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Abstract—Large language models (LLMs) are increasingly
deployed in collaborative edge–cloud environments to reduce
latency and cloud cost. However, autoregressive transformer
inference exhibits strong token-level variability: output lengths
are unknown at request arrival, KV-cache memory grows during
decoding, and long-tailed requests can trigger out-of-memory
(OOM) failures on memory-constrained edge devices. Existing
static partitioning methods collapse this token-dependent cost
surface into a single layer-to-device mapping, which either
underutilizes edge resources or causes high-latency cloud fallback
for long outputs. This paper presents TAILOR, a token-aware
inference framework that jointly optimizes offline partitioning
and online routing for autoregressive transformer serving. TAI-
LOR builds token-length buckets, generates memory-feasible
partitioning strategies along the latency–memory trade-off fron-
tier, selects a compact subset under edge capacity constraints,
and routes each request according to predicted output length
and device availability. Experiments with GPT-2 models on a
heterogeneous edge–cloud testbed show that TAILOR reduces
end-to-end latency by up to 22.2%, improves throughput by up
to 28.5%, and lowers OOM-induced fallback by up to 73.1%
compared with static partitioning baselines, demonstrating robust
inference under long-tailed token workloads.

I. INTRODUCTION

Transformer-based LLMs have become the foundation of
interactive applications such as dialogue generation, code com-
pletion, and question answering [1]–[3]. Their inference cost,
however, makes direct deployment on resource-constrained
edge devices difficult [4]. Collaborative edge–cloud (CEC)
inference addresses this challenge by partitioning model layers
across edge devices and cloud servers, allowing latency-
sensitive computation to remain close to users while the cloud
handles overflow or expensive requests [5]–[7].

Decoder-only transformer inference is autoregressive: to-
kens are generated sequentially and previous key-value (KV)
states are cached and reused [8], [9]. As a result, the cost of
a request depends not only on model size and input length,
but also on the output length, which is unknown when the re-
quest arrives. Longer outputs increase decoding steps, enlarge
KV-cache footprints, and amplify tail latency. On memory-
constrained edge devices, feasibility is determined by the
peak KV memory realized during decoding; an underestimated
output length can therefore cause OOM and force the request
to fall back to the cloud.
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Fig. 1: Motivating observations: (a) latency increases with output
length; (b) KV memory scales with input and output lengths; (c)
output length distribution is long-tailed; (d) per-layer inference la-
tency on the same device varies significantly.

Fig. 1 illustrates these effects using Databricks-Dolly-
15k [10] and GPT-2 profiling results. Latency increases with
generated output length, KV memory consumption grows
with both input and output lengths, output lengths follow a
pronounced long-tail distribution, and per-layer latency differs
substantially even on the same edge device. These observa-
tions suggest that a single static partition is fundamentally
mismatched with dynamic token-level workloads. Worst-case
partitions must reserve excessive memory for rare long gen-
erations, leading to poor edge utilization, whereas average-
case partitions may trigger OOM-induced fallback under long-
output requests. Existing CEC systems such as EdgeShard and
Jupiter [11], [12] still rely on static model-to-device mappings,
and thus cannot explicitly exploit token-level heterogeneity
across requests, layers, and runtime memory demands.

We propose TAILOR, a token-aware framework for trans-
former inference in CEC systems. TAILOR combines offline
deployment planning with online request routing. Offline, it
profiles token-length distributions, layer latency, KV-cache
memory, and link bandwidth; builds a bucket-level latency–
memory model; and selects a compact set of memory-feasible
strategies under edge capacity constraints. Online, it predicts979-8-3195-1703-6/26/$31.00 ©2026 IEEE



each request’s output length, maps the request to a token
bucket, and dispatches it to a compatible strategy while
accounting for device conflicts and latency targets. The con-
tributions are threefold:

• We identify the limitations of static partitioning under
dynamic token-length workloads and propose TAILOR, a
token-aware inference framework for collaborative edge–
cloud environments. TAILOR incorporates token variabil-
ity into model partitioning and runtime scheduling.

• TAILOR introduces a token-bucket abstraction to capture
input and output lengths, and uses Pareto-driven opti-
mization to generate partitioning strategies that expose
latency–memory tradeoffs under workload distributions.

• We design a token-aware partitioning and allocation
framework that generates Pareto-diverse layer-to-device
strategies and selects a memory-feasible subset for de-
ployment. We further integrate a latency-aware online
scheduler to dispatch requests safely and efficiently.

• We implement TAILOR on real LLMs and deploy it on
a collaborative edge–cloud testbed. Experiments show up
to 20% latency reduction and 4× fewer OOM events
compared with static baselines such as EdgeShard.

II. SYSTEM MODEL AND PROBLEM

A. Token-Aware Workload Model

We consider a decoder-only transformer with L sequential
layers, indexed by ℓ ∈ {1, . . . , L}. Each request has input
length Tin and output length Tout. Since Tout is unknown
at arrival and varies widely across requests, TAILOR groups
requests into K token-length buckets B = {B1, . . . , BK}.
Bucket Bk has empirical probability pk and representative
provisioned length T̄k, obtained from historical traces. This
abstraction preserves token-level heterogeneity while keeping
deployment optimization tractable.

B. Edge–Cloud Execution Model

The CEC environment contains edge devices and a cloud
server. Each device d has memory capacity Md, profiled per-
layer latency tℓcomp(d), and measured bandwidth Bd,d′ to other
devices. A strategy x assigns each layer to a device, where
xℓd = 1 if layer ℓ runs on device d. For bucket Bk, the latency
of strategy x is

T
(k)
lat =

∑L

ℓ=1

∑
d∈D

xℓd · tℓcomp(d) · T̄k

+
∑L

ℓ=2

∑
d,d′∈D

xℓ−1,d · xℓd′ · tℓ−1,d→d′

comm (T̄k), (1)

where tℓ−1,d→d′

comm (T̄k) captures activation transmission latency
and is zero if consecutive layers remain on the same device.

Memory feasibility is dominated by model parameters and
KV cache. Let mℓ be the parameter memory of layer ℓ, and
cℓ be the per-token KV-cache size. The provisioned memory
on device d for bucket Bk is

Mem
(k)
d (x) =

L∑
ℓ=1

xℓd

(
mℓ + cℓT̄k

)
. (2)

Fig. 2: The TAILOR framework. Offline planning profiles token
distributions and system costs, generates and selects memory-feasible
strategies, and deploys them on edge devices. Online routing predicts
output length and dispatches each request to a compatible strategy or
cloud fallback.

Using a safety factor βd ∈ (0, 1), a strategy is memory-feasible
for bucket Bk only if Mem

(k)
d (x) ≤ βdMd on every edge

device it uses. Otherwise, the request may trigger OOM and
fall back to the cloud. The design objective is therefore to
minimize latency while maximizing token-bucket coverage by
memory-feasible strategies.

III. TAILOR DESIGN

Fig. 2 shows the two-stage design of TAILOR. The offline
stage constructs a small strategy pool that covers common
token regimes under memory constraints. The online stage
uses this pool to route requests without expensive per-request
model reconfiguration.

Design rationale. TAILOR decouples slow-timescale de-
ployment from fast-timescale request dispatch. Recomputing
layer placement for every request is impractical on resource-
constrained edge devices, as it would require weight move-
ment, buffer reallocation, and possible pipeline reconfigu-
ration. In contrast, committing to a single static placement
ignores the skewed nature of token workloads: most requests
are short, while a small fraction of long requests dominate
KV-cache pressure and tail latency. TAILOR therefore exposes
a compact set of pre-deployed strategies to the online sched-
uler, enabling request-granularity adaptation while keeping the
physical deployment stable.

TAILOR further optimizes for bucket coverage rather than
uniform strategy utilization. Under long-tailed workloads, one
strategy may cover frequent short or medium requests, whereas
a few additional strategies are needed to handle rare long-
output cases or transient device conflicts. TAILOR there-
fore allocates scarce edge memory according to frequency-
weighted bucket coverage, instead of forcing all strategies to
carry comparable traffic.

A. Offline Strategy Generation

TAILOR first generates candidate strategies that span the
latency–memory trade-off frontier. It initializes a seed pool by
greedily packing contiguous transformer layers onto devices
under the largest provisioned token length T̄max = maxk T̄k,
producing conservative memory-safe mappings. Starting from
these seeds, a Pareto-based refinement searches over layer-to-
device assignments. Each candidate is evaluated by expected



Algorithm 1: Token-Aware Strategy Generation
Input: Layers L, devices D, buckets B, lengths {T̄k}
Output: Pareto strategy pool S and admissibility matrix δ

1 Initialize seed pool by greedily packing contiguous layers
under T̄max = maxk T̄k;

2 for each generation do
3 Evaluate every candidate by expected latency and

overflow risk over all buckets;
4 Apply non-dominated sorting and crowding-distance

ranking;
5 Generate offspring through structure-preserving

crossover and mutation;
6 Repair fragmented mappings by merging layer segments

into adjacent devices;
7 Keep elite candidates to form the next population;

8 foreach strategy j and bucket Bk do
9 Set δjk = 1 if j is zero-overflow for Bk and within the

latency slack factor; otherwise set δjk = 0;

10 return S, δ;

latency and overflow risk across token buckets. Candidates
that violate layer contiguity are repaired by merging frag-
mented segments into adjacent devices. The output is a Pareto-
approximate strategy set S.

For each strategy j ∈ S and bucket Bk, TAILOR computes
a binary admissibility indicator δjk. We set δjk = 1 only if
the strategy is strictly memory-feasible for Bk and its latency
is within a small slack factor of the best feasible latency for
that bucket. Thus, the online scheduler only sees strategies that
are both safe and efficient for the corresponding token regime.
This strict admissibility test is important because OOM is not
a benign local event in CEC inference: once an edge execution
fails, the request must be restarted or recovered on the cloud,
paying both the failed edge attempt and the cloud access
delay. By filtering unsafe mappings offline, TAILOR converts
a difficult runtime memory-risk problem into a deterministic
lookup over safe bucket–strategy pairs.

The generation stage is intentionally performed offline.
It can therefore use empirical profiling rather than coarse
analytical FLOP models, which is important for edge devices
whose latency is affected by memory bandwidth, kernel im-
plementation, and communication overheads. Its output is not
a single partition, but a small pool of alternatives that cover
different token regimes. This design avoids online weight mi-
gration: model weights and KV-cache buffers are provisioned
before serving starts, while online decisions only select among
already deployed strategies.

B. Capacity-Constrained Strategy Selection

Only a limited number of strategies can be deployed because
edge memory must store model weights and reserve KV-cache
capacity. TAILOR selects a subset of strategies to maximize
frequency-weighted bucket coverage:

max

K∑
k=1

pkzk, (3)

Algorithm 2: Capacity-Constrained Strategy Selection
Input: Strategy pool S, bucket probabilities pk, admissibility

matrix δ, device capacities
Output: Selected deployment set S

1 Initialize selected set S ← ∅ and uncovered bucket set
U ← B;

2 while U is non-empty do
3 For every unselected strategy, compute its marginal

coverage gain
∑

k∈Upkδjk;
4 Estimate incremental memory after sharing already

resident layers and updating peak KV reservation;
5 Discard strategies that violate any edge-device capacity

constraint;
6 Select the feasible strategy with the largest

gain-per-memory ratio;
7 if no feasible strategy exists then
8 break

9 Add it to S and update covered buckets and device
memory states;

10 return S;

where zk = 1 if bucket Bk is covered by at least one
deployed strategy with δjk = 1. The selection respects per-
device memory constraints, with static parameters shared
across strategies and KV cache provisioned for the largest
bucket served by each deployed strategy. We use a greedy
approximation that iteratively chooses the strategy with the
largest marginal coverage gain per incremental memory cost,
while explicitly checking device-level capacity. This deploy-
ment rule prioritizes frequent token regimes and keeps rare
long-output regimes covered when memory permits.

This greedy rule follows the structure of monotone sub-
modular coverage: adding a strategy can only increase the set
of covered buckets, and its marginal gain decreases as more
buckets are already covered. Under an abstract single-budget
knapsack model, the standard gain-per-cost greedy rule gives
a constant-factor approximation to the optimal frequency-
weighted coverage. In the implemented multi-device setting,
TAILOR keeps the same coverage principle but performs
explicit per-device feasibility checks, which is more important
than a closed-form guarantee for safe deployment on memory-
constrained edge nodes.

C. Online Routing and Scheduling

At runtime, a lightweight predictor estimates the output
length T̂out and maps the request to bucket Bk. For every
deployed admissible strategy j, the scheduler estimates the
earliest completion time

Cj = max
d∈Dev(x(j))

BusyUntild + T
(k,j)
lat , (4)

where Dev(x(j)) is the set of edge devices used by strategy
j. The request is assigned to the admissible strategy with the
smallest Cj that satisfies the bucket latency target. If no such
strategy exists, the request is executed by the cloud-hosted
model. This policy accounts for device conflicts, avoids unsafe
edge execution, and preserves availability under contention or



TABLE I: CEC testbed configuration.

Role Device Memory Count

Cloud RTX 4060 Ti 8 GB 1
Edge Jetson Orin Nano 4 / 8 GB 5 / 3

TABLE II: GPT-2 models used in evaluation.

Model Layers Params File size

GPT2-Small 12 137M 0.5 GB
GPT2-Medium 24 320M 1.5 GB
GPT2-Large 36 812M 3.2 GB
GPT2-XL 48 1.6B 6.4 GB

prediction errors. Because all deployed strategies have already
passed the bucket-level memory check, the online scheduler
does not solve a placement problem or recompute KV fea-
sibility. It only performs a bounded scan over admissible
strategies, which keeps request dispatch lightweight enough
for interactive serving.

TAILOR handles prediction uncertainty through conserva-
tive bucket provisioning and cloud fallback. The representative
length T̄k can be chosen as a high percentile within each
bucket, so small prediction errors do not immediately violate
memory constraints. If no safe or timely edge strategy is
available, the scheduler proactively falls back to the cloud
before starting unsafe edge execution.

IV. IMPLEMENTATION AND EVALUATION

A. Experimental Setup

We implement TAILOR on a heterogeneous CEC testbed
with eight NVIDIA Jetson Orin Nano boards and one RTX
4060 Ti GPU server as the cloud. Devices are connected
through a gigabit Ethernet network, and Linux TC [13] is used
to emulate bandwidth and propagation delays. Table I summa-
rizes the hardware configuration. The edge side contains both
4GB and 8GB Jetson boards, which creates heterogeneous
memory constraints and makes static worst-case partitioning
inefficient. We evaluate GPT2-Small, GPT2-Medium, GPT2-
Large, and GPT2-XL [14] on Databricks-Dolly-15k [15]; the
model sizes are listed in Table II. We compare TAILOR
with three baselines: Uniform, which evenly partitions layers
across edge devices; EdgeShard [11], a representative static
partitioning framework; and TAILOR-A, which uses strat-
egy generation but removes capacity-constrained allocation
optimization. We report average end-to-end latency, token
throughput, and OOM-induced fallback rate. The fallback
metric counts requests ultimately served by the cloud because
the selected or available edge execution path is memory-
infeasible under KV-cache provisioning. It directly captures
whether a method can keep long-tailed token workloads on
the edge without sacrificing safety.

B. Bucket Granularity and Prediction

Fig. 3 evaluates the impact of bucket granularity. Increasing
K from 2 to 6 improves latency and throughput because
requests are better matched to token-aware strategies. When
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Fig. 3: Impact of token-bucket granularity.
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Fig. 4: Evaluation of the token-length predictor. The BERT-based
predictor has small bucket-level error and yields latency close to an
oracle using true output lengths.

K = 8, the benefits taper off and fallback increases for
larger models because more fine-grained buckets require more
strategies, while memory limits restrict deployment coverage.
We use K = 6 as the default setting. TAILOR uses a BERT-
based regressor to predict output length. Its mean latency is
only 1.7% slower than an oracle that uses ground-truth output
length, indicating that the bucket-level design is robust to
practical prediction error.

Fig. 4 further examines prediction quality. The predictor is
trained on instruction text using a BERT encoder followed
by an MLP regressor, with a logarithmic transform applied to
the output length to reduce the effect of heavy-tailed labels.
The mean absolute error is 28.88 tokens. More importantly,
the scheduling impact is small: the BERT-based predictor
produces nearly the same latency as the oracle and clearly
outperforms simpler MLP and linear predictors. This confirms
that TAILOR does not require exact token-length estimation;
it only needs sufficiently accurate bucket assignment to choose
a compatible deployment strategy.

C. End-to-End Performance

Table III reports the main end-to-end results. TAILOR
reduces latency by 22.2% on GPT2-Small and 5.3% on GPT2-
XL compared with Uniform, and consistently outperforms
EdgeShard. The gain is larger on smaller models because edge
memory can host multiple specialized strategies, while larger
models leave less deployment flexibility. TAILOR also sub-
stantially reduces OOM-induced fallback. Relative to Uniform,
fallback decreases from 9.3% to 2.5% on GPT2-Small and
from 13.5% to 4.1% on GPT2-XL. These results show that
token-aware deployment improves both latency and robust-
ness. Throughput improves as well because TAILOR keeps
suitable strategies resident on edge devices and reduces high-
latency cloud fallback.



TABLE III: End-to-end performance comparison across GPT-2 model sizes. The percentage in parentheses is the relative change with respect
to Uniform. OOM-induced fallback rate is the fraction of requests offloaded to the cloud due to edge-side memory infeasibility.

Algorithms GPT2-Small GPT2-Medium

Throughput (token/s) Latency (s) OOM-induced fallback rate Throughput (token/s) Latency (s) OOM-induced fallback rate

Uniform 10.25 (+0.00%) 5.90 (-0.00%) 9.3% (-0.00%) 5.49 (+0.00%) 11.02 (-0.00%) 11.1% (-0.00%)
EdgeShard 10.92 (+6.53%) 5.54 (-6.10%) 7.8% (-16.1%) 5.56 (+1.27%) 10.87 (-1.36%) 8.7% (-21.6%)
TAILOR-A 11.14 (+8.68%) 5.43 (-7.96%) 4.8% (-48.4%) 5.83 (+6.19%) 10.37 (-5.89%) 6.1% (-45.0%)

TAILOR 13.18 (+28.5%) 4.59 (-22.2%) 2.5% (-73.1%) 6.16 (+12.2%) 9.81 (-10.9%) 3.3% (-70.3%)

Algorithms GPT2-Large GPT2-XL

Throughput (token/s) Latency (s) OOM-induced fallback rate Throughput (token/s) Latency (s) OOM-induced fallback rate

Uniform 3.71 (+0.00%) 16.29 (-0.00%) 12.3% (-0.00%) 2.84 (+0.00%) 21.28 (-0.00%) 13.5% (-0.00%)
EdgeShard 3.73 (+0.53%) 16.19 (-0.61%) 9.6% (-22.0%) 2.88 (+1.40%) 20.96 (-1.50%) 10.2% (-24.4%)
TAILOR-A 3.80 (+2.42%) 15.89 (-2.45%) 6.9% (-43.9%) 2.96 (+4.22%) 20.38 (-4.22%) 7.5% (-44.4%)

TAILOR 3.83 (+3.23%) 15.78 (-3.13%) 3.8% (-69.1%) 3.00 (+5.63%) 20.16 (-5.26%) 4.1% (-69.6%)

(a) Latency (b) Fallback rate

Fig. 5: Impact of edge-to-cloud bandwidth on GPT2-Medium.

The comparison with TAILOR-A isolates the value of allo-
cation optimization. TAILOR-A already benefits from having
multiple candidate strategies, but its deployment is not guided
by bucket probability or shared-memory constraints. As a
result, it may deploy strategies that cover overlapping frequent
buckets while leaving costly long-output buckets uncovered.
TAILOR avoids this failure mode by selecting strategies
according to marginal frequency-weighted coverage under per-
device memory limits. The improvement is therefore not only
due to generating more partitions; it comes from deploying the
right subset of partitions for the observed token distribution.

D. Robustness under Workload and Network Variation

TAILOR remains effective under changing token-length
distributions. On short-biased, uniform, and long-biased work-
loads derived from Databricks-Dolly-15k, TAILOR consis-
tently achieves the lowest latency and maintains lower fall-
back rates than Uniform, EdgeShard, and TAILOR-A. The
advantage persists even for long-biased workloads, where KV-
cache pressure is highest, because TAILOR routes long-output
requests to compatible strategies or offloads them early before
severe queueing delay or OOM occurs.

Fig. 6 reports the detailed results on GPT2-Large and GPT2-
Medium. Under short-biased workloads, TAILOR benefits
from routing common short requests to low-latency strategies
rather than reserving all edge memory for rare long outputs.
Under uniform and long-biased workloads, its allocation stage
becomes more important: it keeps enough coverage for longer

(a) Latency, GPT2-Large (b) Fallback, GPT2-Large

(c) Latency, GPT2-Medium (d) Fallback, GPT2-Medium

Fig. 6: Sensitivity to token-length distributions. TAILOR adapts to
short-biased, uniform, and long-biased workloads.

buckets and avoids selecting strategies that look fast on
average but are unsafe when KV cache grows. TAILOR-
A improves over static baselines because it has multiple
strategies, but its random deployment choice leaves some
important buckets uncovered. The gap between TAILOR and
TAILOR-A therefore demonstrates that capacity-constrained
strategy selection is necessary, not merely the existence of
multiple candidate partitions.

Fig. 5 evaluates performance under constrained edge-to-
cloud bandwidth. As bandwidth decreases from 1,000 Mb/s to
10 Mb/s, all methods experience higher latency and fallback
due to increasingly expensive cloud access. TAILOR remains
the most robust across all bandwidth settings: at 10 Mb/s,
it reduces latency by 19.1%, 12.4%, and 4.5% compared
with Uniform, EdgeShard, and TAILOR-A, respectively, and
achieves lower fallback. This result confirms that token-aware
strategy selection is useful when cloud fallback is costly.

Practical considerations. TAILOR separates slow deploy-
ment decisions from fast request scheduling. Profiling, bucket



construction, strategy generation, and weight loading are
performed offline, while the online scheduler only scans
the deployed admissible strategies and updates device busy
timestamps. This avoids request-time weight migration, which
would be costly on edge devices and could introduce memory
fragmentation. The strategy set can be refreshed periodically
when the workload distribution, model version, or available
devices change. TAILOR is also complementary to quanti-
zation, batching, and KV-cache compression: these techniques
reduce the memory footprint, whereas TAILOR decides which
feasible partitions should be resident and how token-variable
requests should be routed among them. For short-paper scope,
we deliberately keep the runtime policy simple and determin-
istic; a longer version can integrate batching-aware admission
control, adaptive bucket reconstruction, and tighter robustness
analysis under prediction errors.

V. RELATED WORK

Collaborative edge–cloud inference. Collaborative infer-
ence jointly uses edge and cloud resources to serve latency-
sensitive AI workloads. Early systems such as Neurosur-
geon [7], DADS [16], and Auto-Split [6] optimize split
points or offloading decisions under heterogeneous compu-
tation and network conditions. Recent transformer-oriented
systems, including EdgeShard [11] and Jupiter [12], further
show that layer partitioning can improve generative LLM
inference on edge devices, and adaptive LLM systems such
as Splitwise [17] and DAPO [18] explore phase splitting or
mobility-aware offloading. However, these approaches gener-
ally derive one static partition or adapt to system state without
explicitly optimizing deployment around output-token buckets.
They therefore cannot directly capture the long-tailed output-
token variability and KV-cache growth that determine memory
feasibility during autoregressive decoding.

Efficient LLM serving and memory-aware optimization.
LLM serving systems improve throughput and latency through
batching, KV-cache management, and phase separation, while
compression techniques such as quantization [19] reduce
model footprint. These techniques are complementary to TAI-
LOR. Rather than changing the model architecture or optimiz-
ing a centralized serving cluster, TAILOR focuses on token-
aware deployment in memory-constrained edge–cloud envi-
ronments. It models output-length variability through token
buckets, constructs multiple memory-feasible layer-to-device
strategies, and routes each request to a compatible strategy
according to predicted token length and device availability.
This design directly targets OOM-induced fallback and tail-
latency instability caused by dynamic token workloads.

VI. CONCLUSION

This paper presented TAILOR, a token-aware partitioning
and routing framework for edge–cloud transformer inference.
TAILOR uses token-length buckets to model output variability,
constructs memory-feasible layer-to-device strategies offline,
selects a compact deployment set under edge capacity con-
straints, and schedules online requests according to predicted

token length and device availability. Experiments on a het-
erogeneous edge–cloud testbed show that TAILOR reduces
latency, improves throughput, and substantially lowers OOM-
induced fallback compared with static partitioning baselines.
These results demonstrate that token variability should be
treated as a first-class factor in the design of collaborative
edge–cloud LLM serving systems.
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