AgentCollab: A Self-Evaluation-Driven Collaboration Paradigm for
Efficient LLM Agents

Wenbo Gao'**, Renxi Liu?, Xian Wang?, Fang Guo?, Shuai Yang?, Xi Chen?,
Hui-Ling Zhen?, Hanting Chen?, Weizhe Lin?', Xiaosong Li?, Yaoyuan Wang?
'The Hong Kong Polytechnic University, 2Huawei
wenbo.gao@connect.polyu.hk linweizhel@huawei.com

Abstract

Autonomous agents powered by large language
models (LLMs) perform complex tasks through
long-horizon reasoning and tool interaction,
where a fundamental trade-off arises between
execution efficiency and reasoning robustness.
Models at different capability—cost levels offer
complementary advantages: lower-cost models
enable fast execution but may struggle on diffi-
cult reasoning segments, while stronger models
provide more robust reasoning at higher com-
putational cost. We present AgentCollab, a
self-driven collaborative inference framework
that dynamically coordinates models with dif-
ferent reasoning capacities during agent exe-
cution. Instead of relying on external routing
modules, the framework uses the agent’s own
self-reflection signal to determine whether the
current reasoning trajectory is making meaning-
ful progress, and escalates control to a stronger
reasoning tier only when necessary. To further
stabilize long-horizon execution, we introduce
a difficulty-aware cumulative escalation strat-
egy that allocates additional reasoning budget
based on recent failure signals. In our experi-
ments, we instantiate this framework using a
two-level small-large model setting. Experi-
ments on diverse multi-step agent benchmarks
show that AgentCollab consistently improves
the accuracy—efficiency Pareto frontier of LLM
agents.

1 Introduction

Autonomous agents powered by large language
models (LLMs) (Zhang et al., 2026b; Li et al.,
2024) are increasingly deployed to tackle com-
plex tasks such as web-based information seek-
ing (Zheng et al., 2025; Qiao et al., 2025; Li et al.,
2025), advanced mathematical reasoning (Kapoor
et al., 2026; Yan et al., 2025), and long-form writ-
ing (Xia et al., 2025). Unlike traditional single-turn
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question answering systems, these agents formu-
late plans, interact with external tools (e.g., web
searching, document reading, and text composi-
tion), and iteratively refine their reasoning based on
observed outcomes (Shi et al., 2025). This iterative
Think—Act—Observe loop enables agents to solve
complex problems but also introduces substantial
latency. An early mistake can propagate through
subsequent steps and significantly degrade the final
outcome (Zhang et al., 2026a; Kapoor et al., 2026).
Allocating stronger reasoning capacity can mitigate
such errors and improve reasoning quality. How-
ever, each reasoning step then becomes more ex-
pensive, and the accumulated latency grows rapidly
in multi-turn scenarios. A fundamental dilemma
therefore emerges between execution speed and
reasoning quality.

Existing acceleration techniques mainly focus on
improving efficiency for single-turn inference (Xia
et al., 2024; Egashira et al., 2024) or short-horizon
orchestration (Ong et al., 2025; Chen et al., 2024;
Wang et al., 2025). In contrast, the efficiency objec-
tive arises at a different level in autonomous agents
due to long-horizon reasoning and interaction. Per-
formance must be evaluated over the entire rea-
soning trajectory rather than individual inference
steps. When an early mistake requires several addi-
tional cycles to correct, the time saved in a single
step quickly becomes negligible compared with
the extra turns spent on recovery. Correctness at a
few critical steps often dominates overall efficiency,
suggesting that optimization strategies should op-
erate at the trajectory level instead of uniformly
accelerating every step.

Recent work has begun to explore model routing
as a way to balance capability and efficiency. Early
studies mainly focus on single-turn model selec-
tion, where a router chooses between cheaper and
more capable models for a given query. Systems
such as RouteLLM by Ong et al. (2025) and Fru-
galGPT by Chen et al. (2024) employ lightweight
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routers to evaluate outputs from lower-cost mod-
els and invoke stronger models when necessary.
These approaches primarily optimize monetary or
token-level cost at the single-response level, which
limits their relevance to long-horizon agents, where
the central objective is end-to-end inference speed
rather than per-query cost alone.

Later work by Zhang et al. (2026a) and Kapoor
et al. (2026) extends routing to multi-step agents
by learning policies that select a model at each step
of the reasoning process. To reduce inference cost,
Zhang et al. (2026a) proposes allocating stronger
models to steps predicted to be difficult but solv-
able. To improve reasoning quality, Kapoor et al.
(2026) leverages progress reward models to assess
intermediate reasoning steps. While these methods
move beyond single-turn routing, their main focus
remains cost reduction or quality improvement. By
contrast, our goal is to improve end-to-end reason-
ing speed in long-horizon agent execution. Under
this objective, routing introduces additional chal-
lenges: routing decisions must be made repeatedly
during execution, extra supervision is required to
learn the routing policy, and frequent switching
may interrupt computational reuse such as prefill
states. The resulting overhead can offset the la-
tency gains of lower-cost models, particularly in
long reasoning trajectories. More fundamentally,
for long-horizon agents the key challenge is not
merely which model to call at a step, but how
control over the reasoning trajectory should be al-
located and transferred across different levels of
reasoning capacity.

These observations suggest a different perspec-
tive on efficiency. Instead of introducing external
routing models or learned policies, the agent itself
can already reflect on its reasoning process. That
capability can serve as a natural signal for coordi-
nating different levels of reasoning capacity. From
this perspective, model collaboration can be driven
internally by the reasoning process rather than con-
trolled by an external router.

Following this intuition, we introduce a self-
driven collaboration paradigm for multi-turn
agents. In this paradigm, the reasoning process
itself determines when stronger reasoning capac-
ity is required. A lower-cost model tier performs
most reasoning steps and continuously evaluates
whether the current trajectory is making meaning-
ful progress. When stagnation is detected, control
is temporarily escalated to a stronger reasoning
tier that resolves the difficult segment of the tra-

jectory. Once progress resumes, control can return
to a more efficient tier and the interaction loop
continues. This process requires no auxiliary rout-
ing model and no additional policy training, as the
decision signal is generated by the model’s own
self-reflection.

Such collaboration naturally extends beyond a
fixed pair of models. The same principle can
coordinate a hierarchy of models with different
capability—cost trade-offs, allowing reasoning ca-
pacity to be gradually increased only when nec-
essary. This forms a scalable paradigm for allo-
cating reasoning resources across long trajectories,
where inexpensive tiers handle routine steps while
stronger tiers intervene at critical moments.

Based on this paradigm, we further introduce
a cumulative escalation strategy that adjusts the
duration of higher-capacity intervention according
to historical stagnation signals. Repeated failures
lead to longer takeovers, enabling deeper correc-
tion on difficult trajectory segments while reducing
oscillatory switching.

Our contributions are threefold:

* We introduce a self-driven collaboration
paradigm for multi-turn LLM agents, in
which the agent’s own trajectory-level reflec-
tion signals determine how control is allocated
across models with different capability—cost
trade-offs, without external routers or learned
routing policies.

* We propose a difficulty-aware cumulative
budget allocation strategy that regulates
higher-capacity intervention budget based on
consecutive stagnation signals, enabling pro-
gressively stronger intervention under persis-
tent reasoning difficulty.

* We conduct experiments on diverse multi-
turn agent benchmarks including web-based
research, mathematical reasoning, and long-
form writing. The results demonstrate a strong
latency—quality trade-off, consistently improv-
ing reasoning efficiency while maintaining
high performance.

2 AgentCollab

This section introduces AgentCollab, a collabora-
tive efficient inference paradigm that dynamically
allocates computational resources among language
models of different sizes during multi-turn agent
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execution. The framework addresses a fundamen-
tal limitation of fixed-model agent systems. Small
models offer fast inference but often struggle in
complex reasoning segments, while large models
provide stronger reasoning but incur substantially
higher single-step latency when used throughout
the entire trajectory. Relying on a single model
therefore leads to an inherent trade-off between ef-
ficiency and robustness in long-horizon workflows.

As illustrated in Figure 1, AgentCollab intro-
duces a model escalation mechanism that enables
adaptive collaboration between small and large
models during inference. The small model serves
as the default controller for routine reasoning steps,
while the large model is invoked only when the
trajectory encounters difficult segments. Build-
ing upon this mechanism, we further develop a
difficulty-aware budget allocation strategy that reg-
ulates the intervention strength of the large model.
Instead of assigning a fixed intervention budget, the
system adjusts the duration of large-model takeover
based on recent failure signals along the trajectory.
As shown in Figure 2, repeated stagnation progres-
sively increases the escalation budget, enabling
stronger corrective reasoning when the agent re-
peatedly fails to make progress.

2.1 Model Escalation

Multi-step agent reasoning consists of sequential
“Think* operations interleaved with tool interac-
tion, during which certain trajectory segments may
become locally trapped and lead to oscillation or
redundant exploration. Persistent use of the large
model M, reduces this risk at the expense of sub-
stantial computational cost, whereas exclusive re-
liance on the small model Mg improves efficiency
but weakens robustness in difficult regions.

To balance these effects, we design a self-
evaluation-driven escalation mechanism that dy-
namically coordinates LLMs with different capa-
bilities. As the early-stage reasoning strongly influ-
ences the subsequent trajectory and therefore ben-
efits from higher-capacity inference (Zhang et al.,
2026a; openPangu Team, 2025), the session begins
with a short warm-up phase executed by strong
model M. The global task framing, intermediate
objective decomposition, and high-level strategy
planning are performed in this phase. After initial-
ization, control is transferred to small model Mg,
which carries out the majority of later reasoning
steps and tool calls in a low-latency routine.

To determine when to escalate, at each step ¢,

the model produces not only a reasoning output but
also a structured progress assessment, which is gen-
erated in parallel with the normal reasoning output.
This reflection takes the form of a canonical block
containing a rationale field and a binary indicator
value. The rationale summarizes whether the latest
reasoning steps advance the trajectory toward the fi-
nal objective, while the indicator encodes this judg-
ment as a binary variable value; € {TRUE, FALSE},
where value; = TRUE corresponds to meaningful
progress and value; = FALSE corresponds to stag-
nation. The signal is generated by the model itself
based solely on the current reasoning context, and
does not rely on any training process or auxiliary
routing model.

When value; = TRUE, the controller maintains
execution under the small model, allowing well-
conditioned subproblems to be solved with mini-
mal cost. When value; = FALSE, the trajectory is
interpreted as entering a difficult region under the
current capacity. The large model then takes over
the control and executes for a bounded number of
reasoning steps, during which it re-examines the
accumulated context and restructures intermediate
states if necessary. When the predefined interven-
tion budget is exhausted or progress is made, exe-
cution subsequently returns to Mg. This bounded
escalation—de-escalation process forms a closed
feedback loop in which self-evaluation governs
model routing. High-capacity computation is there-
fore concentrated on genuinely difficult segments
while overall inference cost remains controlled.

2.2 Difficulty-aware Budget Allocation
Strategy

The basic escalation mechanism determines when
control should be transferred to the large model,
yet it does not regulate the strength of intervention
once escalation occurs. A small budget bound may
lead to a weak intervention, failing to resolve per-
sistent stagnation. However, an excessively large
budget quota risks overusing escalation, increasing
the latency instead.

To address this limitation, a difficulty-aware cu-
mulative budget allocation strategy that controls
intervention depth at each escalation according to
the recent self-evaluation history is proposed as
shown in Figure 2. We first define the escalation
level /; as the number of consecutive failure signals
up to step ¢, which is recursively updated as
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Figure 1: Overview of the proposed AgentCollab framework. (a) The agent system first invokes the large
model to warm up the interaction and plan the overall strategy. (b) After initialization, the small model performs
low-latency routine reasoning steps and (c) conducts self-evaluation on progress checks to determine whether
escalation is required. (d) When stagnation is detected, control is temporarily transferred to a larger model within a
predefined budget to resolve difficult reasoning segments. (¢) Once the critical step is completed, control returns to
the small model to continue the interaction.
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Figure 2: Budget Allocation Strategy. As consecutive failures accumulate, the framework temporarily increases

the budget for the larger model, allowing stronger models to provide additional support.

I — l;—1+ 1, if value; = FALSE, 0
"o, if value; = TRUE.

The level therefore captures the accumulated diffi-
culty reflected by trajectory-level self-evaluation.

Let B° denote the large-model intervention bud-
get when [ = 0. The actual intervention horizon
at escalation level [ is defined as a bounded growth
function:

B! = f(B% 1) = min{B™>, B + ki}, (2
where k£ > 0 controls the growth rate and B™#* is
the maximum intervention budget. When k£ = 0,
the strategy reduces to static model switching.
When repeated stagnation increases [, the large
model receives a longer but still bounded interven-
tion budget, enabling stronger correction without
unbounded latency growth.

Although f(-) may take other bounded forms,
such as sigmoid or saturating schedules, we adopt
the linear bounded formulation because it is sim-
ple, interpretable, and sufficient for controlling the
intervention strength in our experiments.

3 Experiments and Discussion

3.1 Setup

To evaluate the generality and effectiveness of
the AgentCollab mechanism, we integrate it into
two open-source agent frameworks, DDV?2 (open-
Pangu Team, 2025) and WebSailor (Li et al., 2025),
which provide pretrained models of different scales
(7B/38B and 3B/7B/32B respectively). We eval-
uate the framework on diverse multi-turn tasks,
including deep research (BrowseComp_zh (Zhou
et al., 2025)), challenging mathematical reasoning
(HLE with math subjects (Center for Al Safety
et al., 2026)), and long-form generation (Writing-
Bench (Wu et al., 2025)). The three benchmarks
contain 289, 866, and 1000 questions, respectively.
Appendix results on GAIA (Mialon et al., 2024)
and XBench-DeepSearch (Chen et al., 2025) fur-
ther cover additional deep-research benchmarks.
For fair comparison, all experiments use a maxi-
mum interaction budget of 40 iterations. The bud-
get allocation strategy follows the linear formula-
tion described in Section 2.2, with B® = 2 and
k = 2. All inference is conducted locally using
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BrowseComp_zh HLE-math WritingBench
Agent Method Acc. (%) #Steps Speedup Acc. (%) #Steps Speedup Score #Steps Speedup
Small 18.3 2175  1.54x 8.0 3555  3.38x 44 1725 3.20x
Large 34.6 17.29  1.00x 23.3 28.41  1.00x 5.1 9.10  1.00x
Random 223 20.56 1.12x 9.2 32.82  1.33x 42 1310 1.29x
RouteLLM 28.2 2240  1.09x 15.2 3342 1.62x 47 1027 2.21x
DDV2  FrugalGPT 27.2 2020  1.29x 18.2 29.23  1.97x 45 1222  1.94x
TRIM 29.6 21.38  1.18x 20.4 30.18  2.05x 46 1286 1.71x
Miroflow 31.2 20.74 1.23x 18.7 31.64 1.84x 48 11.14  2.02x
WeDAS 30.8 19.96  1.28x 19.1 3092 1.91x 48 1092 2.08x
Ours 339 19.82 1.36x 21.1 3203 2.31x 5.0 959  2.43x
Small 14.2 10.38  2.03x 11.3 13.02  2.48x - - -
Large 25.5 7.79 1.00x 14.0 7.09 1.00x - - -
Random 14.9 10.48  1.20x 9.2 14.02  1.03x - - -
RouteLLM 20.0 9.60  1.32x 114 9.34 1.21x - - -
WebSailor FrugalGPT 19.7 10.50  1.28x 11.9 9.81 1.10x - - -
TRIM 18.8 10.12 1.22x 13.6 8.92 1.18x - - -
Miroflow 214 9.18 1.35% 125 9.08 1.16% - - -
WeDAS 21.0 9.06 1.39x 12.7 8.96 1.19x - - -
Ours 225 849  1.50x 133 857  1.29x - - -

Table 1: Main results on BrowseComp_zh, HLE-math, and WritingBench. Speedup is measured relative to
the large-model baseline in each agent framework. AgentCollab consistently approaches large-model performance
while preserving clear efficiency gains. Results for WritingBench are not reported for WebSailor because it does not
support long-form writing tasks. Best results are shown in bold, and second-best results are underlined.

vLLM-Ascend (v0.9.1) on Ascend 910B3 NPUs
with four workers.

For baselines, we compare AgentCollab with
small-model-only and large-model-only agents,
as well as several model-switching methods.
Random selects between the small and large
models uniformly at random at each reasoning
step. RouteLLM (Ong et al., 2025) and Frugal-
GPT (Chen et al., 2024) were originally designed
for cost-efficient single-turn routing, and we adapt
them to the multi-turn setting by making rout-
ing decisions at each reasoning step. To cover
multi-turn evaluation settings, we further include
TRiM (Kapoor et al., 2026), Miroflow (Su et al.,
2026), and WeDAS (Yu et al., 2026). All switching
baselines operate over the same small-large model
pairs used by AgentCollab.

Three metrics are reported: accuracy score,
speedup, and the average number of reasoning it-
erations per question. Accuracy is evaluated by
GPT-40 (OpenAl, 2023), while score is evaluated
by the model provided by the benchmark (Wu et al.,
2025). Speedup measures the end-to-end latency
improvement relative to the large-model baseline
and is defined as the ratio of the total latency of the
large-model agent to that of the evaluated method.
The iteration count reflects the reasoning cycles re-
quired to reach the final answer, with small models
often requiring more rounds to recover from earlier
mistakes.

3.2 Main Results

Table 1 reports the results on three representa-
tive multi-turn agent benchmarks covering web re-
search (BrowseComp_zh), mathematical reasoning
(HLE-math), and long-form generation (Writing-
Bench). Overall, AgentCollab substantially im-
proves small-model agents while preserving clear
efficiency advantages over large-model agents.

As shown in Table 1 and Figure 3, on
BrowseComp_zh, AgentCollab improves perfor-
mance over the small-model agents for both DDV2
(18.3—33.9) and WebSailor (14.2—22.5), while
remaining close to the large-model agents (34.6 and
25.5, respectively). Similar trends are observed on
HLE-math, where collaboration substantially im-
proves reasoning accuracy (e.g., 8.0% — 21.1%
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Figure 3: Pareto frontier of DDV2 on BrowseComp_zh.
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Figure 4: Illustrative execution trajectories. Cumulative latency is shown across iteration steps for Large-only,
Small-only, and AgentCollab. AgentCollab markers indicate the model used at each step, and triangles mark
escalation or de-escalation events. In the representative case (a), AgentCollab reduces latency relative to Large-only
execution by invoking the Large model only when necessary. In the difficult case (b), Large-only execution resolves
the task within fewer steps, whereas Small-only execution becomes trapped in an unproductive reasoning trajectory
and accumulates higher latency. AgentCollab escalates when needed and returns to the Small model after recovery.

for DDV2) while still preserving clear speedup over
the large-model baseline. On WritingBench, the
collaborative system also improves generation qual-
ity (4.4—15.0) and remains close to the large-model
performance (5.1).

These results highlight a key challenge in multi-
turn agents: although small models provide faster
inference per step, they often require more interac-
tion rounds to complete the task. AgentCollab mit-
igates this issue by invoking stronger models only
when necessary, often leading to shorter reasoning
trajectories while maintaining high efficiency.

Across all benchmarks, the collaborative ap-
proach achieves a favorable efficiency—quality fron-
tier: it substantially outperforms the small-model
agents and approaches the performance of large-
model agents, while preserving substantial effi-
ciency gains over the large-model baseline. This
demonstrates that the proposed self-reflection-
driven escalation mechanism can effectively con-
centrate large-model computation on more difficult
segments of the trajectory.

Compared with other model-switching base-
lines, AgentCollab achieves the strongest overall
accuracy—efficiency trade-off. Random switching
can achieve nontrivial speedup through frequent
use of the small model, but the lack of trajec-
tory awareness leads to weak reasoning perfor-
mance. RouteLLM (Ong et al., 2025) and Fru-
galGPT (Chen et al., 2024) improve over random
switching by adapting single-turn routing mecha-
nisms to step-level decisions, while TRiM (Kapoor
et al., 2026), Miroflow (Su et al., 2026), and
WeDAS (Yu et al., 2026) provide stronger multi-
turn baselines. Nevertheless, these methods remain

less effective than AgentCollab at allocating high-
capacity computation along the full reasoning tra-
jectory.

3.3 Ablation Study

To analyze the effectiveness of the proposed col-
laboration mechanism, we compare several con-
figurations of small and large model allocation on
the DDV?2 agent system. The study examines the
following aspects: the role assignment between
planner and executor, the escalation strategy used
in AgentCollab including the sensitivity of the bud-
get growth parameter k.

Method Acc. (%) Speedup
Large-model only 34.6 1.00x
Small-model only 18.3 1.54 %
Role Assignment
w/ Large Planner 24.6 1.39x%
w/ Large Executor 27.3 1.24x
Escalation Strategy
AgentCollab (Static) 32.5 1.32x
AgentCollab (Dynamic) 33.9 1.36 %

Table 2: Ablation study on DDV2. We examine the ef-
fect of planner/executor role assignment and escalation
strategy. Accuracy and speedup are reported.
Impact of Planner and Executor Roles. The
DDV?2 agent explicitly separates two roles: a plan-
ner and an executor (information seeker). The
planner produces high-level reasoning plans, while
the executor performs information retrieval and ac-
tion execution. This structure allows us to examine
how allocating the large model to different roles
affects overall performance.

We enable the large model in these two roles sep-
arately. As the results shown in Table 2, using the
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large model in the execution stage while keeping
the planner as a small model yields higher accuracy
than assigning the large model to the planner (27.3
vs. 24.6), although the speedup decreases slightly
(from 1.39x to 1.24x). This result suggests that
the execution stage is the more error-sensitive com-
ponent in multi-turn agents: it directly interacts
with the environment, determines the quality of re-
trieved evidence, and more strongly influences the
subsequent reasoning states. As a result, allocating
stronger models to execution is more effective for
improving the speed—quality frontier.

Impact of Budget Allocation Strategy. We fur-
ther compare two escalation mechanisms in Agent-
Collab: a static allocation strategy and the pro-
posed dynamic allocation strategy. Both configu-
rations substantially outperform the small-model
baseline, while the dynamic strategy achieves a bet-
ter quality—efficiency trade-off than the static strat-
egy. It improves accuracy from 32.5 to 33.9 and
slightly increases speedup from 1.32x to 1.36 %,
indicating that allocating larger intervention bud-
gets after repeated stagnation is more effective than
using a fixed escalation budget.

This improvement is also reflected in the switch-
ing behavior. A key motivation for the dynamic
strategy is to reduce oscillatory switching, which
can weaken large-model prefill caching by inter-
rupting consecutive reasoning segments. We quan-
tify this effect using the switching ratio defined in
Equation 3 in the appendix. The dynamic strat-
egy lowers the switching ratio from 49.64 to 45.07,
suggesting fewer alternations between the small
and large models. This supports our claim that
difficulty-aware budget growth encourages more
contiguous large-model intervention on difficult
trajectory segments, thereby stabilizing execution
and improving cache reuse.

To study budget allocation, we vary the hyper-
parameter k from O to 3, where a larger k yields
more aggressive growth of the large-model inter-
vention budget and k£ = 0 reduces to the static strat-
egy. A small budget may fail to resolve persistent
stagnation, whereas an excessively large budget
may overuse the large model and increase latency
without proportional accuracy gains. The dynamic
strategy balances these effects by increasing the
intervention budget only after repeated stagnation,
while keeping the total intervention bounded by the
maximum budget. As shown in Figure 5, k = 2
achieves the best quality—efficiency trade-off. This
suggests that a moderate cumulative growth rate
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Figure 5: Pareto frontier of AgentCollab within Web-
Sailor on BrowseComp_zh under different values of k.

best balances corrective strength and efficiency.

3.4 Analysis

Trajectory-Level Execution Analysis. To better
understand how AgentCollab behaves during multi-
step execution, we visualize cumulative latency and
model-escalation trajectories at the case level in
Figure 4. In the representative case, AgentCollab
reduces latency relative to Large-only execution
by invoking the Large model only when necessary.
The trajectory therefore grows more slowly than the
Large-only baseline while still allowing stronger
computation to intervene at selected steps.

The difficult case highlights why the fastest
model at each step does not necessarily yield the
most efficient trajectory. Small-only execution can
become trapped in an unproductive reasoning path,
requiring more iterations and accumulating higher
total latency. AgentCollab avoids this inefficient
trajectory by escalating when progress stalls and re-
turning to the Small model after recovery. These ex-
amples suggest that end-to-end efficiency depends
on both per-step cost and trajectory quality: a faster
step is beneficial only when the reasoning process
remains productive.

Impact of Agent Framework. We observe that
AgentCollab performs less satisfactorily on Web-
Sailor than on DDV?2. One possible reason is the
difference in instruction-following ability across
the underlying models. WebSailor is built on an
earlier Qwen2.5-based setup (Qwen Team, 2024).
An important observation is that WebSailor is
more prone to false-positive progress judgments:
even when the trajectory has not made meaningful
progress, it is more likely to predict that progress
has been made. Empirically, the false progress-
check rate is around 3% in DDV2 (openPangu
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Agent

DDV2
WebSailor

1-step Recovery 2-step Recovery

96.8% 99.9%
95.2% 99.7%

Table 3: Recovery rate after false-positive progress
judgments. Measured by manual inspection, most mis-
judgments are corrected within one step, and nearly all
are corrected within two steps.

Agent Frequency Acc. (%) #Steps Speedup
Every step 339 19.82  1.36x%
DDV2  Every 3 steps 32.7 2046 1.40x
Every 5steps  31.8 21.17  143x
Every step 22.5 8.49 1.50%
WebSailor Every 3 steps  20.7 8.93 1.55%
Every 5 steps 19.4 9.48 1.59 %

Table 4: Ablation on progress-check frequency on
BrowseComp_zh. Speedup is measured relative to the
large-model baseline in each agent framework.

Team, 2025), compared with 7% in WebSailor (Li
et al., 2025). In addition, DDV2 deploys a multi-
process search agent, which provides more robust
research results. Weaker instruction following and
less robust search make the self-evaluation signal
less reliable and, in turn, weaken the effectiveness
of model escalation. However, as shown in Table 3,
most progress-check misjudgments are corrected
within the following one or two rounds, which lim-
its their negative impact on the overall trajectory.

Progress Check Frequency. Although the
progress signal is generated in parallel with the
normal reasoning output rather than through an ad-
ditional inference call, its overhead is worth exam-
ining. We therefore evaluate whether reducing the
frequency of self-evaluation can improve efficiency.
As shown in Table 4, less frequent progress checks
only slightly improve the speedup, but this gain is
accompanied by more reasoning steps and substan-
tially lower accuracy in both DDV2 and WebSailor.
The modest speedup mainly comes from increased
small-model usage, as delayed checking postpones
large-model intervention and leaves more iteration
steps to the small model. However, this also al-
lows unproductive or incorrect trajectories to per-
sist longer before correction, offsetting the small
saving from less frequent checking. Therefore, re-
ducing progress-check frequency does not provide
a clear end-to-end benefit, and we use step-wise
progress checking as the default setting.

Heterogeneous Model Pairing. We further eval-
uate collaboration between models that differ not
only in size but also in model family. As shown in

Model Pair Acc. (%) #Steps Speedup

Baseline same-family pairing

Pangu-7B + Pangu-38B  33.9 19.82  1.36x
Qwen-7B + Qwen-32B 324 17.64  1.49x
Cross-family pairing

Pangu-7B + Qwen-32B  31.9 1872 1.41x
Qwen-7B + Pangu-38B  32.6 18.05 1.44x

Table 5: Heterogeneous model-pair ablation under
the DDV2 framework on BrowseComp_zh. The
first block reports same-family baseline pairings, while
the second block evaluates cross-family collaborations.
Cross-family pairings retain competitive accuracy and
speedup, suggesting that AgentCollab remains feasible
beyond same-family model collaboration.

Table 5, same-family pairings show a slight advan-
tage, suggesting that shared training backgrounds
may lead to more consistent reasoning styles, tool-
use behaviors, and progress-check interpretations.
Such cross-model alignment remains challenging
in heterogeneous model collaboration (Chen et al.,
2026; Hu et al., 2025). Nevertheless, the gap is
modest: Pangu-7B + Qwen-32B achieves 31.9
accuracy with 1.41x speedup, and Qwen-7B +
Pangu-38B achieves 32.6 accuracy with 1.44x
speedup. These results suggest that AgentCollab is
not limited to the same-family size scaling and can
operate across models with different pretraining
backgrounds.

Failure analysis. To better understand the remain-
ing limitations of AgentCollab, we compare suc-
cessful and failed cases in terms of reasoning steps,
large-token ratio, and total latency. Here, the large-
token ratio denotes the proportion of tokens gen-
erated by the large model and serves as a proxy
for reliance on the large model. Figure 6 in the
appendix shows that failed cases generally involve
longer trajectories, greater reliance on the large
model, and higher end-to-end latency.

4 Conclusion

This paper presents AgentCollab, a collaborative
inference framework that dynamically coordinates
language models of different sizes for long-horizon
agent reasoning. Instead of relying on external
routing modules or fixed model allocation, the
framework adopts a self-evaluation-driven escala-
tion mechanism, allowing the model itself to de-
termine whether the current reasoning trajectory is
making meaningful progress and whether stronger
intervention is needed. To improve multi-step ex-
ecution, we incorporate a difficulty-aware budget
allocation strategy that adaptively regulates large-
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model intervention under persistent stagnation. Ex-
perimental results show that AgentCollab achieves
a favorable trade-off between reasoning quality and
execution latency, improving the Pareto frontier
across diverse agent benchmarks. More broadly,
the proposed framework points to a promising di-
rection for efficient agent systems, where heteroge-
neous language models collaborate through internal
signals rather than external orchestration.

Limitations

The main efficiency evaluation is conducted with
open-source LL.Ms deployed through local infer-
ence services, where latency, batching behavior,
hardware allocation, and decoding configurations
can be controlled consistently across methods. We
also provide additional experiments with closed-
source API models, suggesting that the proposed
collaboration mechanism remains applicable in
API-based settings. However, API latency is af-
fected by server-side scheduling and network con-
ditions, making it difficult to fairly compare end-
to-end speedup with locally deployed models. We
therefore report accuracy and reasoning steps for
API-based experiments, while leaving a more con-
trolled analysis of API latency and monetary cost
to future work.
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A Additional Benchmark

To further examine whether the observed accuracy—
efficiency trade-off generalizes beyond the main
benchmarks, we report additional results on GAIA
and XBench in Table 6. These benchmarks cover
complementary multi-step reasoning and tool-use
scenarios. The results show a consistent trend with
the main experiments: AgentCollab improves over
the small-model baseline while retaining clear ef-
ficiency advantages over the large-model baseline,
suggesting that the proposed collaboration mecha-
nism is not specific to a single benchmark or agent
framework.

B Closed-source API

We also evaluate AgentCollab with closed-source
API models, as reported in Table 7. This setting
tests whether the proposed collaboration mecha-
nism remains effective when the underlying mod-
els are accessed only through black-box inference
APIs. The results show that AgentCollab can
still provide a favorable balance between task per-
formance and inference cost, indicating that the
method is compatible with both open-source local
deployment and practical API-based agent systems.

C Definition of the Switching Ratio

The switching ratio used to quantify oscillatory
switching is defined as:

SN S I myy # Mig-1)
S (Ti—1)

where N is the number of trajectories, 7; is the
number of steps in trajectory i, m;; € {Mg, M1}
denotes the selected model at step ¢, and I(-) is the
indicator function.

3

stitch =

D Case Study

To further illustrate how AgentCollab corrects
stalled reasoning trajectories through model es-
calation, we present a representative case in Ta-
ble 8, comparing small-model-only, large-model-
only, and AgentCollab under the same task. The
small-model-only setting becomes trapped in a dif-
ficult subproblem and gradually drifts toward an
incorrect search direction, whereas the large-model-
only setting is able to maintain broad and accu-
rate exploration throughout the trajectory. Agent-
Collab initially encounters a similar difficulty, but
detects the lack of meaningful progress through

self-evaluation and temporarily transfers control
to the large model. After the difficult segment is
resolved, control returns to the small model, which
resumes efficient reasoning on the corrected tra-
jectory. This example shows that the proposed
collaboration mechanism can recover from local
stagnation while preserving much of the efficiency
advantage of the small model.

E Difficulty-Split Analysis of
Progress-Check Frequency

To further examine how progress-check frequency
affects tasks with different reasoning complexity,
we split the BrowseComp_zh instances into simple
and hard subsets according to the number of reason-
ing steps required by the default step-wise progress-
check setting. Specifically, tasks with fewer than
10 steps for DDV2 and fewer than 5 steps for
WebSailor are treated as simple tasks, while the
remaining tasks are treated as hard tasks. This
analysis complements the main progress-check fre-
quency ablation by showing whether the observed
accuracy—efficiency trade-off differs across task
difficulty levels.

As shown in Table 10, reducing the progress-
check frequency has a smaller effect on simple
tasks, where the reasoning horizon is short and
delayed escalation is less likely to affect the fi-
nal answer. By contrast, hard tasks obtain larger
speedup because more reasoning steps are executed
by the small model before escalation is triggered,
but this also leads to larger accuracy degradation.
These results are consistent with the main ablation
in Table 4: less frequent checking can slightly im-
prove efficiency, but delayed intervention increases
the risk that the small model remains on an un-
productive trajectory for longer. We therefore use
step-wise progress checking as the default setting.

F Difficulty-Aware Speedup Analysis

To better understand how the efficiency gain varies
across task complexity, we analyze the per-instance
speedup ratio with respect to task difficulty. Fol-
lowing a simple operational proxy, we use the exe-
cution latency of the large model as an estimate of
task difficulty: instances that require longer large-
model execution are treated as more difficult.
Figure 7 shows that the speedup of both Agent-
Collab and the small-only baseline increases with
task difficulty. This trend suggests that harder tasks
provide more room for reducing latency relative to
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GAIA

xbench-DeepSearch

Agent Method Acc. (%)  #Steps  Speedup  Acc. (%) #Steps  Speedup
Small 359 24.18 1.68 % 39.0 27.32 1.82x
Large 54.2 18.52 1.00x 53.0 20.74 1.00x
Random 38.6 23.04 1.19x 41.8 26.15 1.17x
RouteLLM 45.1 24.58 1.16x 45.6 27.40 1.14x
DDV2 FrugalGPT 443 22.36 1.33x 46.4 24.92 1.31x
TRiM 45.8 23.21 1.24x 47.2 25.84 1.23x
Miroflow 49.6 21.84 1.31x 49.8 24.31 1.34x
WeDAS 48.9 21.27 1.37x 49.1 23.76 1.40x
Ours 523 21.03 1.45% 51.7 23.18 1.52x
Small 37.9 12.04 2.16x 343 13.47 2.29x
Large 53.2 8.31 1.00x 533 8.86 1.00x
Random 40.7 12.28 1.22x 375 13.86 1.15x%
RouteLLM 45.6 10.76 1.34x 432 11.72 1.28 %
WebSailor  FrugalGPT 44.9 11.34 1.29x 42.6 12.36 1.21x
TRiM 44.1 11.06 1.25x 41.8 12.08 1.19x%
Miroflow 48.7 10.18 1.38x 474 10.94 1.36x
WeDAS 48.2 9.92 1.43x 46.8 10.62 1.41x
Ours 51.0 9.36 1.57x 50.6 10.03 1.55%

Table 6: Additional results on GAIA and xbench-DeepSearch. Speedup is measured relative to the large-model
baseline in each agent framework. AgentCollab maintains strong accuracy-efficiency trade-offs on additional

deep-search benchmarks.
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Figure 6: Failure analysis. Box plots comparing successful and failed cases in terms of (a) large-token ratio (the

proportion of tokens generated by the Large model), (b) number of reasoning steps, and (c) latency.

Model Pair Acc. (%) #Steps
GPT-5-mini + GPT-5 32.8 20.35
Gemini-3-Flash + Gemini-3-Pro 31.6 2091

Table 7: Closed-source API model-pair results on
BrowseComp_zh under the DDV2 framework. We
report accuracy and reasoning steps only, since API la-
tency is affected by server-side scheduling and network
conditions.

the large-only setting. The small-only baseline ex-
hibits a steeper increase, which is expected because
it always executes the smaller model and therefore
achieves greater latency reduction as the number
of steps increases. By contrast, AgentCollab selec-
tively invokes the large model when self-evaluation
indicates insufficient progress. This design mod-
erates the absolute speedup gain, but it preserves

the corrective capability of the large model on chal-
lenging trajectory segments.

These results support the intended trade-off
of AgentCollab. Rather than maximizing speed
alone, the framework maintains substantial effi-
ciency gains as task difficulty grows, while reserv-
ing stronger computation for cases in which purely
small-model execution is more likely to fail.

G Effect of Model Size Pairing.

To further examine how the choice of model sizes
affects collaboration performance, we compare dif-
ferent small-large model pairings on WebSailor
over BrowseComp_zh, as shown in Table 9. Here,
configurations such as 3B + 7B denote collabora-
tion between two models of different sizes. For fair
comparison, speedup is computed relative to the
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Small Model

AgentCollab

Large Model

Let me analyze this task: The task re-
quires searching for a historically sig-
nificant document jointly signed by
multiple national representatives, with
a focus on the English copy stored in a
Chinese museum. I should begin with
a web search.

Let me analyze this task: I need to
search for a multi-nation jointly signed
historical document, stored in a Chi-
nese museum, in English. Possible can-
didates include the UN Charter, Treaty
of Versailles, etc. I need both Chinese
and English keywords.

Let me analyze this task: Find an En-
glish document jointly signed by multi-
ple national representatives with major
historical significance, and stored in a
Chinese museum. I should focus on
international treaties, UN documents,
and museum collections in China.

Analysis: All three systems begin with high-quality reasoning from the large model. The Small Model mode also starts
with large model planning to compare them in a more fair configuration.

Now I have obtained detailed informa-
tion on the Cairo Declaration... Let
me search for other similar important
documents.

I still have not found a multi-nation
signed English document stored in a
Chinese museum. Let me try search-
ing for the “UN Conference Memorial
Album” from the Museum of Overseas
Chinese History. [Progress check:
no significant progress made. Esca-
late.]

I found important information:
UN Charter drafting documents
(Chongging Library), “UN Confer-
ence Memorial Album” (Museum of
Overseas Chinese History), and other
multi-nation historical materials.

Analysis: The left system enters a local loop with limited search breadth; the AgentCollab system encounters stagnation
and triggers model escalation; the right system continues high-quality knowledge expansion.

From the second round of search re-
sults, I did not find other documents
that clearly meet the requirements. ..
Let me search the UN Charter or other
international treaties.

Great! I found the “UN Conference
Memorial Album”: stored in the Mu-
seum of Overseas Chinese History, in-
volving 50 nations, containing bilin-
gual UN Charter texts, fully meeting
the task requirements. [Restore to
small model.]

Summary of findings: English UN
Charter, UN Conference Memorial Al-
bum, “Records of Liberated Areas of
China,” and other relevant documents.

Analysis: This is where collaborative reasoning shows its clear advantage: the left system fails to find the key document;
the middle system, after escalation, finds the exact same crucial evidence as the large-model-only system.

Now I have enough information to
complete the task: Cairo Declaration,
UN Charter (museum collection un-
clear).

I found three classes of documents: the
UN Conference Memorial Album; UN
documents stored in the National Li-
brary of China; and international con-
vention files stored through UN deposi-
tory library systems (including English
versions).

Let me reorganize all findings: English
UN Charter, UN Conference Memorial
Album, Records of Liberated Areas of
China, and UN Charter drafting docu-
ments — ready to finish the task.

Analysis: The right system maintains maximal coverage at high cost; the middle system reaches nearly the same breadth
and accuracy through collaboration; the left system misses the core target and yields the lowest final quality.

Table 8: Comparison of key THINK steps across three reasoning modes: small-model-only, AgentCollab, and
large-model-only.
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Configuration Acc. (%) #Step Speedup
3B 9.7 9.44 1.37x
3B+ 7B 12.5 11.40 1.08 %
7B 14.2 10.38 -

3B + 32B 12.8 9.08 1.40x
7B + 32B 225 8.49 1.50%
32B 25.5 7.79 -

Table 9: WebSailor on BrowseComp_zh with differ-
ent model size configurations. Configurations such as
3B + 7B denote collaboration between two models of
different sizes. Speedup is computed against 7B in the
upper block and against 32B in the lower block.

o Ours (7B-32B) Speedup
Small Speedup

IS

Speedup Ratio
w

40 60 80 100 120 140 160 180

Task Difficulty
Figure 7: Speedup ratio as a function of task difficulty.
Task difficulty is measured by the total latency of the
Large (32B) baseline for each task (x-axis), and the
y-axis reports the corresponding speedup ratio. Blue
circles denote the speedup of Ours (7B-32B), while
green crosses denote the speedup of the Small-only
model (7B). Solid lines show linear trend fits. The red
dashed line at y = 1 indicates parity with the Large
baseline. The proposed AgentCollab maintains a clear
positive trend under a selective large-model allocation
strategy.

7B baseline in the upper block and relative to the
32B baseline in the lower block.

As shown in Table 9, collaboration becomes
more effective when the capability gap between the
paired models is larger. In particular, 7B + 32B sub-
stantially improves over 7B alone and approaches
the performance of 32B, while requiring fewer rea-
soning steps and achieving 1.50x speedup. By
contrast, the gain from 3B + 7B is relatively lim-
ited, suggesting that the benefit of collaboration
depends not only on model combination itself, but
also on whether the stronger model can provide
sufficient corrective capacity over the weaker one.

H Pseudo-code of AgentCollab

Algorithm 1 presents the full inference procedure
of AgentCollab with static budget allocation strat-
egy. The process consists of an initial planning
stage with the large model, followed by a collab-
orative reasoning stage in which the small model
handles routine progress and the large model is
invoked only when self-evaluation indicates stagna-
tion. During each escalation episode, the number
of consecutive large-model steps is bounded by a
predefined budget to avoid excessive computation.
The procedure terminates once a final answer is
produced from the accumulated context.

I Progress-check Prompt

For the progress check described in Section 2, we
prepend the following instruction to the model’s
self-reflection step. This prompt requires the model
to (1) summarize the newly observed actions and
outcomes since the previous THINK step, (ii) assess
whether these updates move the trajectory mean-
ingfully closer to the final objective, and (iii) return
a binary judgment in a strictly constrained output
format.
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Agent Task Type Acc. (3-step) Speedup Acc. (5-step) Speedup

bpyy  Simple 336(-03)  137x  333(06)  139x
Hard 330(-:09)  142x  324(-15)  147x
 Simple 2104  152x  218(-07)  1.54x
WebSailor 7, 4 201 (-14)  158x  20.1(-24)  1.63x

Table 10: Difficulty-split analysis of progress-check frequency on BrowseComp_zh. Accuracy drops relative to
step-wise progress checking are shown in parentheses. Simple tasks achieve limited speedup with minimal accuracy
degradation, whereas hard tasks gain more efficiency but suffer larger performance drops.

Prompt for Progress Check

In this THINK step, I will first summarize what has changed since the previous THINK
step,

then analyze whether these changes constitute significant progress toward the final
objective.

Summary of new actions and results since the previous THINK step:

Impact of these changes on progress toward the objective:

Now I will make an explicit binary judgment about progress.

IMPORTANT: In the PROGRESS block below, I MUST strictly follow this structural format:

===PROGRESS===

<reason> one or two sentences explaining whether there is significant progress and why
</reason>

<value>TRUE or FALSE only</value>

===END_PROGRESS===

and finish the generation immediately without any further content. Ignore the original
requirements for the think tool.

Now I write the actual PROGRESS block following this structural format:
===PROGRESS===
<reason>
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Algorithm 1: AgentCollab with Self-Evaluation-Driven Escalation

Input: User query @, Large model My, Small model Mg, Initial large-model budget K1, Maximum consecutive
large-model steps per escalation By,

Output: Final answer A
// Phase 0: Initialization
ctx < init_context(Q);
mode < LARGE;
large_steps_used < 0;
// Phase 1: Initial Planning with Large Model
while large_steps_used < K, do
think_out < My . THINK(ctz);
ctx  ctx U {think_out};
prog <+ M, . PROGRESS_CHECK(ctz);
large_steps_used < large_steps_used + 1;
if prog.value = TRUE then

if is_final_answer(ctx) then

A «+ extract_answer(ctx);
L return A;

mode < SMALL;

// Phase 2: Collaborative Reasoning with Self-Evaluation-Driven Escalation

while not is_final_answer(ctz) do

if mode = SMALL then

think_out < Ms. THINK_AND_TOOLS(ctx);

ctx < ctx U {think_out};

prog < Ms.PROGRESS_CHECK(ctz);

if prog.value = TRUE then

| continue;

else
mode < LARGE;
large_steps_used < 0;
continue;

else if mode = LARGE then
think_out < M. THINK_AND_TOOLS(ctz);
ctx < ctx U {think_out};
prog < My PROGRESS_CHECK(ctz);
large_steps_used < large_steps_used + 1;
if prog.value = TRUE then
if is_final_answer(ctx) then
A < extract_answer(ctz);
return A;

mode < SMALL;
else if large_steps_used > By, then
L mode <+ SMALL;

// Phase 3: Finalization
A + extract_answer(ctx);
return A;
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