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Abstract

LLM-powered agents increasingly operate over
local workspaces involving files, tools, com-
mands, APIs, and application states. How-
ever, cloud-only and edge-only execution strug-
gle to balance task utility, resource usage,
and privacy. Edge-cloud collaboration of-
fers a promising alternative by selectively us-
ing cloud-side capability, but its trade-offs
remain poorly understood in realistic agent
execution. Existing evaluations mostly fo-
cus on static, non-agentic tasks and overlook
how cloud calls in multi-step agents expose
evolving local context. We introduce ACE-
BENCH (Agentic Cloud-Edge Collaboration
Benchmark), a multi-dimensional benchmark
and evaluation framework for studying edge-
cloud collaboration in workspace-grounded
LLM agents. ACE-BENCH contains 128 ex-
ecutable real-world digital tasks, including
100 tasks with fine-grained privacy annota-
tions for auditing sensitive-context exposure.
Using ACE-BENCH, we evaluate represen-
tative single-side and edge-cloud collabora-
tion strategies. Our results show that edge-
cloud collaboration achieves a better utility—
cost—privacy balance than purely edge-side or
cloud-side execution, but the resulting trade-
off depends strongly on how collaboration is
organized, especially when cloud models are
invoked and what execution context is trans-
mitted. All codes and datasets are available at
https://github.com/OpenBMB/AceBench.

1 Introduction

LLM-powered agents are becoming a major
paradigm for applying foundation models to real-
world digital tasks (Pan et al., 2024). Recent
systems such as Claude Code (Anthropic, 2025)
and OpenClaw (OpenClaw, 2025) move agent ex-
ecution beyond isolated tool invocation toward
workspace-based interaction, where agents pursue
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Figure 1: Comparison of edge-only, cloud-only, and
edge-cloud execution. Edge-only reduces resource us-
age and privacy leakage, but is constrained by local
model capability. Cloud-only offers stronger capability,
yet incurs higher resource usage and privacy exposure.
Edge-cloud execution selectively coordinates edge and
cloud models for a more favorable trade-off among ca-
pability, resource usage, and privacy preservation.

user goals by iteratively operating over tools, files,
commands, APIs, and application states (Schick
et al., 2023; Yao et al., 2022). This interaction
enables complex workflows such as software de-
velopment, data analysis, and information seek-
ing (Shen et al., 2023; Peng et al., 2025; Wang
et al., 2024), but also requires strong model ca-
pabilities in long-horizon planning, state tracking,
and error recovery (Liu et al., 2024).
Consequently, high-performing agent systems
still rely heavily on cloud-hosted frontier models
such as OpenAl GPT (Achiam et al., 2023) and An-
thropic Claude (Anthropic, 2024). However, cloud-
centric agent execution introduces a distinct privacy
concern: as agents interact with local workspaces,
evolving contextual information, including files,
tool outputs, and application states, may be repeat-
edly transmitted to cloud models. Such context
can contain sensitive personal or organizational
information, making cloud invocation a potential
channel for privacy leakage (Saad-Falcon et al.,
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2026). Executing agents on edge devices can alle-
viate this risk by retaining both inference and local
context on the user side (Kan et al., 2023; Tian et al.,
2025). Nevertheless, the limited computational
and memory resources of edge devices typically re-
strict deployment to smaller-scale LLMs, causing
edge-only agents to underperform on capability-
intensive tasks (Xu et al., 2024). As illustrated
in Figure 1, this results in an inherent trade-off
between cloud-side capability and edge-side pri-
vacy preservation. Edge-cloud collaborative frame-
works provide a promising compromise (Jin and
Wu, 2025). However, their effectiveness critically
depends on the collaboration strategy, particularly
how and at what granularity edge and cloud models
coordinate during execution.

Existing studies have explored different edge-
cloud collaboration methods, including pre-
execution coordination strategies such as pipeline-
style collaboration and task-level routing (Zhang
etal., 2024; Ong et al., 2024), as well as runtime co-
ordination mechanisms such as step-level routing
and on-demand cloud assistance (Chen et al., 2023;
Kim et al., 2025). However, prior work has primar-
ily evaluated edge-cloud collaboration on static,
non-agentic tasks, such as mathematical reasoning,
question answering, and dialogue (Li et al., 2026;
Lu et al., 2025; Huang et al., 2025; Hu et al., 2024),
with a primary focus on response quality and com-
putational cost. This setting, however, misses the
dynamic nature of agent execution, where cloud
calls occur along multi-step trajectories and may
expose accumulated local context.

To address this gap, we introduce ACE-BENCH
(Agentic Cloud-Edge Collaboration Benchmark), a
multi-dimensional benchmark for evaluating edge-
cloud collaboration in harness-based, workspace-
grounded agent execution. ACE-BENCH focuses
on two key questions: (1) how edge-cloud collabo-
ration performs when agents interact with tools,
files, and evolving environment states; and (2)
how different collaboration strategies trade off
task utility, resource use, and privacy exposure.
ACE-BENCH contains 128 executable workspace-
grounded agent tasks with task-specific verifiers,
including 100 with fine-grained privacy annotations
for personally sensitive information and organiza-
tionally confidential data.

Using ACE-BENCH, we evaluate single-side
and representative edge-cloud collaboration strate-
gies. Our results show that edge-cloud collabo-
ration can achieve a more favorable utility—cost—

privacy balance than purely edge-side or cloud-
side execution. However, this balance depends
strongly on how collaboration is organized: differ-
ent mechanisms incur different resource usage and
privacy exposure depending on when the cloud is
invoked and what execution context is transmitted.
Further analysis shows that edge-model capabil-
ity reshapes the collaboration trade-off. Stronger
edge models reduce the need for cloud involve-
ment, allowing collaboration strategies to lower
cloud cost and privacy exposure while maintaining
utility. The preferred cloud-use pattern also shifts
from step-level fallback for weaker edge models to-
ward task routing, planning, and recovery guidance
for stronger edge models. Nevertheless, even selec-
tive cloud use can still expose sensitive local con-
text. These findings suggest that future edge-cloud
agent systems should jointly optimize model-use
and context-sharing decisions, rather than treating
cloud invocation as a simple quality—cost trade-off.

2 Related Work

A growing body of research investigates edge-
cloud collaboration for LLLM inference, aiming to
leverage the heterogeneity of model capabilities,
task complexities, and resource availability to re-
duce computational costs while maintaining output
quality (Zhu and Yang, 2025; Dong et al., 2025).
Existing approaches can be categorized based on
when cloud involvement is determined (Chen et al.,
2025). One line of work emphasizes pre-execution
coordination, where the collaboration strategy is
established prior to execution. Representative ex-
amples include pipeline-style collaboration, which
assigns fixed roles to edge and cloud models during
generation (Zhang et al., 2024; Lv et al., 2025),
and task-level routing, which employs an addi-
tional routing module to determine whether an in-
put should be processed locally or offloaded to the
cloud (Ong et al., 2024; Ding et al., 2024).
Another line of research focuses on runtime co-
ordination, where cloud involvement is dynami-
cally adjusted during inference based on runtime
signals. This category includes several approaches:
cascading methods, which first perform inference
on an edge-side model and defer to a cloud-side
model when the edge result is uncertain or insuf-
ficient (Chen et al., 2023; Zeng et al., 2026b);
step-level routing, which makes model-selection
decisions at intermediate reasoning steps; token-
level speculative decoding, where the edge-side



model drafts tokens and the cloud-side model
verifies them (Zhang et al., 2026; Bhattacharjee
et al., 2025); and assistive collaboration, where one
model requests on-demand support from the other
for planning, hints, verification, or recovery during
execution (Kim et al., 2025; Anthropic, 2026).
Despite these diverse mechanisms, systematic
benchmarks for LLM collaboration have mostly
studied model selection over standalone infer-
ence tasks. RouterBench (Hu et al., 2024),
RouterEval (Huang et al., 2025), RouterArena (Lu
et al., 2025), and LLMRouterBench (Li et al.,
2026) provide standardized protocols for compar-
ing routers under quality-oriented or quality-cost
objectives, covering broad model pools, query cate-
gories, and routing metrics. These benchmarks are
useful for studying how to select among available
models for a given input. In parallel, recent harness-
based agent benchmarks focus on multi-step tasks
in interactive workspaces, where agents interact
with tools, files, services, and evolving environ-
ment states across a trajectory (Ding et al., 2026;
Ye et al., 2026). Such trajectory-level execution
also makes privacy exposure more salient, since
intermediate cloud calls may operate over local
context accumulated during workspace interaction.
Our work brings edge-cloud collaboration into this
agent setting, evaluating how representative collab-
oration strategies affect task completion, resource
usage, and trajectory-level privacy exposure.

3 ACE-BENCH: A Multi-Dimensional
Benchmark for Agentic Edge-Cloud
Collaboration

In this section, we present ACE-BENCH, a multi-
dimensional benchmark for evaluating edge-cloud
collaboration in executable-workspace agent tasks.
We first formalize edge-cloud collaboration in
the context of LLM-agent execution (§3.1). We
then describe how ACE-BENCH executes a candi-
date collaboration strategy and converts the result-
ing trace into multi-dimensional evaluation results
(§3.2). Finally, we describe the construction of
the executable task suite and the sensitivity-unit
annotations that support privacy evaluation (§3.3).

3.1 Preliminary: Edge-Cloud Agent
Collaboration

We first formalize the agent execution framework
considered in this work and then describe how edge-
cloud collaboration extends this framework through

coordinated interactions between edge-side and
cloud-side models. We consider an agent that com-
pletes a user-specified digital task via iterative in-
teractions with an environment. The environment
consists of the local workspace, available tools,
application states, external information interfaces,
and feedback generated by executed actions.

Agent Execution Framework. Formally, task
execution proceeds as a sequence of discrete in-
teraction steps. At step ¢, the agent conditions on
the task instruction I, together with the previous
interaction history:

ht:(y17a1,017~~7yt—17at—170t—1), (D

where y;, a;, and o; denote the agent output, exe-
cuted action, and environment observation at step
1, respectively. Based on h;, the agent produces a
new output y; and an action a;. The environment
then executes a; and returns the subsequent obser-
vation o;. This interaction loop continues until task
completion, yielding the execution trajectory:

7= {(ye,ar, 00}t 2

Edge-Cloud Collaboration. Building upon the
standard execution loop above, edge-cloud collabo-
ration replaces the single-model step output with a
collaboration-aware output generated through coor-
dinated edge-cloud execution. We use z; to denote
the step-level output produced under a collabora-
tion strategy C and exposed to subsequent agent
steps. The corresponding collaboration-aware in-
teraction history is defined as:

C
ht :(zl,al,ol,...,zt_l,at_l,ot_l). (3)

At step t, the collaboration strategy C coordi-
nates the edge-side model M, and the cloud-side
model M, to generate the current step output and
the environment action:

(ZivvtcaTOkfaat) :C(htC;MEaMC)v (4)

where V; denotes the context transmitted to the
cloud model at step ¢, Tok; denotes the associ-
ated cloud-side token usage, and a; denotes the
environment action when applicable. If the cloud
model is not invoked at step ¢, then Vi = () and
Tok{ = (). Repeated execution under C produces
an instrumented execution trace:

€ = ((21, V5, Tok§, ar, 00)) .- ©

This formulation captures how edge-cloud collab-
oration unfolds throughout execution. Different
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Figure 2: Overview of ACE-BENCH. Each task instance includes a user instruction, workspace resources, and
available tools and skills. Given an edge-cloud collaboration strategy, the harness records the agent execution trace
and evaluates task completion, resource usage, and privacy exposure.

strategies instantiate C differently: task-level strate-
gies may assign the whole trajectory to a single
executor, while runtime strategies may keep some
steps local and invoke the cloud only for selected
steps. For example, in the cascading method, easy
steps are handled by M, with Vf = (), whereas
uncertain steps transmit context to M, for cloud-
assisted generation. Thus, £ may contain a mix-
ture of edge-generated outputs, cloud-generated
outputs, and jointly generated edge-cloud outputs,
while explicitly recording the information exposed
to the cloud at each step.

3.2 Benchmarking Edge-Cloud Agent
Collaboration

Figure 2 illustrates the overall benchmarking work-
flow of ACE-BENCH. Given a standardized task
instance and a candidate collaboration strategy C,
ACE-BENCH executes the agent under C within
the harness and records an execution trace &c.
The trace captures both agent-environment interac-

tions and cloud-side observations, including cloud-
visible contexts and token-usage statistics. Based
on é¢, ACE-BENCH produces a multi-dimensional
evaluation profile consisting of task utility S, re-
source usage U, and privacy performance P.

Task Utility. Task utility evaluates how effec-
tively the agent completes the target task. Each
task is associated with a success specification that
defines the expected outcome, such as required
file modifications, tool outputs, application-state
transitions, or semantic constraints. ACE-BENCH
applies the corresponding success checker to the
completed execution trace and computes a comple-
tion score S(&¢) € [0, 1]. Depending on the task,
the checker may combine rule-based validation,
environment-state auditing, and rubric-based LLM-
as-a-judge evaluation. In addition to the completion
score, we report Pass”, defined as the proportion
of tasks that satisfy a predefined success threshold
across all n repeated trials.

Resource Usage. Resource usage characterizes



the computational cost incurred during execution.
Unlike task utility, resource usage is reported as a
structured profile rather than a single scalar metric.
Specifically, U (&c¢) includes aggregated cloud to-
ken consumption, estimated cloud monetary cost,
and edge-side FLOPs.

For each cloud invocation, the execution
trace records a token-usage tuple Tok; =
(Tt s TY, pes Tt )» corresponding to raw input to-
kens, cache-read input tokens, and output tokens,
respectively. These statistics are aggregated over
all cloud calls and reported separately. For ease
of comparison, we additionally estimate the corre-
sponding monetary cost according to provider pric-
ing. We do not aggregate cloud and edge computa-
tion into a unified resource score, since they exhibit
fundamentally different cost semantics. Instead,
we focus comparison on cloud token usage and
estimated provider cost, as cloud invocation con-
stitutes the explicit marginal cost that edge-cloud
collaboration seeks to reduce. Edge-side FLOPs
are reported separately to reflect the local compu-
tational burden, whose realized cost depends on
deployment hardware and runtime conditions.

Privacy Performance. Privacy performance
measures the extent to which a collaboration strat-
egy prevents sensitive local information from being
exposed to the cloud model during execution.

From the execution trace &:, we collect the
cloud-visible contexts along the trajectory as Vi =
{V¢YL .. For tasks equipped with sensitivity-unit
annotations, let {/ denote the annotated unit set and
w(u) denote the normalized risk weight associated
with unit u; the construction of these annotations
and weights is described in §3.3. We define pri-
vacy performance as the following risk-weighted
non-leakage score:

P(ée) =1 =Y () - ieak (u, VF), (©)

ueU

where [,k indicates whether sensitivity unit w ap-
pears in any cloud-visible context during execution.
Higher values of P({¢) indicate stronger privacy
preservation. If no cloud model is invoked, then
Vi = () for all ¢, yielding a privacy score of 1.

3.3 Task Construction and Privacy
Annotation

This subsection describes how we construct the
benchmark assets: standardized executable task
instances and sensitivity annotations for privacy

evaluation. The goal is to obtain realistic agen-
tic tasks that support reliable utility, resource, and
privacy measurements.

Task Collection and Standardization. We
construct the task suite from two complementary
sources. First, we curate tasks from Claw-style
executable-workspace agent benchmarks. To en-
sure broad coverage of agentic operations, we per-
form coverage-guided task selection based on the
real-world agentic operation taxonomy proposed
by Z.AI (2025). The resulting benchmark covers
a diverse range of scenarios, including Informa-
tion Retrieval, Content Generation, Data Analy-
sis, Office Productivity, Development, and Work-
flow Automation. Second, we manually design
a small set of additional tasks to better capture
privacy-sensitive edge-cloud scenarios. Follow-
ing the protocol of Ding et al. (2026), we further
transform all candidate tasks into standardized ex-
ecutable instances by normalizing task specifica-
tions, workspace structures, tool interfaces, and
verifier formats. Detailed task selection proce-
dures, manual task design details, source statis-
tics, and category distributions are provided in Ap-
pendix A.2, while task adaptation protocols are
described in Appendix A.3.

Privacy Annotation. Existing executable-
workspace agent benchmarks primarily focus on
task completion and lack explicit annotations re-
garding which local information should be audited
once exposed to cloud-based models from a pri-
vacy perspective. To address this gap, we aug-
ment the task suite with sensitive local context and
annotate it as sensitivity units. Following prior
work (Shao et al., 2024), we define a sensitivity
unit as an atomic piece of private or confidential
information whose exposure to a cloud-side model
constitutes a privacy leakage event.

We construct sensitivity-unit annotations in two
ways: preserving and annotating existing local or
private information, or injecting synthetic sensitive
content into natural task locations when the origi-
nal task lacks explicit sensitive information, while
preserving the task objective, execution workflow,
and success criteria used for utility evaluation. All
injected content is synthetically generated and does
not reuse real private data. Each sensitivity unit
records four fields: value, source location, privacy
category, and risk weight. We classify units into
two broad domains, Personal Sensitive Informa-
tion and Organizational Confidential Information,
with 12 fine-grained subcategories in total. The risk



weight distinguishes leakage events with different
potential harms, so that exposing a highly sensitive
unit incurs a larger privacy penalty than exposing a
low-risk unit. To ensure annotation quality, we ap-
ply LLM-based consistency checks and use manual
human review to resolve ambiguous or inconsistent
annotations. Detailed annotation procedures, cat-
egory definitions, statistics, and weighting details
are provided in Appendix A.4.

4 Experimental Setup

This section describes the experimental setup for
evaluating different strategies on ACE-BENCH.
We first introduce the evaluated single-side and
edge-cloud collaboration strategies (§4.1), and then
present the experimental settings (§4.2).

4.1 Edge-Cloud Collaboration Strategies

We evaluate six representative execution strategies,
including two single-side baselines and four edge-
cloud coordination patterns: pipeline-style collab-
oration, task-level routing, step-level routing, and
assistive collaboration. For each coordination pat-
tern, we implement one concrete strategy and sum-
marize it below, with full implementation details
provided in Appendix A.5.

Edge-only. All agent steps are handled by the
edge-side model M. Thus, no cloud model is in-
voked and Vf = () for all steps, avoiding cloud-side
resource usage and privacy exposure, but perfor-
mance may be limited by the capability of the local
model.

Cloud-only. All agent steps are handled by the
cloud-side model M,. This strategy provides an
upper reference point for model capability, but in-
curs the highest cloud-side resource usage and may
expose sensitive execution context to the cloud.

Edge-Cloud Collaboration. We evaluate four
representative edge-cloud collaboration strategies,
each corresponding to a different way of coordinat-
ing M, and M, during agent execution.

Sketch-Guided Edge Execution. We instanti-
ate pipeline-style collaboration as a sketch-guided
strategy following (Zhang et al., 2024). The cloud-
side model M. first generates high-level execution
guidance from the initial task context, and the edge-
side model M, then performs all subsequent steps
conditioned on this guidance. This strategy uses
the cloud only for upfront task structuring while
keeping the main execution on the edge.

Task-Level Routing. This strategy makes a one-

time routing decision from the user instruction and
assigns the entire trajectory to either M, or M.. We
instantiate the router with the matrix-factorization-
based routing model from RouteLL.M (Ong et al.,
2024), which estimates the relative preference be-
tween the edge-side and cloud-side models for each
task and selects the model with the higher predicted
score for execution.

Step-level Routing. Step-level routing follows
an edge-first escalation pattern: M, first attempts
each step, and the step is escalated to M, when
the edge model is judged uncertain. We instanti-
ate the escalation rule with the entropy of the edge
model’s next reasoning-token distribution, follow-
ing GlimpRouter (Zeng et al., 2026b). Thus, Vy is
exposed only for escalated steps.

Adaptive Cloud Assistance. We instantiate assis-
tive collaboration as an edge-primary strategy in-
spired by prior assistance-based settings (Kim et al.,
2025; Anthropic, 2026). At each step, M, serves as
the primary executor and decides whether to invoke
M. for high-level assistance. When assistance is
requested, M, sends an assistance request based
on the current execution state; M, returns a plan or
hint; and M, continues the step conditioned on this
assistance. The resulting collaboration-aware out-
put z; records this assisted interaction, including
the cloud-assistance request, the cloud-provided
plan or hint, and the subsequent edge-side continu-
ation. In this strategy, V5 is exposed only at steps
where cloud assistance is requested.

4.2 Experimental Settings

We implement all strategies in the OpenClaw har-
ness! under a fixed configuration across methods.
For the single-side baselines, Edge-only is evalu-
ated with Qwen3.5-9B and Qwen3.5-27B (Qwen
Team, 2026), while Cloud-only is evaluated with
GPT-5.4 (OpenAl, 2026), DeepSeek-v4-Flash,
DeepSeek-v4-Pro (DeepSeek-Al, 2026), and GLM-
5.1 (Zeng et al., 2026a). For edge-cloud collabo-
ration, we use Qwen3.5-9B and Qwen3.5-27B as
edge-side models and GPT-5.4 as the cloud-side
model. For utility and privacy evaluation, we use
GPT-5.4-mini as the LLM-as-a-judge model, with
reasoning mode enabled following (Zharmagambe-
tov et al., 2026). Privacy performance is computed
only on the 100 privacy-annotated tasks. Each
strategy is evaluated over three runs, with results
averaged across runs unless otherwise specified.

"https://openclaw.ai/
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Utility

Resource Usage

Method Privacy
Completion  Pass®  Cloud Tok. (R/C/O) Cloud Cost Edge FLOPs
Edge-only
Qwen3.5-9B (2026) 40.09 9.40 - - 121.41 100.00
Qwen3.5-27B (2026) 58.52 35.20 - - 446.84 100.00
Cloud-only
GPT-5.4 (2026) 71.81 4920  5.46/22.92/1.02 34.69 - 22.09
DeepSeek-v4-Flash (2026) 69.47 51.56  7.73/61.21/1.53 1.68 - 12.68
DeepSeek-v4-Pro (2026) 72.90 53.12  5.81/50.20/1.60 16.41 - 13.34
GLM-5.1 (2026a) 72.46 5550 12.66/75.72/1.26 30.08 - 14.74
Edge-Cloud Collaboration
Qwen3.5-9B
Sketch-Guided (2024) 46.32 14.10 0.07/0.00/0.03 0.58 148.45 100.00
Task-Routing (2024) 46.62 25.78 2.25/9.43/0.40 13.94 85.91 88.81
Step-Routing (2026b) 55.58 19.50 2.63/7.67/0.31 13.06 23.48 58.06
Adaptive Assist. (2026) 53.75 18.80 3.30/2.90/0.20 12.03 280.23 58.59
Owen3.5-27B
Sketch-Guided (2024) 62.03 35.20 0.05/0.00/0.02 0.42 546.56 100.00
Task-Routing (2024) 66.15 40.62 2.13/8.44/0.36 12.75 181.75 84.32
Step-Routing (2026b) 64.98 41.40 2.23/7.10/0.26 11.19 111.21 59.48
Adaptive Assist. (2026) 65.01 42.97 0.78 /0.40/0.07 3.07 495.73 67.03

Table 1: Overall performance of edge-cloud collaboration strategies on ACE-BENCH. Utility: completion rate and
Pass®. Resource Usage: Cloud Tok. (R/C/O) reports raw input / cache-read input / output tokens in millions; Cloud
Cost is estimated in USD; Edge FLOPs are reported in PetaFLOPs. Privacy: privacy performance.

For Pass™, we binarize each trial by considering
a task completed if its completion score exceeds
0.7. Cloud-side monetary cost is computed using
OpenRouter? pricing over raw input, cache-read
input, and output tokens. Edge-side computation is
estimated as FLOPs following Kaplan et al. (2020).
Detailed pricing assumptions and FLOPs calcula-
tion are provided in Appendix A.6.

5 Results and Analysis

This section evaluates how different execution
strategies trade off task utility, cloud cost, and pri-
vacy performance on ACE-BENCH. We first com-
pare single-side baselines with representative edge-
cloud collaboration strategies, and then analyze
how edge-model capability affects the preferred
collaboration strategy.

5.1 Overall Performance of Edge-Cloud
Collaboration Strategies

Table 1 shows the trade-offs among task utility,
resource consumption, and privacy performance
achieved by different strategies on ACE-BENCH.
The results reveal the distinct characteristics of
single-side agents and edge-cloud collaboration
methods. Among the single-side strategies, Cloud-
only execution achieves the highest utility score,

2https ://openrouter.ai/

but its privacy performance remains below 25%.
In contrast, Edge-only execution eliminates cloud
exposure, yet reduces the utility score by more
than 10%. These findings highlight the inherent
limitations of single-side systems, as neither can si-
multaneously achieve a satisfactory balance among
utility, resource efficiency, and privacy preservation
in practical agent deployment scenarios. Compared
with these single-side strategies, edge-cloud col-
laboration methods achieve a substantially better
trade-off between utility and privacy. By selectively
leveraging cloud capabilities only when necessary,
these methods significantly improve utility, while
still maintaining stronger privacy protection.

We next compare different edge-cloud collab-
oration strategies to evaluate their effectiveness.
Among all strategies, Sketch-Guided achieves the
highest privacy score but yields the lowest utility
score. This is mainly because the cloud agent only
provides a high-level sketch for task completion,
preventing further cloud assistance for recovering
from reasoning errors, incorporating tool feedback,
or resolving stalled intermediate states. In contrast,
Task-Routing achieves a more balanced trade-off
between utility and privacy by routing tasks to dif-
ferent agents in advance. With Qwen3.5-27B, it
achieves the highest utility among all evaluated col-
laboration strategies while still preserving 84.32%
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privacy performance. However, its advantage be-
comes much smaller with Qwen3.5-9B, suggesting
that task-level routing still heavily depends on the
capability of edge-side models to perform effective
routing decisions.

Unlike strategies whose cloud-use pattern is
fixed before the main execution, Step-level rout-
ing and Adaptive Cloud Assistance decide whether
to involve the cloud at runtime, allowing cloud
assistance to be triggered based on the evolving
execution state. As shown in the results, Step-level
routing is particularly effective for weaker edge
models, where cloud escalation helps compensate
for uncertain edge-side reasoning steps. However,
this benefit comes at a noticeable privacy cost be-
cause intermediate execution contexts are repeat-
edly exposed at escalated steps. Meanwhile, Adap-
tive Cloud Assistance achieves the highest Pass®
among all collaboration strategies with Qwen3.5-
27B, while incurring less than 10% of the cost of
GPT-5.4 Cloud-only execution. This result sug-
gests that stronger edge models are better able to
leverage cloud-provided plans and hints.

5.2 Pareto Analysis of Utility, Cost, and
Privacy across Edge Backbones

We further analyze how edge-model capability in-
fluences the Pareto trade-off among task utility,
cloud cost, and privacy in edge-cloud collaboration.
Figure 3 plots each collaboration strategy as a point
in this three-dimensional trade-off space across
three edge backbones: Qwen3.5-9B, Qwen3.5-27B,
and Qwen3.6-27B (Qwen Team, 2026).

First, stronger edge models reduce the need for
cloud involvement. With a constrained edge back-
bone such as Qwen3.5-9B, improving task utility
often requires more frequent cloud calls, which
increases both cloud cost and privacy exposure.
As the edge backbone becomes stronger, the local
model can handle more execution steps reliably,
reducing the marginal benefit of transmitting inter-
mediate context to the cloud. Consequently, collab-
oration strategies can achieve competitive comple-
tion scores with fewer cloud invocations, leading
to lower cloud cost and better privacy preservation.

Second, edge-model capability fundamentally
reshapes the interaction pattern with cloud agents.
When the edge model is relatively weak, step-level
routing is particularly beneficial, as uncertain in-
termediate reasoning steps can be offloaded to the
cloud for assistance, requiring more frequent in-
tervention from the cloud model. However, as

Edge backbone
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Figure 3: Utility—cost—privacy trade-off across edge
backbones. Each point denotes an evaluated strategy,
with cloud cost on the x-axis, completion score on the y-
axis, and the number inside the point indicating privacy
performance. Dashed contours group strategies using
the same edge backbone, while hollow circles and the
star denote Edge-only and Cloud-only references.

the edge model becomes stronger, this fallback
mechanism becomes less appealing: local execu-
tion is already more reliable, while each cloud in-
vocation may still expose accumulated execution
context and incur additional privacy risks. Conse-
quently, stronger edge models shift the preferred
collaboration paradigm from cloud-assisted execu-
tion toward cloud-coordinated guidance under cost
and privacy constraints. Nevertheless, improved
edge capability does not eliminate privacy con-
cerns, since even selective cloud interactions may
still leak sensitive local context.

6 Conclusion

We introduced ACE-BENCH, a multi-dimensional
benchmark for studying edge-cloud collaboration
in executable-workspace LLLM-agent tasks. Ex-
periments show that edge-cloud collaboration can
improve the utility—cost—privacy trade-off over
purely edge-side or cloud-side execution, but its
effectiveness depends on cloud-invocation timing
and transmitted context. Further analysis shows
that edge-model capability reshapes this trade-off:
stronger edge models reduce cloud involvement
and make lower-cost, more privacy-preserving
strategies more viable, while the preferred cloud-
use pattern shifts from step-level fallback toward
task routing, planning, and recovery guidance. Nev-
ertheless, even selective cloud use can still ex-
pose sensitive local context. Overall, these results
call for jointly optimizing model-use and context-
sharing decisions in edge-cloud agent systems.



Limitations

This work has two main limitations. First, ACE-
BENCH focuses on executable-workspace LLM-
agent tasks under a harness-based execution set-
ting. Although this setting captures many realistic
digital-agent workflows, it does not cover all pos-
sible deployment environments, such as GUI-only
applications, mobile agents, or embodied agents.
Second, our resource measurements focus on cloud-
side token usage, monetary cost, and estimated
edge-side FLOPs. Real deployment efficiency may
also depend on latency, energy consumption, hard-
ware utilization, and system-level optimization,
which are deployment-dependent and difficult to
compare fairly in a benchmark setting.

Ethics Statement

This work studies edge-cloud collaboration for
LLM-powered agents, with a focus on evaluating
and reducing unnecessary cloud exposure of local
workspace context. The benchmark is designed for
research evaluation and responsible system devel-
opment. We do not use real private user data when
constructing privacy-sensitive benchmark content.
For tasks that require additional sensitive context,
the inserted information is synthetically generated
and does not correspond to real individuals, orga-
nizations, credentials, or financial records. The
privacy annotations in ACE-BENCH are intended
to support auditing of cloud-visible context and to
encourage privacy-aware agent design.
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A Appendix
A.1 License

We strictly follow the original licenses associ-
ated with each dataset used to build ACE-BENCH.
Claw-Eval, WildClawBench, QwenClawBench,
LiveClawBench, and PinchBench are released un-
der the MIT License; ClawBench is released under
the Apache-2.0 License. All adapted tasks are used
in accordance with their original licensing terms
and with attribution to the corresponding sources.

A.2 Task Selection and Statistics

This section provides additional details on task se-
lection, expert-curated task design, and statistics
for the ACE-BENCH task suite. We first describe
how tasks are selected from existing benchmarks
and how additional expert-curated tasks are con-
structed, and then summarize the source and cate-
gory distributions of the resulting task suite.

As described in Section 3.3, ACE-BENCH com-
bines curated tasks from existing CLAW-style
executable-workspace agent benchmarks with a
small set of expert-curated tasks. Starting from an
initial pool of candidate tasks collected from exist-
ing benchmarks, we adapt candidate tasks into the
ACE-BENCH harness and validate the adapted in-
stances as described in Appendix A.3. We then per-
form coverage-guided selection following the op-
eration taxonomy used in prior work (Z.Al, 2025),
so that the selected tasks cover diverse agentic op-
erations rather than concentrating on a single task
type. After adaptation validation and coverage-
guided selection, we retain 121 tasks from existing
benchmarks. Table 2 summarizes their source dis-
tribution.

Task Source # Tasks  Percentage
Claw-Eval 68 53.12%
WildClawBench 22 17.19%
QwenClawBench 21 16.41%
LiveClawBench 4 3.12%
PinchBench 3 2.34%
ClawBench 3 2.34%
Expert-curated Tasks 7 5.47%
Total 128 100.00%

Table 2: Source distribution of the ACE-BENCH.

In addition, we design a small set of expert-
curated tasks to better cover privacy-sensitive edge-
cloud scenarios that are underrepresented in exist-
ing task suites. We construct these tasks through a
scenario-driven process. First, we identify common
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privacy-sensitive agent workflows, such as process-
ing private records, handling internal documents,
using credentials, or operating over organization-
specific information. Second, for each scenario, we
use LLM-assisted synthesis to create a realistic user
instruction and instantiate an executable workspace
containing the necessary files and tools. Third, we
define a success checker to verify whether the in-
tended task outcome is achieved. During construc-
tion, we ensure that sensitive context appears natu-
rally as part of the workspace rather than as an artifi-
cial instruction-level constraint. All expert-curated
tasks follow the same executable-workspace format
as the curated benchmark tasks. The final bench-
mark contains 128 tasks in total.

The resulting task suite spans six agentic oper-
ation categories, including Office & Daily Tasks,
Information Search & Gathering, Safety & Secu-
rity, Development & Operations, Data Analysis,
and Automation. Table 3 reports the category dis-
tribution, showing that ACE-BENCH is not concen-
trated on a single type of workspace-agent task.

Task Category # Tasks
Office & Daily Tasks 36
Information Search & Gathering 34
Safety & Security 21
Development & Operations 14
Data Analysis 13
Automation 10
Total 128

Table 3: Distribution of ACE-BENCH tasks across agen-
tic operation categories.

A.3 Task Adaptation Protocol

This appendix provides additional details on how
candidate tasks are adapted into standardized ex-
ecutable instances for ACE-BENCH. Since tasks
are collected from different executable-workspace
agent benchmarks, their original formats differ in
task configuration files, workspace layouts, tool in-
terfaces, and verification procedures. We therefore
apply a unified adaptation protocol to ensure that
all tasks can be executed, logged, and evaluated
under the same harness.

We first normalize each task into a unified task
configuration file with a metadata header and stan-
dardized sections for prompts, grading criteria,
automated checks, workspace paths, tools, envi-
ronment settings, and warmup instructions. We
then normalize the workspace layout and execution
settings. Task-relevant files are organized into a



Domain Category # Units Percentage Weight # Tasks
P1 Identity identifier 276 8.15% 1.0-3.0 48
P | Sensiti P2 Documents and accounts 457 13.50% 1.0-3.0 66
Informaior Y€ P3 Contact information 1178 34.80% 1.0-3.0 84
P4 Financial information 209 6.17% 1.5-3.0 48
PS5 Sensitive attributes 248 7.33% 1.5-3.0 26
Subtotal 2368 69.96 % - -
S1 Code or algorithm 6 0.18% 2.0-3.0 5
S2 Credentials or keys 196 5.79% 1.5-3.0 32
Organizational S3 Security vulnerability 26 0.77%  1.5-3.0 11
Confidential S4 Business strategy 235 6.94% 1.5-3.0 54
Information S5 Personnel or administration 97 2.87% 1.5-3.0 33
S6 Customer or partner information 189 5.58% 1.0-2.5 46
S7 Internal finance 268 7.92% 1.0-3.0 52
Subtotal 1017 30.04% - -
Total - 3385 100.00 % - -

Table 4: Statistics of sensitivity-unit annotations by privacy domain and fine-grained category. The weight column
indicates the assigned risk-weight range for units in each category, and # Tasks denotes the number of tasks

containing at least one unit from that category.

standardized workspace structure, and required re-
sources are placed in deterministic locations. We
also standardize the tool and skill settings used by
each task so that task actions can be executed and
logged consistently by the harness. This step en-
sures that tasks from different sources can follow
the same agent loop and logging mechanism.

For each task, we adapt its original verification
logic into a success checker compatible with ACE-
BENCH. Depending on the task, the checker may
involve rule-based validation, file or application-
state auditing, command-output inspection, or
rubric-based LLM-as-a-judge verification. The
adapted checker produces a completion score in
[0, 1], which is used for task-utility evaluation.

Finally, we validate that adaptation does not sub-
stantially change task semantics or difficulty. For
each task, we run both the original and adapted ver-
sions using Qwen3.5-9B and compute the average
completion score over three runs. Considering the
variability of agent execution, tasks whose absolute
average-score difference exceeds 0.3 are discarded.
This helps ensure that the standardized instances
preserve the intended task objective while remain-
ing compatible with the ACE-BENCH harness.

A.4 Privacy Annotation

This section provides additional details on the pri-
vacy annotation process used in ACE-BENCH.
Given the constructed task suite, we first identify
tasks whose local workspace or execution context
already contains privacy-relevant information, such
as files, tool outputs, command outputs, or applica-
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tion states. For these tasks, we preserve the original
content and annotate the corresponding spans as
sensitivity units.

For tasks without explicit sensitive information,
we examine whether synthetic sensitive content
can be inserted naturally without changing the task
objective, execution workflow, or success criteria.
When suitable insertion points exist, such as user
profiles, internal documents, account records, con-
figuration files, or task-specific notes, we use LLM-
assisted synthesis to generate realistic but fully
synthetic sensitive content and insert it into these
locations. For example, in an office-productivity
task that requires summarizing an internal meeting
note, synthetic employee records or compensation-
related details can be added to the workspace docu-
ment without changing the required workflow. All
injected content is synthetic and does not reuse real
private data.

We then annotate all privacy-relevant content as
sensitivity units. Each unit records its value, source
location, privacy category, and risk weight. Table 4
reports the privacy taxonomy, annotation statistics,
risk-weight ranges, and task coverage. Our tax-
onomy contains two domains, Personal Sensitive
Information and Organizational Confidential In-
formation, with 12 fine-grained categories in total.
The category taxonomy is derived from prior tax-
onomies (Ngong et al., 2026; Shen et al., 2025),
and further extended to organizational confidential
information following WIPO guidance on trade se-
crets (WIPO, 2024). Risk weights are assigned to
distinguish leakage events with different potential



harms, so that exposing highly sensitive units con-
tributes more to the privacy penalty than exposing
low-risk units.

A.5 Implementation Details of Evaluated
Strategies

This section provides additional implementation
details for the strategies evaluated in ACE-BENCH.
Sketch-Guided Edge Execution. Following
the implementation described by Zhang et al.
(2024), Sketch-Guided Edge Execution instanti-
ates pipeline-style collaboration. Before the main
execution begins, the cloud-side model receives
the initial task context and generates a high-level
execution sketch using the following prompt:

Prompt for Sketch Generation

Role: You are an organizer responsible for
providing only the skeleton of how an ex-
ecutor agent should complete the task.
Task: Provide the skeleton as a list of points.
Each skeleton point should be concise, us-
ing fewer than 10 words.

. J

After this upfront stage, all subsequent agent
steps are executed by the edge-side model condi-
tioned on the generated sketch.

Task-Level Routing. Task-Level Routing makes
a one-time model-use decision before execution
and assigns the entire trajectory to either M, or
M. We instantiate it with the matrix-factorization-
based router from RouteLLM (Ong et al., 2024). To
adapt the router to agentic tasks, we train it using
routing data from Li et al. (2026) and trajectory-
level preference labels derived from validation-set
completion scores of the evaluated models. Fol-
lowing prior routing settings (Panda et al., 2025;
Ong et al., 2024), we calibrate the routing threshold
on the validation set so that approximately 25% of
tasks are routed to the cloud, and apply the same
threshold during evaluation.

Step-Level Routing. Step-Level Routing uses an
edge-first escalation strategy. At each step, M, first
generates an output, and we compute an uncertainty
score using the entropy of its next reasoning-token
distribution, following GlimpRouter (Zeng et al.,
2026b). If the uncertainty score exceeds a thresh-
old, the step is escalated to M,; otherwise, the
edge-side output is used directly. For fair compari-
son, we tune the threshold on the validation set so
that roughly 25% of steps are escalated to the cloud,
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and apply the same threshold during evaluation.

Adaptive Cloud Assistance. We instantiate assis-
tive collaboration through an advisor tool backed
by the cloud-side model. The edge-side model
can invoke the advisor during execution; when in-
voked, the current conversation history, including
previous tool calls and observations, is forwarded
to the cloud-side model. The cloud-side model
then returns high-level advice, and the edge-side
model continues execution conditioned on this ad-
vice. The advisor instruction encourages invoca-
tion before committing to a substantive approach,
when the agent is stuck or considering a change
of approach, and before declaring the task com-
plete. Full prompts are included in the released
implementation.

A.6 Pricing and FLOPs Estimation

This section describes how we estimate cloud-side
monetary cost and edge-side computation in ACE-
BENCH.

For each cloud invocation, the harness records
raw input tokens, cache-read input tokens, and out-
put tokens. We aggregate these token counts over
all cloud calls and compute cost using the corre-
sponding OpenRouter prices at the time of our ex-
periments:

C _ praWTraw + pcacheTcache + poutTout
cloud = 106 ’

)

where Tyaw, Tiache, and 1oy are aggregated token
counts, and Praw, Peache> and Poyy are prices per
million tokens. Table 5 reports the pricing used in
our experiments.

Cloud Model Input Cache Input Output
GPT-5.4 2.50 0.2500 15.00
DeepSeek-v4-Flash  0.14 0.0028 0.28
DeepSeek-v4-Pro 1.74 0.0145 3.48
GLM-5.1 0.98 0.1820 3.08

Table 5: Cloud-side pricing used for monetary cost esti-
mation. Prices are reported in USD per million tokens.

For edge-side execution, we report estimated
FLOPs as a reference for local computation bur-
den. Following Kaplan et al. (2020), we estimate
inference FLOPs as:

FLOPScdge = 2+ N - Teqge, (3

where NV is the number of model parameters and
Teqge 18 the total number of tokens processed by
the edge-side model across the execution trace.
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