown in Fig.10.

The token number of KV cache transferred ntrans
i is calcu-

lated using the following equation:

mem(ntrans
i ) = load(L̃i) · bwnet (8)

−(Tcomm+
∑

i′∈D\{i}

comp(Li′) + comp(Li − L̃i)) · bwnet.

As shown in Alg.2, during the auto-regressive generation
process, while the total number of generated tokens exceeds
the number of KV cache blocks to be transferred for the
i-th device, a portion of the KV cache on the i-th device,
sized according to the current network bandwidth bwnet,
is first transferred to its associated dtarget (lines 1–6). In
subsequent auto-regressive steps, for each segment s, the
system guarantees that the KV cache block caches transferred
in this segment is fully received and restored on the i-th device
before auto-regressive inference for this segment commences
(lines 8–13). Upon completing inference for segment s, the i-
th device transfers caches to dtarget and simultaneously evicts
it from GPU memory to avoid unnecessary occupancy. Con-
currently, it asynchronously initiates the transfer of caches+1

to dtarget (lines 19–21).
Since network bandwidth bwnet may fluctuate frequently

at the edge, this can cause variations in Tcomm, leading
to inaccurate Tuncover calculations. Furthermore, given that

Algorithm 2: Online KV Cache Transfer Protocol
Input: The i-th device needs to transfer cache number at

each segment ntrans
i , target device for KV cache

transfer dtarget, network bandwidth bwnet, KV cache
of the i-th device at each segment caches

Output: Generated sequence
1 for s = 1 to #Seg do
2 Transfer caches[−ntrans

i :] fto dtarget
3 if s ̸= 1 then
4 Delete caches[−ntrans

i :]

5 Complete forward propagation for this segment

6 Initialize cache readys for each segment
7 for sequence length n = 1 to max length do
8 Monitor the network bandwidth bw′

net

9 Get n′
trans by Eq.8

10 for s = 1 to S do
11 cache readys.wait()
12 caches ← concat (caches, cachetrans)
13 Complete forward propagation for this segment
14 if |n′

trans − ntrans
i | ≥ nts then

15 if n′
trans > ntrans

i and
n+ ntrans

i < TSi+1
d − 1 then

16 Continue

17 Transfer caches[−n′
trans :] to dtarget

18 Delete caches[−n′
trans :]

19 Asynchronously receive cache(s+1+S)%S

20 if generated sequence finished then
21 return generated sequence

22 return generated sequence

network bandwidth bwnet fluctuates randomly and frequently,
re-running the allocation algorithm for each change to modify
layer assignments for every device will involve extensive layer
adaptations, leading to significant latency fluctuations. There-
fore, LIME mitigates this issue by adjusting the KV cache
transfer amount under the current layer allocation strategy.

Specifically, before each auto-regressive inference step,
LIME checks the current network bandwidth bw′

net and cal-
culates the new number of tokens required for transfer cache
n′
trans. Changes in network bandwidth can be categorized into

increasing and decreasing.
Network bandwidth decreases. At this point, a reduction in

network bandwidth simultaneously increases communication
latency Tcomm and the time required to transfer the KV cache.
If LIME were to continue transferring the same amount of
KV cache as previously computed, it would incur additional
waiting delays. To avoid this, LIME immediately recomputes
the transfer volume using Eq.8 based on the updated band-
width, thereby reducing the amount of KV cache transferred
and ensuring that cache transfer does not introduce any extra
latency.

Network bandwidth increases. Unlike network bandwidth
decreases, when bandwidth increases, LIME does not imme-
diately adjust based on the bandwidth. Specifically, it will
examine the relationship between the current total token count
and the next offload threshold TSj+1

i . If TSj+1
i is about to

be reached, it will immediately increase the cache transfer
amount to delay the next threshold. Otherwise, it will skip the
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Fig. 11: Overview of the main testbed platform, including 3
types of Jetson devices.

operation entirely (lines 15-16). This is because frequent mod-
ifications to the KV cache transfer amount introduce additional
latency in the edge scenarios with dynamic network changes.
To reduce the unnecessary modification overhead caused by
network bandwidth fluctuations, LIME postpones updating the
KV-cache sequence length until it becomes relevant to the
subsequent offloading plan. LIME also employs a fluctuation
threshold nts to prevent transfer changes caused by minor
network fluctuations (line 14).

V. EXPERIMENTS

A. Experimental Settings

Testbed Implementation. To effectively demonstrate the
applicability of the proposed collaborative inference frame-
work in real-world scenarios, we utilize three different types
of Jetson developer kits as resource-constrained edge devices
to construct a realistic experimental platform. The equipment
details are shown in Tab.II. These Jetson devices are connected
via a router and a switch, with a total network bandwidth of
1000 Mbps. To simulate real-world scenarios by controlling
network bandwidth, we employed the Linux TC tool [43] to
adjust the bandwidth between devices. The core of LIME is
implemented using 1000+ lines of Python. Considering that
edge deployments encounter both sporadic request pattern,
where individual requests arrive occasionally as single inputs,
and bursty request pattern, where multiple inference requests
are submitted simultaneously, we set the micro-batch size for
inference to 1 and the number of devices, respectively.

Baselines. We compare LIME to total 6 baselines, including
Pipeline Parallelism and Tensor Parallelism. To address the
memory pressure from the large KV cache incurred during
inference, for baselines that do not naively support memory-
constrained execution, we recompute the attention keys and
values corresponding to evicted tokens and fuse them with
the cached KV states to complete the forward pass.

TABLE II: The specifications of the experimental equipment
in detail.

Type Memory GPU AI Performance Power Mode

Jetson Xavier
NX 16GB 16GB

384-core NVIDIA Volta™
architecture GPU with

48 Tensor Cores
21TOPS 20W

Jetson AGX
Orin 32GB 32GB

1792-core NVIDIA Ampere
architecture GPU with

56 Tensor Cores
200TOPS 50W

Jetson AGX
Orin 64GB 64GB

2048-core NVIDIA Ampere
architecture GPU with

64 Tensor Cores
275TOPS 60W

TABLE III: Detailed description of the three experimental
models.

Model Layer Hidden size Attn Heads KV Heads

Llama2-13B-Instruct 40 5120 40 40
Qwen3-32B 64 5120 64 8

Llama3.3-70B-Instruct 80 8192 64 8

• Pipeline parallelism [40] is a classic pipeline parallelism
that partitions the model layers and performs inference
using an algorithm that allocates model layers based on
memory capacity.

• Pipeline + offloading is implemented based on Pipeline
parallelism and accommodates more model layers and the
KV cache generated during inference by offloading.

• EdgeShard [29] is a very efficient and universal pipeline
parallel inference framework in the edge. It explicitly
accounts for heterogeneous device compute capabilities
and uses an effective allocation algorithm to slice the
model and coordinate inference across multiple devices.

• Galaxy [30] is a distributed inference framework built on
tensor parallelism. It leverages fine-grained workload par-
titioning algorithm and integrates sequential parallelism
to leverage the computing resources across the devices
effectively.

• TPI-LLM [31] is one of the latest works in the ten-
sor parallel inference framework designed for memory-
constrained settings. TPI-LLM takes into account the
actual situation at the edge and adopts sliding window
memory management and communication link optimiza-
tion to achieve distributed tensor parallel inference.

• TPI-LLM+offloading is based on TPI-LLM using a
larger sliding window instead of re-computation to pre-
vent the problem of insufficient memory caused by ex-
cessive KV cache overhead during inference.

Models. We employ three models to evaluate LIME’s
performance, including the conventional Llama [9] model
and the reasoning-capable Qwen3 [44] model, with model
sizes ranging from 13 billion (B) to 70 billion parameters,
downloading from Hugging Face, as shown in Tab.III. We
extract a subset from a general-purpose text generation dataset
as the inference input. Following EdgeShard [29], we employ
an inference paradigm with fixed length of inputs and outputs.
During inference, once the KV cache induced by the generated
sequence exhausts the available GPU memory, the system
is considered memory-saturated. Subsequent tokens are then
generated under memory-constrained conditions, necessitating
explicit offloading or recomputation of KV states to complete
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Fig. 12: Performance comparison in experimental environment E1 on the Llama2-13B-Instruct model.
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Fig. 13: Performance comparison in experimental environment E2 on the Qwen3-32B model.
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Fig. 14: Performance comparison in experimental environment E3 on the Llama3.3-70B-Instruct model.

TABLE IV: Detailed description of experimental environ-
ments.

ID Model The Number of Jetson Equipments

Xavier NX(16GB) AGX Orin(32GB) AGX Orin(64GB)

E1 Llama2-13B-Instruct 1 1 0
E2 Qwen3-32B 1 1 1
E3 Llama3.3-70B-Instruct 1 1 2

the forward pass.
Evaluation Metrics. To fully evaluate the performance and

efficiency of the proposed framework LIME, we use inference
latency as a metric for two scenarios. As this is lossless
inference, no accuracy results were recorded.

We set up three real-world experimental environments,
and the detailed configurations are shown in Tab.IV. Each
experimental environment comprises two distinct bandwidth
scenarios, representing low and high edge network bandwidth
regimes of 100 Mbps and 200 Mbps, respectively.

B. Efficiency of LIME
In this section, we compare the inference latency of LIME

against all baselines under two different bandwidths and two
different request patterns, as illustrated in Fig.12, Fig.13 and
Fig.14. Since some baselines do not account for scenarios
where memory is insufficient to fit the model, in this section
we configure the heterogeneous devices to accommodate the
model.

Comparison with TP-based parallel inference meth-
ods. (1) Burst request pattern. When performing inference
using the Llama and Qwen models, LIME achieved ac-
celeration ratios of 2.8×∼19.2× and 3.4×∼12.0× under
low-bandwidth and high-bandwidth conditions, respectively,
compared to TPI-LLM, TPI-LLM+offloading, and Galaxy.
(2) Sporadic request pattern. Compared to TPI-LLM, TPI-
LLM+offload, and Galaxy, LIME achieved acceleration ra-
tios of 2.8×∼10.8× and 2.5×∼7.6× under low-bandwidth
and high-bandwidth conditions, respectively. This stems from
significantly extended communication times in bandwidth-
constrained edge computing environments when employing
tensor parallel techniques, which substantially increase in-
ference latency. In contrast, LIME leverages an interleaved
pipeline to more effectively overlap loading latency, thereby
avoiding the excessive time overhead introduced by offloading
or recomputation. Furthermore, communication time increases
substantially again during KV cache recomputation and large-
batch computations.

Comparison with PP-based parallel inference methods.
(1)Burst request pattern. When performing inference using the
LLaMA and Qwen models, LIME achieved acceleration ratios
of 1.9×∼10.2× under low-bandwidth and high-bandwidth
conditions, compared to Pipeline+offloading, Pipeline paral-
lelism, and EdgeShard. (2)Sporadic request pattern. Com-
pared to Pipeline+offloading, Pipeline parallelism, and Edge-
Shard, LIME achieved acceleration ratios of 2.5×∼7.6× and
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Fig. 15: Performance comparison in extremely low-memory scenarios under Setting 1 on the Qwen3-32B model.
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Fig. 16: Performance comparison in extremely low-memory scenarios under Setting 2 on the Qwen3-32B model.
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Fig. 17: Performance comparison in extremely low-memory scenarios under Setting 3 on the Qwen3-32B model.

1.4×∼6.5× under low-bandwidth and high-bandwidth condi-
tions, respectively. This is because, compared with directly
combining pipeline execution with offloading, LIME intro-
duces a fine-grained offline scheduler that takes into account
each device’s loading capability, enabling better model-slice
partitioning to fully utilize the resources of all devices. Mean-
while, LIME employs an online memory adaptation strategy to
effectively handle memory constraints during inference. When
memory constraints become more severe during inference,
it can better prevent the inference system’s latency from
increasing rapidly caused by offloading.

C. Performance in Extremely Low-memory Scenarios.

In this section, we compare the inference latency of LIME
against all baselines under two different bandwidths and two
different request patterns on Llama3.3-70B-Instruct model,
as illustrated in Fig.15, Fig.16 and Fig.17. We progressively
reduce the available device memory across three experimental
settings. In Setting 1, we use one Jetson AGX Orin 64GB
device, two Jetson AGX Orin 32GB devices, and two Jetson
Xavier NX 16GB devices. In Setting 2, we restrict one Jetson
Xavier NX 16GB device from Setting 1 to use only half of its
memory. In Setting 3, we make 8GB of memory unavailable
on one Jetson AGX Orin 32GB device from Setting 2. Some
baselines fail to allocate model slices when device memory is

insufficient and are therefore marked directly as OOM (out-of-
memory), while some baselines are able to perform inference
under memory-constrained conditions but incur excessively
high latency that exceeds practical time limits. Specifically, for
sporadic request patterns, any method with latency exceeding
40s/token is classified as OOT (out-of-time). And for bursty
request patterns, the OOT threshold is set at 15s/token.

Comparison with TP-based parallel inference methods.
Galaxy fails to handle scenarios in which a device cannot
accommodate a model slice, and consequently returns an out-
of-memory (OOM) error. In contrast, TPI-LLM addresses
memory insufficiency by offloading model slices. However,
under sporadic request patterns, its inference latency exceeds
acceptable thresholds due to bandwidth limitations and the
lack of fine-grained offloading, resulting in an out-of-time
(OOT) outcome. Under bursty request patterns, TPI-LLM ben-
efits from larger micro-batch sizes, making its latency accept-
able under memory pressure. Yet when memory constraints
become more severe, the absence of fine-grained offloading
again leads to excessive latency and ultimately results in OOT.

Comparison with PP-based parallel inference methods.
EdgeShard and traditional pipeline parallelism also return out-
of-memory (OOM) errors because they cannot handle cases
where a device lacks sufficient memory to host a model
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TABLE V: The experimental results of the ablation study on our proposed LIME framework with Llama3.3-70B-Instruct model.

Methods Sporadic Bursty

Latency (ms/token) Speedup over LIME Latency (ms/token) Speedup over LIME

LIME without KV cache transfer protocol 1748.2 0.86× 489.0 0.87×
LIME without memory-aware planner 2251.7 0.67× 614.8 0.69×
LIME 1501.9 1.00× 423.2 1.00×
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Fig. 18: Performance comparison under varying network band-
width on the Qwen3-32B model.

slice. In contrast to traditional pipeline that naively combined
pipeline execution with offloading, LIME employs fine-grained
offloading and an interleaved pipeline, thereby minimizing the
additional latency incurred by model offloading. Moreover,
through more refined layer assignment across devices, LIME
maximizes resource utilization while effectively avoiding bot-
tleneck devices. This design prevents any single device from
incurring excessive loading time, which would otherwise dom-
inate and degrade the overall inference latency.

D. Performance under Varying Network Bandwidth

In this section, we compare the inference latency of LIME
against all baselines under two distinct request patterns during
dynamic bandwidth changes, as shown in Fig.18. We randomly
generate a series of token counts. After generating the corre-
sponding token counts, we randomly select a number between
50 Mbps and 250 Mbps and adjust it to the new network
bandwidth.

Under both burst request and sporadic request patterns, ac-
celeration ratios of 3.6×∼19.3× and 1.7×∼8.8× are achieved
relative to the baseline. In contrast, under high-bandwidth
network conditions, LIME achieve acceleration ratios of
3.3×∼12.0× and 1.7×∼6.7× over the baseline in burst re-
quest and sporadic request scenarios, respectively. And under
low-bandwidth network conditions, LIME achieve acceler-
ation ratios of 3.7×∼19.2× and 1.7×∼9.0× compared to
the baseline in burst request and sporadic request patterns,
respectively. This demonstrates that LIME’s online bandwidth-
aware KV cache transfer protocol helps LIME consistently
maintain faster inference speeds.

E. Ablation Study

To explore the effectiveness of each component in our LIME
framework, we design two ablation experiments. The ablation
experiment setup is as follows:
• LIME without KV cache transfer protocol: To inves-

tigate the effectiveness of the KV cache transfer protocol, we

disable it in this experimental setup, preventing any transfer
of KV cache.
• LIME without online memory-aware planner: To inves-

tigate the effectiveness of the online memory-aware planner,
in this experimental setup, we no longer perform online
memory-aware planner but instead uniformly employ full layer
offloading to mitigate the memory pressure caused by KV
cache accumulation during inference.

Table V presents the results of the ablation experiments,
clearly demonstrating that removing any component within
LIME leads to performance degradation. This indicates that
each internal component of LIME exerts a significant influ-
ence. This occurs because the KV cache transfer protocol
ensures that each device maximizes the overlap between the
sum of computation and communication time and the load
time, while simultaneously delaying the offload timing for
devices with low offload thresholds. MHA/MLP block offload-
ing, meanwhile, enables finer-grained offload to minimize the
introduction of load latency.

VI. CONCLUSION

To enable collaborative lossless inference under memory-
constrained conditions, we proposed LIME, a framework based
on interleaved pipeline parallelism. We integrated model of-
floading into collaborative inference and leveraged interleaved
pipeline scheduling to overlap offloading with computation
and communication. Furthermore, we designed a fine-grained
offline scheduler to maximize resource utilization of each
device and to minimize end-to-end latency. Additionally, to
address the exacerbated memory pressure caused by KV cache
and fluctuations in edge-network bandwidth during inference,
we introduced an online memory adaptation strategy that
consists of a KV cache transfer protocol and an online
memory-aware planner. This design ensured lossless inference
under memory constraints, while minimizing the additional
inference latency increase incurred by extra model offloading.
We evaluated LIME using three different large models ranging
from 13B to 70B, across different test platforms with two
request patterns and two bandwidth conditions. LIME achieved
lower latency than all baselines across two distinct request
patterns and under varying network bandwidth conditions,
while incurring no accuracy loss.
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