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As large language models (LLMs) evolve, deploying them solely in the cloud or compressing them for edge devices is
increasingly inadequate due to latency, privacy, cost, and personalization concerns. This survey examines a collaborative
paradigm in which cloud-based LLMs and edge-deployed small language models (SLMs) cooperate for both inference and
training. We propose a unified taxonomy of edge-cloud collaboration strategies. For inference, we categorize approaches
into task assignment, task division, and mixture-based collaboration at both task- and token-levels, encompassing adaptive
scheduling, resource-aware offloading, speculative decoding, and modular routing. For training, we review distributed
adaptation techniques, including parameter alignment, pruning, bidirectional distillation, and small-model-guided optimization.
We further summarize datasets, benchmarks, and deployment practices, and highlight privacy-preserving methods and vertical
applications. This survey aims to establish a systematic foundation for LLM-SLM collaboration, bridging system-algorithm
co-design toward efficient, scalable, and trustworthy edge-cloud intelligence.
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1 Introduction
Large language models (LLMs) [1� 4] have demonstrated remarkable pro�ciency across a broad spectrum of natural
language processing tasks. However, their substantial computational and memory demands render standalone
cloud deployment or naive compression for edge devices insu�cient [5� 7]. With the rapid advancement of big
data, cloud computing, and edge computing, edge-cloud collaborative intelligence has emerged as a promising
paradigm for unlocking data value and delivering ubiquitous AI [8� 11]. This paradigm couples the cloud's
computational power and generalization ability with the edge's responsiveness and adaptability [12�14].

Rather than merely compressing large models for edge deployment, we focus on systematic co-optimization
across architecture, algorithms, execution, and privacy for cloud-based LLMs and edge-deployed small language
models (SLMs) [15� 18]. By leveraging feature sharing, task partitioning, and knowledge transfer, LLMs and SLMs
collaborate to deliver e�cient and reliable intelligent services in heterogeneous environments [19� 21]. Existing
cloud-centric approaches exploit centralized LLMs for strong generalization but incur high latency, privacy risks,
and poor adaptation to localized contexts [22� 24]. In contrast, edge-centric methods o�er fast response and
personalization but are constrained by limited compute and weaker generalization [5, 25� 28]. Prior surveys
have examined cloud-centric, edge-centric, and device-to-device cooperation, yet each faces key limitations in
real-world deployment [29]. The LLM-SLM collaborative paradigm seeks to unify these strengths via hierarchical
cooperation between cloud LLMs and on-device SLMs [30�32].

Unlike federated learning [33, 34] or model compression [35], this approach treats LLMs and SLMs as distinct
yet interactive agents [36, 37], enabling dynamic and modular collaboration across the edge-cloud continuum [38].
However, realizing this vision poses several challenges in both inference and training. From the inference per-
spective, architectural heterogeneity complicates uni�ed scheduling and deployment; varying task granularities,
resource budgets, and latency constraints hinder coordinated execution [39, 40]; and network instability restricts
high-frequency interactions [41], such as model swapping [42] or cross-attention fusion. On the training side,
heterogeneity in data distributions [43], task formulations, and model architectures complicates e�ective knowl-
edge transfer, particularly for distillation and adaptation methods assuming structural or objective alignment.
Moreover, non-IID edge data [34, 44] and personalization requirements exacerbate this, as local �ne-tuning risks
over�tting while centralized updates may dilute edge-speci�c or causally relevant patterns [45, 46]. Collectively,
these factors underscore the need for principled designs for collaborative learning and inference.

These limitations motivate a dedicated LLM-SLM collaboration framework that is structurally aware, distri-
butionally robust, and capable of delivering e�cient, reliable, and generalizable intelligence under dynamic,
resource-constrained conditions.

In 2021, Alibaba DAMO Academy and Zhejiang University conducted the �rst large-scale survey on cloud-edge
collaboration [47], identifying three synergy paradigms. In 2022, Alibaba's Top Ten Technology Trends highlighted
�co-evolution between cloud-based large models and edge-side small models�, emphasizing privacy-aware end-
device intelligence [48]. Qualcomm echoed this in 2023 with Hybrid AI white papers [49,50], advocating intelligent
workload partitioning to address latency, e�ciency, privacy, and personalization. These developments mark a shift
from centralized LLM pipelines to hybrid edge-cloud architectures. Walle [51] enables cloud-edge collaboration
across 300+ tasks with over 10 billion daily invocations, powering personalized recommendations, multimodal
understanding, and real-time 3D rendering. Luoxi [52] adopts a �slow-fast� learning strategy in which cloud LLMs
generate latent representations to assist personalized, low-latency inference on edge devices. In�GUIAgent [53]
demonstrates hierarchical edge reasoning through two-stage �ne-tuning for multimodal GUI interaction. Further
deployments span vision and graphics (urban video analytics [54], autonomous driving [11, 55], XR), language
tasks (virtual assistants [56, 57], input methods), and personalized recommendation [58� 60]. Edge intelligence
is also expanding into multimodal and sensor-driven domains (e.g., medical diagnosis [20], smart homes [61],
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Fig. 1. Overview of cloud-edge collaboration workflows: (a) training and (b) inference.

industrial monitoring). Collectively, these academic and industrial e�orts demonstrate both feasibility and urgency,
motivating a comprehensive survey of current paradigms, system designs, and open challenges.

1.1 Related Surveys and Their Scope
Xu et al.[5] provide the �rst systematic overview of the AIGC service lifecycle and propose a collaborative
cloud-edge-end infrastructure for mobile networks. Quet al. [62] review LLM deployment at the network
edge, emphasizing resource-e�cient design. Xuet al.[63] prioritize system-level optimization, such as model
compacti�cation and token pruning. For task o�oading and resource allocation, Wanget al. [64, 65] model
mobile-cloud migration and RL-based scheduling. Xuet al.[66] survey decentralized continual learning strategies,
while Niu et al. [8] review collaborative training mechanisms between device-side small models and cloud
LLMs. Under constrained communication, Zhanget al.[6, 7] explore air-ground collaborative inference and
multi-agent frameworks. Chenet al.[29] summarize LLM-SLM collaboration mechanisms, including pipelining
and distillation. However, existing surveys generally focus on system deployment or isolated techniques, lacking
a uni�ed algorithmic perspective and a structured design space capturing functional roles and interaction
boundaries between heterogeneous models.

In contrast, this survey provides the �rst comprehensive review that jointly considers inference-time
collaboration and training-time coordination between LLMs and SLMs. As shown in Fig. 1 and Table 1,
we introduce a uni�ed taxonomy spanning task assignment, task division, and mixture-based strategies (at
task- and token-levels), and analyze their alignment with algorithmic principles and system constraints. On the
training side, we summarize collaborative adaptation methods, including bidirectional distillation, quantization,
pruning, and low-rank approximation, facilitating e�cient SLM deployment without sacri�cing performance.
By jointly analyzing inference and training, this survey bridges algorithmic design and deployment needs,
o�ering methodological insights and practical implications for future edge-cloud LLM systems. We ground our
discussion in literature published since 2023 to ensure relevance and coverage, �lling a key methodological gap
and establishing a generalizable framework for heterogeneous, resource-constrained environments.
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Fig. 2. Overview of collaborative paradigms between edge-cloud LLMs and SLMs, structured along two axes:
inference cooperation and training collaboration.

1.2 Research �estions and Survey Structure
This survey systematically reviews the development, challenges, and future directions of edge-cloud collaborative
inference and training with LLMs and SLMs. We organize the discussion around the following core research
questions (RQs):

� RQ1 What is the edge-cloud collaborative inference paradigm with large and small models, and what are
its fundamental concepts and system architecture?We focus on the paradigm, collaboration roles, and
system-level design.

� RQ2 What are the major paradigms and collaboration patterns in edge-cloud inference?We examine task
scheduling, mixture cooperation at task- and token-levels, and speculative decoding, and discuss how
collaboration reduces latency, adapts to uncertainty, and improves e�ciency.

� RQ3 Why and how should we study collaborative training between large and small models in edge-cloud
environments?We explore the necessity of training collaboration under heterogeneity and summarize
paradigms such as distillation, modular tuning, and parameter alignment.

� RQ4 Why is it important to review benchmarks, privacy-preserving methods, and vertical applications in this
context?We address fair evaluation standards, privacy challenges, and real-world deployment requirements.

As shown in Fig. 2, we structure the survey as follows:

� Section 1.3introduces the fundamentals of edge-cloud collaboration with LLMs and SLMs, covering system
architectures, device constraints, and trends in large-model development (addresses RQ1).
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Table 1.Comparison of this survey with related work.

Reference Scope Focus Area Distinguishing Features

Xu et al.[5] AIGC service lifecycle Mobile network infrastructure
design

Proposes end-cloud-edge archi-
tecture; omits model-level col-
laboration.

Xu et al.[63] LLM system deployment Inference optimization Emphasizes hardware/system
acceleration; ignores LLM-SLM
interaction logic.

Wanget al.[64, 65] Mobile-cloud task o�oading Scheduling and resource alloca-
tion

Models o�oading via RL; does
not address collaborative infer-
ence.

Xu et al.[66] Decentralized continual learn-
ing

Distributed adaptation Surveys lifelong learning; lacks
explicit LLM-SLM collaboration
framing.

Niu et al.[8] Collaborative training System, algorithm, application
layers

Focuses on collaborative train-
ing; limited discussion of infer-
ence modes.

Zhanget al.[6, 7]
Constrained networks (6G) Multi-agent / aerial-ground col-

laboration
Centers on communication con-
ditions and constrained infer-
ence.

Chenet al.[29] LLM-SLM collaboration mecha-
nisms

Pipelining, routing, distillation,
fusion

Summarizes mechanisms; lacks
uni�ed algorithmic design
space.

This Survey Heterogeneous LLM-SLM col-
laboration

Inference and training algo-
rithms

First to present uni�ed tax-
onomy covering task assign-
ment/division/mixture for infer-
ence and collaborative adapta-
tion for training.

� Section 2 examines task assignment and inference strategies, with emphasis on dynamic scheduling and
draft-re�ne frameworks (addresses RQ2).

� Section 3 surveys collaborative training architectures and deployment strategies, including quantization,
pruning, parameter-e�cient tuning, and bidirectional knowledge transfer (addresses RQ3).

� Section 4-Section 5summarize benchmarks, evaluation metrics, and deployments, and highlight open
challenges such as generalizability, privacy, sustainability, and multi-agent collaboration (addresses RQ4).

� Section 6 concludes with key insights and future research directions.

1.3 Related Concepts and Foundations
1.3.1 Definition and Characteristics of LLMs.LLMs typically refer to transformer-based architectures with billions
to trillions of parameters. These models are pretrained on massive corpora using strategies such as autoregressive
learning (e.g., GPT [3, 56]) or masked language modeling (e.g., Qwen [17], DeepSeek [67]). Architecturally, LLMs
stack tens to hundreds of transformer blocks comprising multi-head attention, feed-forward layers, residual
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Table 2.Comparison of major paradigms in edge-cloud collaborative inference.

Category
De�nition & Characteris-
tics

Advantages Limitations

Task assignment Ÿ 2.1 Routes requests to SLM or
LLM based on con�dence, re-
sources, or task type.

Simple and fast; minimal
communication overhead.

Hard switching may mis-
route uncertain inputs; lacks
joint reasoning.

Task division Ÿ 2.2 Splits tasks into modules
(e.g., early exit, routing) pro-
cessed by SLM and LLM.

Supports modular, adaptive
inference with �ne-grained
control.

Requires explicit segmen-
tation; incurs coordination
overhead.

Mixture: Task-level Ÿ 2.3 Combines assignment and
division across stages or
roles via communication.

Flexible decomposition;
leverages complementary
strengths.

Dependent on partitioning
quality and coordination ef-
�cacy.

Mixture: Token-level Ÿ 2.4 Collaborates at token gen-
eration (e.g., speculative de-
coding).

Low latency with accurate
output; e�cient cloud fall-
back.

Sensitive to draft quality;
complex fusion and valida-
tion.

connections, and normalization. As scale grows, LLMs exhibit emergent abilities such as symbolic reasoning,
instruction following, and multimodal understanding, which do not scale linearly with parameter count.

In edge-cloud collaboration, LLMs are typically cloud-hosted due to intensive computational and memory
demands. While o�ering strong generalization and zero-/few-shot transfer across tasks, they introduce substantial
communication overhead, as each inference often requires multiple round trips, increasing latency and bandwidth
load. Their training and �ne-tuning likewise incur high I/O costs and poor device adaptability, limiting use in
real-time or privacy-sensitive edge scenarios.

1.3.2 Definition and Characteristics of SLMs.SLMs, typically comprising millions to a few hundred million
parameters, are designed for resource-constrained environments while retaining core language modeling capabil-
ities. They simplify architecture through shallower transformer stacks, smaller hidden sizes, and fewer attention
heads, greatly reducing memory and power requirements and enabling deployment on mobile devices, embedded
platforms, and edge nodes.

SLMs emphasize responsiveness and local availability over broad reasoning. Though lacking LLMs' emergent
abilities, they perform well in context-speci�c tasks such as smart input, o�ine assistants, and embedded systems.
Through knowledge distillation, LoRA tuning, and instruction tuning, SLMs can approximate LLM outputs in
narrow domains while preserving low latency and data locality. In collaborative setups, they often serve as
�rst-response agents or draft generators, o�oading complex reasoning to cloud LLMs only when needed, thus
optimizing communication cost and e�ciency.

1.3.3 Complementarity of Hardware Architectures and Application Scenarios.The foundation for cloud-edge
LLM-SLM collaboration lies in hardware-driven capability partitioning: cloud servers leverage multi-GPU clusters
(e.g., NVIDIA H100) with high-bandwidth interconnects (NVLink/RoCE) to run trillion-parameter models (e.g.,
LLaMA-3 405B) for complex reasoning and global data processing [68], while resource-constrained edge devices,
including smartphones (6-16 GB RAM [69, 70]), XR headsets, and embedded boards (e.g., Jetson Orin), deploy
billion-parameter SLMs (e.g., TinyBERT [71]) for latency-critical tasks (<10 ms response) and privacy-sensitive
operations [69].
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This architectural complementarity enables hierarchical task allocation: SLMs conduct real-time perception
(keyword detection, speech-to-text), privacy-preserving preprocessing (e.g., medical anonymization), and intent
�ltering, while o�oading complex generation and reasoning to LLMs. Synergistic techniques such as knowledge
distillation (TinyBERT achieving 96% of BERT performance [71]) and parameter-e�cient tuning (LoRA improving
medical QA accuracy by 20% [72]) further narrow the capability gap. Federated learning ensures privacy when
SLMs transmit anonymized features to cloud LLMs for multimodal fusion, enabling e�ciency gains in applications
such as in-vehicle voice systems and healthcare diagnostics [73].

2 Overview of Collaborative Inference
Collaborative inference between edge-deployed SLMs and cloud-based LLMs seeks to optimize latency and
service e�ciency under bandwidth and responsiveness constraints [74]. As shown in Table 2, recent work has
explored four closely related paradigms that can be viewed from three perspectives. Our taxonomy focuses on
inference-time collaboration between heterogeneous models. While some mechanisms (e.g., mixture-of-experts)
span both training and inference, we restrict our scope to inference-centric settings. Accordingly, we summarize
and compare collaborative strategies that are designed for, or primarily evaluated under, inference workloads,
and categorize existing work as follows:

� Task assignment, which routes queries to the most suitable model (e.g., via agent-based or MoE strategies);
� Task division , which decomposes execution across models or system components (e.g., o�oading, request

routing, or early-exit mechanisms);
� Mixture strategies , which integrate assignment and division at task- or token-level granularity using

techniques such as speculative decoding and multi-stage validation.

2.1 Task Assignment: Dynamic Model Selection for Cost-�ality Trade-o�s
Task assignment determines whether a request is processed entirely by an edge-side SLM or a cloud-based LLM,
in contrast to collaborative decoding, which involves inter-model interaction during generation. To minimize
latency and energy consumption under quality-of-service (QoS) constraints, prior methods employ lightweight
scorers, calibrated reward estimators, or bandit-based controllers to select the execution path before generation.
Some approaches further incorporate user preference vectors or learned model-capability representations for
adaptive runtime routing. FS-GEN [75] introducescollaboration frequencyto quantify the trade-o� between
large and small models in generation tasks: by aligning input spaces and de�ning a uni�ed output-fusion
objective, FS-GEN measures how often the cloud LLM intervenes in frequency-dominated sequences. Broadly, task
assignment strategies fall into three architectural paradigms: resource- and uncertainty-aware assignment, agent-
based scheduling, and mixture-of-experts (MoE) frameworks (see Fig. 3), each re�ecting di�erent coordination
granularities and model-selection philosophies.

2.1.1 Resource- and Uncertainty-Aware Task Assignment.To leverage heterogeneous models while respecting
edge-cloud capacity constraints (see Table 3), recent work explores diverse task allocation mechanisms that handle
runtime uncertainty, system heterogeneity, and model capacity. FS-GEN [78] adopts a dual-system architecture
with fast but uncertain SLMs and reliable LLMs that are invoked when ambiguity arises. Fanget al.[84] propose
a feedback-driven framework that adjusts routing decisions dynamically based on runtime uncertainty, model
con�dence, and system state, avoiding static thresholds. EdgeLLM [77] uses a value-density-�rst algorithm to
rank tasks by cost-e�ectiveness, supporting preemption and batched execution via adaptive thresholds. Yanget
al. [79] introduce �ne-grained module-level partitioning, o�oading heavy components (e.g., attention, linear
layers) to the cloud while retaining lightweight operations at the edge. U-VPA [81] employs uncertainty-guided
sampling within a teacher-student framework, selectively uploading domain-informative samples. A hybrid
cost function [80] identi�es branch points for edge-cloud transitions, with fault-tolerant re-execution of failed
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Table 3. Resource- and uncertainty-aware task assignment strategies

Reference Key Idea Advantage Limitation

PerLLM [76]
Personalized scheduling with
constraint satisfaction

Jointly optimizes deployment
and resource usage

Complex constraint modeling

EdgeLLM [77]
Value-density-�rst scheduling
with preemption and batching

Cost-e�ective, real-time task
prioritization

Preemption can destabilize un-
der dynamic loads

FS-GEN [78]
Dual-system inference with
uncertainty-triggered fallback

Latency-e�cient by conditional
large-model invocation

Accuracy depends on uncer-
tainty precision

Yanget al.[79]
Operator-level scheduling
based on compute intensity

Fine-grained control of module
placement

Requires precise operator pro-
�ling

Stammleret al.[80]
Hybrid cost-aware branching
with fault-tolerant rollback

Reduces re-execution cost dur-
ing cloud failures

Overhead in maintaining state
consistency

U-VPA [81]
Uncertainty-guided sampling
in a teacher-student setup

Bandwidth-e�cient selection
of informative samples

Needs robust domain-shift de-
tection

Li et al.[61, 82]
INT8 model partitioning with
automatic tuning

E�cient, low-latency dynamic
deployment

Precision loss under aggressive
quantization

KDSL [83]
LLM-based rule generation
with feedback veri�cation

Closed-loop correction with
minimal cloud calls

Complexity in evaluating rule
quality

branches locally. Yeet al.[61] dynamically select intermediate INT8 representations for edge deployment via
automatic tuning. KDSL [83] leverages LLMs to generate logical rules via UCT-guided search; these rules are
veri�ed and deployed on the edge, enabling symbolic reasoning to re�ne cloud predictions. In summary, these
resource- and uncertainty-aware task assignment strategies collectively form a cohesive scheduling layer that
orchestrates large-small model cooperation across edge and cloud, ensuring reliable, adaptive, and e�cient
collaborative inference and training in heterogeneous environments.

2.1.2 Modular Collaboration via MoE and Agent Architectures.

MoE-based approaches.Mixture-of-Experts (MoE) architectures enable scalable, adaptive inference in edge-
cloud settings. A lightweight on-device SLM routes queries via a gating or routing network to activate a sparse
set of cloud LLM experts (see Fig. 3), whose responses are fused for soft assignment and diversity.MoE2 [85] and
EdgeMoE [86] guide expert routing using statistical priors or learned policies to reduce memory and I/O overhead.
LiteMoE [87] further reduces cost by identifying and merging critical experts without retraining. Extending
selection to structuring, DoT [88] uses a task decomposition module and dependency-graph scheduler to partition
complex queries into subtasks, enabling adaptive granularity and critical-path prioritization. Tianet al.[89]
propose role-aware MoE routing for multi-turn dialogue, assigning segments to specialized experts and fusing
outputs for contextually rich generation. CoEL [90] adds resource-adaptive coordination across edge devices,
supporting elastic deployment and e�cient scaling under varying budgets. SpecMoEO� [91] applies speculative
decoding to increase per-expert utilization and, through theoretical and empirical analysis, co-optimizes GPU
and CPU execution to better support o�oading scenarios.
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Fig. 3. Comparison of task assignment in edge-cloud systems: (a) agents decompose user instructions into multi-stage
plans executed by specialized agents; (b) MoE-based selection and fusion of top-: cloud LLM experts via fine-grained gating.

Agent-based methods.Agent-based approaches use modular execution pipelines in which a planning agent
interprets instructions, formulates structured plans, and delegates subtasks to specialized agents [92] (e.g., assis-
tants, tools, drivers) for context-aware, goal-driven coordination [93]. Belcaket al.[94] highlight the importance
of heterogeneous SLM-based agent systems, where multiple distinct models are invoked as specialized sub-agents
for general conversational intelligence. ARAG [95] integrates four agents (user understanding, NLI, context
summarization, and item ranking) into a RAG pipeline. AgentVerse [96] deploys an edge-based coordinator to
assemble cloud experts by task intent, supporting horizontal aggregation and vertical communication for complex
reasoning. Salveet al.[97] propose a specialized multi-agent framework with a central module orchestrating
context-aware query generation and multi-source retrieval. In physically grounded scenarios, WebAgent [40]
fuses LLMs with an embodied VirtualHome agent for goal-directed exploration and physical reasoning. ChatE-
val [39] introduces a debate-style framework where LLM-based judges collaboratively assess generation quality.
EcoAgent [98] implements a closed-loop system with a cloud planner and two edge agents, one for execution
and one for result veri�cation, that triggers replanning upon failure. Finally, the MADRL framework [99] enables
centralized cloud training and decentralized edge execution, reducing training overhead and inference latency in
multi-agent reinforcement learning [10]. In summary, MoE- and agent-based modular collaboration provides
a �exible orchestration layer that uni�es specialized edge SLMs and powerful cloud LLMs, o�ering scalable,
adaptive, and goal-driven support for large-small model co-training and co-inference in edge-cloud systems.

2.2 Task Division: Cooperative Subtask Decomposition Between Large and Small Models
Task division decomposes hierarchical or modular tasks into semantic or functional parts, enabling LLMs and SLMs
to jointly execute complementary subtasks and improve parallelism and responsiveness under edge constraints.
Unlike prior categorizations [100], we identify three paradigms of task division in edge-cloud collaborative
inference, routing, o�oading, and early exit, illustrated in Fig. 4 and summarized in Table 4. Routing decides
whichmodel or tier handles a request at or before the start of inference, favoring heterogeneous, multi-LLM settings
with diverse query complexity and cost sensitivity. O�oading determineswheredi�erent computation stages run
during inference, adapting the device-edge-cloud split to instantaneous network and workload conditions. Early
exit speci�eswhento stop computation within a model, trading depth for latency on a per-token or per-layer basis.
In practice, systems can compose these paradigms to achieve �ner control over accuracy-e�ciency trade-o�s.
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Fig. 4. Illustration of three execution-phase task-division strategies: (a) request routing, dispatching queries to optimal
LLM experts based on semantics and cost; (b) task o�loading, spli�ing computation graphs across edge and cloud for
cost-aware load balancing; and (c) early exit, multi-exit networks that terminate early for simple inputs to reduce latency
and energy.

2.2.1 Routing and Forwarding Mechanisms.Routing-based methods dynamically select models at inference time
to balance latency, cost, and accuracy.

Trust- and Semantic-Aware Routing.These approaches use runtime con�dence estimation and semantic planning
for adaptive model selection. FrugalGPT [101] reduces API costs via prompt compression and cascaded routing.
Tabi [102] employs calibrated con�dence scores to choose between lightweight models and powerful LLMs.
Dekonincket al.[103] integrate pre- and post-inference quality estimation under a uni�ed framework, improving
routing accuracy and fallback success. Kaget al.[104, 105] introduce backup-block preloading for robust failover
across heterogeneous devices. RouteLLM [106] organizes models hierarchically and applies dynamic programming
to minimize tiered performance disparity, largely relying on calibrated trust signals and semantic structure.

Reward- and Cost-Aware Bandit Routing.These methods use online learning to optimize routing based on reward
signals and cost-performance trade-o�s. HybridLLM [107] de�nes a quality gap and uses a lightweight encoder to
predict routing probabilities. ZOOTER [108] leverages query-level rewards for expert selection. RouterDC [109]
uses dual contrastive loss to align queries with high-performing models. LLM Bandit [110] introduces �model
identity vectors� for preference-conditioned routing, while MixLLM [111] and CITER [112] employ contextual
bandits to estimate cost and quality. RouteT2I [113] selects between edge and cloud models for text-to-image
tasks using multi-dimensional quality metrics. Compared with trust- and semantic-aware routing, which exploits
con�dence estimates and semantic cues, bandit-based methods cast routing as an exploration-exploitation problem
over cost and reward, o�ering a complementary optimization view of these trade-o�s.
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Table 4.Comparison of collaborative inference paradigms: routing, o�loading, early exit, and communication
optimization.

Paradigm Core Innovation Typical Scenario Limitations

Routing and Forwarding Ÿ 2.2.1 Combines con�dence,
semantic planning, and
contextual bandits for
query routing.

Budget- or latency-
constrained query
routing.

Depends on accurate
con�dence estimates;
fallback may add over-
head or misroute.

Computation O�loading Ÿ 2.2.2 Supports dynamic
scheduling and token-
/layer-wise partitioning
of models.

Latency-sensitive tasks
under �uctuating re-
source availability.

Performance degrades
in highly dynamic or
non-stationary environ-
ments.

Early Exit Ÿ 2.2.3 Enables token- or layer-
level early termination
via dropout and pipeline
reuse.

Low-latency generation
or streaming applica-
tions.

Accuracy can drop at
exit points; modeling
token-dependent dy-
namics is challenging.

Communication Optimization Ÿ 2.2.4 Uses entropy compres-
sion, bandit routing, and
adaptive switching to re-
duce transfer.

Resource-constrained
settings with frequent
edge-cloud interactions.

Balancing compression
and semantic �delity re-
mains di�cult; sensitive
to distribution shifts.

2.2.2 Computation O�loading and System-Level Optimization.O�oading distributes inference across devices
and the cloud according to runtime conditions. Unlike routing, which �xes model choice at the start, o�oading
makes dynamic, stage-wise decisions during execution, evaluating workload, latency, and resource availability to
maximize e�ciency. We categorize o�oading into two complementary types.

Structural Model Partitioning.This strategy decomposes inference by structurally partitioning models across
device and edge/cloud at selected layers or token stages according to computational cost and depth [114].
ADAS [11] leverages Internet-of-Things (IoT) networks and proposes an enhanced task o�oading algorithm
based on DDPG, where a di�usion model generates noise to determine the optimal execution location for each task
(i.e., cloud, edge, or local). Liuet al.[115] assign lower layers to local devices and o�oad higher-level reasoning
to edge servers. CE-CoLLM [116] uses token-level con�dence to decide which tokens to process locally. Liet
al. [82] automatically select INT8-quantized intermediate layers as partition points.

Runtime-Adaptive Scheduling.This group of methods dynamically schedules o�oading decisions by adapting to
real-time metrics such as latency, con�dence, and resource availability, and distributes tasks across local devices,
control units, and auxiliary vehicles. Haoet al.[117, 118] use device metrics and con�dence scores for �ne-grained
control. Heet al.[119] introduce a reward-free policy based on latent states. Enhanced Hybrid Inference [120]
incorporates user-aware utility models under bandwidth constraints. AVA [121] combines federated and multi-
agent reinforcement learning for multi-tier distribution. While these approaches excel at adaptive, condition-aware
scheduling, they often struggle to generalize in highly dynamic or heterogeneous environments.

2.2.3 Early Exit.Early exit is a hybrid inference paradigm in which execution can terminate at intermediate layers
based on system load or model con�dence, reducing computation through dynamic exit decisions. LITE [122]
introduces a con�dence-guided early-exit strategy that halts inference without sacri�cing generation quality.
LayersKip [123] applies progressively increasing layer dropout and an early-exit loss across Transformer layers to
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Fig. 5. Mixture strategies for edge-cloud model collaboration: (a) task-level, edge servers decide to respond locally,
query the cloud, or forward to LLMs based on context and history; (b) token-level, edge SLMs generate easy tokens locally
and o�load harder ones to cloud LLMs via hidden-state sharing for fine-grained inference.

support reliable early termination. EE-LLM [37], designed for 3D-parallelized LLMs, integrates token-level exits
via key-value recomputation and pipeline parallelism [124], making it compatible with both large-scale training
and inference. EESD [125] uses the initial# layers of a base model and appends a single-layer Transformer
to e�ciently generate high-quality draft tokens. FREE [126] introduces temporally coherent parallelism by
synchronizing shallow processing units with precomputed residuals, accelerating token generation with minimal
depth. Collectively, these methods reduce latency and cost but still struggle to maintain consistent accuracy
across exit points and coordinate exits under token-dependent dynamics.

2.2.4 Communication Optimization.E�cient communication is critical for collaborative inference in edge-cloud
systems, enabling �ne-grained reasoning through joint task division and communication-aware scheduling. Hu
et al.[127] propose a hybrid architecture that dynamically delegates inference between lightweight edge models
and powerful cloud LLMs, achieving 91% diagnostic accuracy with a 28.6% reduction in energy consumption.
LLMCascades [128] uses a multi-stage framework in which edge predictions are either accepted or escalated to
cloud models via voting and veri�cation, enhancing trustworthiness with minimal redundancy. EdgeShard [129]
reduces unnecessary cloud queries by forwarding only inference-critical token features, while entropy-based
compression [130] further minimizes transmission cost without accuracy loss. For throughput optimization,
PipeEdge [131] partitions LLMs across devices using pipeline parallelism and automated scheduling, reducing
latency while preserving model capacity. PerLLM [76] frames coordination as a constrained multi-armed bandit
problem, employing an upper-con�dence-bound algorithm to adaptively select the most cost-e�ective execution
path. Blending [132] enables turn-wise model switching in multi-turn interactions, leveraging model heterogeneity
to improve response quality while maintaining cost e�ciency. Despite these advances, minimizing overhead in
dynamic environments and preserving semantic coherence across partitioned reasoning remain open challenges.

2.3 Mixture: Task-Level Orchestration and Delegation in LLM-SLM Collaborative Inference
Themixture paradigmhybridizes task assignment and execution division, allowing SLMs and LLMs to coopera-
tively handle a request through staged responsibility sharing. As shown in Fig. 5, we distinguish two granularities:
(1) task-level mixtureand(2) token-level mixture, where generation is shared step-by-step across models [133� 135].
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Fig. 6. Hybrid SLM-LLM collaboration in RAG: the SLM encodes queries and retrieves documents via approximate
nearest-neighbor search, and the LLM generates responses using the query and retrieved context.

2.3.1 Task-Level Decomposition, Scheduling, and Orchestration.Task-level mixture uses semantic cues to identify
subtask boundaries and assign them to edge or cloud models based on computational requirements, yielding
interpretable, modular work�ows. For example, MinionS [136] pipelines edge-side decomposition with cloud
aggregation, while HybridSD [137] o�oads high-level structural reasoning to the cloud and re�nes perceptual
details on-device. IntellectReq [138] generates abstract intents in the cloud for lightweight edge execution.
BAIM [139] integrates multiple edge-model outputs via a gating network for multimodal collaboration, and
OT-GAH [28] uses online tree pruning and assignment heuristics to maximize batch throughput. To streamline
chain-of-thought reasoning, HAWKEYE [140] applies length-penalized reinforcement learning in the LLM and
o�oads detailed expansions to the SLM.

2.3.2 Historical-Enhancement Collaborative Inference.Users' queries to cloud APIs often mirror those sent to
local models, motivating methods that leverage historical user-cloud interactions to improve on-device inference.
Existing approaches include retrieval-augmented generation, cache-based scheduling, and collaborative learning.
For instance, SlimPLM [141] uses heuristic con�dence scores to trigger multi-stage retrieval only when the local
response is unreliable. VELO [142] caches prior request embeddings on edge servers and schedules execution
paths based on vector similarity. Dinget al.[143] store interaction histories for nearest-neighbor retrieval, using
subset selection to limit storage overhead. Hybrid-RACA [144] combines a cloud retriever with a lightweight
edge predictor by transmitting compressed memory units for enhanced local inference without continuous cloud
access. Xuet al.[145� 147] introduce an iterative Direct Preference Optimization (DPO) mechanism, where a
large model continually guides updates to a small on-device model.

2.3.3 Retrieval-Augmented Generation with Self-Assessment and Feedback.As shown in Fig. 6, these methods
leverage external knowledge and re�ective reasoning to enhance generation in complex tasks. Qinet al.[148, 149]
analyze trade-o�s among �ne-tuning, RAG, data scale, model size, and task di�culty, demonstrating that RAG
can outperform �ne-tuning under resource constraints and that compressed LLMs bene�t more from limited
personalized data. Self-Knowledge Retrieval [150] prioritizes internal knowledge, invoking external retrieval
only when needed via prompt learning or con�dence heuristics. Self-RAG [151] introduces re�ection tokens,
special control signals that let the model explicitly assess retrieved passages. CRAG [152] employs a lightweight
assessor to evaluate retrieval quality and trigger secondary retrieval or web expansion as necessary. Jianget
al. [153] extend introspective signals by allowing the model to either incorporate or recalibrate retrieved content.
RA-ISF [154] decomposes failed queries into subquestions via a three-stage framework (self-assessment, retrieval,
and query decomposition) and integrates subanswers into the �nal response. SlimRAG [155] builds a lightweight
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entity-to-fragment index on the cloud for salient entity detection, reducing graph complexity and communication.
SpeculativeRAG [156] clusters documents for parallel draft generation.

In practice, Glocker [157] applies timestamp-enhanced RAG in autonomous home object management, enabling
robots to track past actions while executing high-level instructions. Zhuet al.[158] introduce sparse context
selection, parallelizing document encoding and decoding only the most relevant cached content via control
tokens. SparseRAG [159] integrates document evaluation and response generation to minimize context loading,
accelerating inference and improving output quality for both short- and long-form tasks. In summary, RAG
methods driven by self assessment and feedback estabsslish a lightweight yet robust mechanism for integrating
external knowledge and re�ective reasoning, thereby strengthening collaborative inference between large and
small models across edge and cloud environments. More recently, multimodal RAG has garnered signi�cant
interest, and we refer readers to a comprehensive survey [160].

2.4 Mixture: Token-Level Speculation and Verification in Edge-Cloud LLM-SLM Collaboration
Most LLMs generate tokens autoregressively, producing each token sequentially for the next prediction. While this
yields high-quality output, it incurs substantial latency, which limits real-time deployment on resource-constrained
devices. To address this, recent work [161] proposes a 'lightweight drafting + precise veri�cation' paradigm:
the edge-deployed SLM rapidly generates high-con�dence drafts, and the cloud-based LLM veri�es semantic
consistency, corrects uncertain tokens, and enriches content with additional detail [162]. As shown in Fig. 7,
we survey speculative decoding architectures and techniques in edge-cloud collaboration, covering draft-re�ne
frameworks, draft-completion strategies, skeleton-completion mechanisms, and token-level veri�cation [30].

2.4.1 Edge Dra� and Cloud Validation.This line of work divides into two categories:(1) vanilla speculative
decoding frameworks with algorithmic enhancements and(2)system-level designs that improve parallelism and
reduce latency under diverse deployment constraints.

Vanilla Speculative Decoding and Algorithmic Enhancements.Early works such as [163� 165] introduced the
basic speculative decoding paradigm. A fallback mechanism [166] lets the lightweight model defer uncertain
tokens to the larger model, while a rollback strategy corrects inaccuracies. Building on this, RSD [167] and
SpecExec [168] incorporate controlled bias to prioritize high-reward outputs. AutoMix [169] integrates symbolic
reasoning with reinforcement learning to mitigate hallucinations [170] and reasoning errors, using kernel density
estimation to close the feedback loop between on-device veri�cation and cloud routing. Fuet al.[171] improve
e�ciency by alternating the draft and target models as proposer and veri�er via a learned veri�cation distribution.

Parallel and Low-Latency Speculative Inference Frameworks.Interactive applications (e.g., question answering,
voice assistants, real-time translation) demand low Time-To-First-Token (TTFT) and Token-By-Token Time
(TBT). DiSCo [172] estimates the acceptance probability of each speculative token using the drafting model's
logits. To avoid mutual stalling, where the draft model waits for validation, SpecDec [173, 174] performs parallel
token veri�cation with soft discrimination. PEARL [175] uses adaptive draft lengths and early veri�cation to
accelerate decoding, and SEED [176] manages drafts with a round-robin �rst-come-�rst-served queue. Q-S [177]
develops a throughput model that explicitly incorporates communication latency, enabling dynamic adjustment
of draft length and quantization precision to optimize end-to-end token throughput. DSSD [178] replaces multiple
uplink transmissions of full vocabulary distributions with a single downlink transmission, substantially reducing
communication latency while preserving citation quality.

Multi-Layer and Lightweight Veri�cation Pipelines.To reduce cloud load, [179� 182] propose multi-layer pipelines
in which a lightweight veri�er �lters token blocks before �nal cloud validation [183]. Falcon [184] boosts intra-
block token dependency via coupled sequential scanning, improving speculative accuracy while maintaining a
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