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Abstract

Interactive large language model agents have
advanced rapidly, but most remain specialized
to a single environment and fail to adapt ro-
bustly to other environments. Model merging
offers a training-free alternative by integrat-
ing multiple experts into a single model. In
this paper, we propose Agent-Role Merging
(ARM), an activation-guided, role-conditioned
neuron transplantation method for model merg-
ing in LLM agents. ARM improves existing
merging methods from static natural language
tasks to multi-turn agent scenarios, and over
the generalization ability across various inter-
active environments. This is achieved with a
well designed 3-step framework: 1) construct-
ing merged backbones, 2) selection based on
it role-conditioned activation analysis, and 3)
neuron transplantation for fine-grained refine-
ments. Without gradient-based optimization,
ARM improves cross-benchmark generaliza-
tion while enjoys efficiency. Across diverse do-
mains, the model obtained via ARM merging
outperforms prior model merging methods and
domain-specific expert models, while demon-
strating strong out-of-domain generalization.

1 Introduction

Recently, we have witnessed the surge of agents by
fine-tuning large language models (LLMs) in in-
teractive environments, such as web browsing and
operating systems (Liu et al., 2023; Zheng et al.,
2025). These LLM-based agents can think, plan,
and act through external tools to accomplish real-
world tasks, making them practically valuable (Yao
et al., 2023; Qin et al., 2024). Despite these ad-
vances, current LLM-based agents often exhibit
limited cross-environment robustness (Yao et al.,
2024; Wang et al., 2024). Models tuned for one
environment often degrade sharply when deployed
in another one with different tool schemas, action
interfaces, or trajectory distributions (Yao et al.,
2024; Wang et al., 2024). A straightforward solu-
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Figure 1: Performance variability of common training-free
merge heuristics across interactive agent benchmarks.

tion is to further fine-tune a single model across
all environments, but this introduces substantial
engineering and optimization complexity (e.g., cur-
riculum/order effects across environments, hetero-
geneous tool interfaces, and extensive debugging)
and incurs huge training costs (Zhang et al., 2025;
Li et al., 2025a).

In this paper, we focus on a training-free alterna-
tive, model merging. It aims at combining multi-
ple checkpoints of the same architecture — often
specialists fine-tuned for different environments
(marked as expert in the rest of paper) — into
a single model that aims to inherit the strengths
of each (Ilharco et al., 2023; Yadav et al., 2023).
Without additional training, model merging offers a
practical path to greatly improving capabilities and
reducing the burden of maintaining many special-
ized checkpoints (Wortsman et al., 2022; Ilharco
et al., 2023). A growing literature studies training-
free merging, from simple parameter-space compo-
sitions (Ilharco et al., 2023) to interference-aware
recipes such as TIES-Merging (Yadav et al., 2023).
Recent work further investigates activation merg-
ing (e.g., AIM (Nobari et al., 2025), NeuronMerge
(Gu et al., 2025)), leveraging internal signal trac-
ing to mitigate inter-model interference. However,
the above methods are predominantly developed
on static, single-turn tasks, and few works target
interactive agent settings.

To this end, we propose agentic merging to com-



bine multiple LLMs that generalize well across
interactive environments. We highlight two critical
challenges. First, how can we preserve general ca-
pabilities reliably? Different base model families
exhibit different internal mechanism and activation
features. Their behaviors can become highly un-
stable across benchmarks. As shown in Figure 1,
widely used heuristics exhibit pronounced cross-
benchmark variance, with no single heuristic con-
sistently strong across environments. This moti-
vates a stability-aware backbone selection strategy
prior to any fine-grained intervention. Second, how
can we avoid capability conflicts during merging?
This is a core challenge for model merging, and
multi-turn agent trajectories exacerbate it. Small
deviations in role-critical spans (e.g., tool-call for-
matting, action serialization, or final-answer JSON)
can cascade into repeated failures and negative
transfer across environments.

Therefore, we design Agent-Role Merging
(ARM), an activation-guided, role-conditioned neu-
ron transplantation framework for training-free
model merging. To tackle the first challenge, ARM
introduces a dynamic backbone construction and
selection stage. It constructs a small candidate pool
of merged backbones using standard weight-space
merge operators, then dynamically selects a strong
one using a well-designed strategy based on mecha-
nism analysis. Note that this step remains training-
free and avoids costly operations while maximizing
the reserved capabilities. To tackle the second chal-
lenge, ARM performs fine-grained neuron trans-
plantation at the level of role-critical behaviors.
Specifically, ARM conducts role-conditioned acti-
vation tracing on a small calibration set to identify
key neurons for specific abilities (e.g., tool calls, ac-
tions, and final-answer JSON), and then selectively
transplants these neurons from the corresponding
expert into the chosen backbone. We also use a
conflict-aware policy to reduce negative transfer in
multi-turn settings.

We evaluate ARM on multiple widely used
agentic benchmarks, and show that it yields the
strongest single merged generalist across both
Qwen3 and Qwen2.5 expert pools, improving aver-
age performance and worst-suite robustness while
maintaining strong out-of-domain generalization
compared to prior training-free merging baselines.

Our contributions are summarized as follows:

* We propose to curate and select merged back-
bones dynamically for reliable general capa-

bility reservation.

* We propose a fine-grained neuron transplan-
tation mechanism for agentic LLM merging
towards better generalization.

* Extensive experiments on four in-domain
suites and two out-of-domain benchmarks
demonstrate that ARM consistently improves
generalist performance and robustness over
strong weight-space and activation-aware
training-free baselines using a single merged
checkpoint.

2 Related Work

Training generalist agents. One route to cross-
environment generalization is to train a single gen-
eralist agent using large-scale multi-task trajec-
tories, often via online interaction and reinforce-
ment learning. AgentRL (Zhang et al., 2025) ex-
plores scaling agentic RL in multi-turn settings, and
Chain-of-Agents (Li et al., 2025a) studies multi-
agent distillation and agentic RL for foundation
agents. While effective, such pipelines require ex-
pensive interaction and task coverage; our goal is
complementary: training-free composition of exist-
ing specialists.

Model merging beyond static-task heuristics.
Model merging combines multiple fine-tuned mod-
els into a single model without additional gradi-
ent updates, ranging from weight averaging and
model soups (Wortsman et al., 2022), task arith-
metic and task vectors (Ilharco et al., 2023) to
interference-aware recipes such as TIES-Merging
(Yadav et al., 2023). Recent work also explores
activation-aware merging, such as AIM (Nobari
et al., 2025) and NeuronMerge (Gu et al., 2025),
to mitigate interference by tracing internal sig-
nals. However, most existing approaches are devel-
oped and validated on static, single-turn NLP tasks.
They lack activation-based criteria for selecting a
strong merged backbone and do not incorporate
conflict-aware policies to protect role-critical cir-
cuits when importing benchmark-specific behav-
iors. Our framework complements these efforts by
using role-conditioned activation tracing for back-
bone selection and conflict-aware, role-salient neu-
ron transplantation for mitigating negative transfer
in interactive agents.
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Figure 2: Overview of Agent-Role Merging (ARM). Step 1: Backbone pool construction. We apply multiple training-free
weight-space merge operators to benchmark-specialized experts to obtain a pool of candidate merged backbones. Step 2:
Backbone selection. A selector computes the Activation-Overlap Score (AOS) using role-conditioned MLP activations on a
lightweight calibration set, and chooses the candidate backbone that maximizes mean AOS across benchmarks. Step 3: Neuron
transplantation. For benchmarks where the selected backbone remains weak, we transplant a small top-k% subset of donor
(expert) MLP neurons into the backbone while strictly protecting neurons salient for other benchmarks to avoid negative transfer.
The resulting single model consolidates expert capabilities across benchmarks without end-to-end retraining.

3 Method

In this section, we present Agent-Role Merg-
ing (ARM), a training-free pipeline for consoli-
dating benchmark-specialized experts into a single
multi-benchmark agent model. ARM proceeds
in three phases: (i) Backbone Pool Construc-
tion, which constructs a pool of merged backbones
via training-free weight-space merging, (ii) Back-
bone Selection selects the backbone that best pre-
serves expert role-salient neurons using Activation-
Overlap Score (AOS), and (iii) Neuron Trans-
plantation repairs remaining capability gaps via
conflict-aware neuron transplantation while strictly
protecting neurons that are important for any other
benchmark.

3.1 Backbone Pool Construction

To compare different merging strategies and select
the best backbone, we first need to construct a set
of candidate backbones, where each backbone rep-
resents a single merged model. Thus, we consider
N benchmark-specialized experts {M, "}V, fine-
tuned from the same base LLLM, and thus sharing
the same architecture and tokenizer. B denotes the
set of benchmarks, and M *P denote the expert
corresponding to the i-th benchmark b; € B with a
one-to-one mapping between benchmarks and ex-
perts. Our goal is to obtain a single merged model

that performs well across all benchmarks in 5 with-
out additional gradient-based retraining. Since dif-
ferent training-free weight-space merge operators
can yield markedly different trade-offs, we con-
struct a small pool of candidate merged backbones
by applying a set of standard merging operators G,
such as uniform averaging (Wortsman et al., 2022),
task arithmetic (Ilharco et al., 2023), and TIES-
Merging (Yadav et al., 2023). Each operator g € G
produces a candidate backbone:

W9 = ().

3.2 Backbone Selection

To select the backbone that best preserves expert
role-salient neurons for model merging, we first
need to compare candidate merged backbones,
which requires a criterion that identifies the pa-
rameters supporting benchmark-critical behaviors.
To achieve this, we propose role-conditioned MLP
activations, which serve as a lightweight, training-
free criterion, to approximate these circuits and
summarize them as top-k neuron sets.
Specifically, a small calibration set D, is sam-
pled from splits that are disjoint from evalua-
tion/test sets (see Section 4). Dégl) C Dy de-
note the calibration trajectories for benchmark b;.
For a given model M with L blocks, z,(t) € R4



denotes the post-activation vector of the MLP in
block ¢ at token position t. T}, () denotes the
role-r token positions in trajectory x for bench-
mark b;. Trajectories without a given role segment
(i.e., Ty, »(z) = () are ignored when estimating
saliency for (b;,r). Therefore, Role-conditioned
saliency is defined as the expected per-role mean
activation:

se,;(M;bs,r) = IE

cal |t€Ty, r(z)

pD) [ mean |z, t)|:| . 2)

Next, the top-k fraction of neurons is selected
per layer:

S@(M; bi, 7“) = TOPKj (Sgﬂj(M; bi, T), [k’ dff—|), (3)

where S(M;b;,r) = {(¢,7) : 7 € Se(M;b;,r)}
is the role-salient set. An element n = (¢,j) €
S(M;b;, ) is referred to as a neuron index. For
brevity, S(M;b;) = S(M;b;,m,) is used when
the target role is clear from the benchmark.

Hereafter, we design an Activation-Overlap
Score (AOS) to select a backbone that preserves
role-salient neurons from the corresponding experts
across benchmarks. Specifically, for each bench-
mark b;, we denote the role-salient neuron sets of
the expert model and the candidate backbone as
S, P and Sé?’g )| respectively.

Based on these definitions, the Activation-
Overlap Score of a candidate backbone on bench-
mark b; is defined as:

’S(ng) m Sexp

AOS(MO9);by) = @)
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Finally, we select the backbone with the highest
mean AOS:

g = argmax 5 ZAOS(M(O’Q);bi),
5 1Bl e 5)

MO — pr0.9%)

Using the AOS, the selector favors backbones that
best preserve experts’ role-salient neurons, yielding
a robust starting point without exhaustive evalua-
tion of every merge candidate.

3.3 Neuron Transplantation

To repair remaining capability gaps and protect neu-
rons that are important for any other benchmarks,
we propose conflict-aware neuron transplantation.

Specifically, we first conduct capability-gap di-
agnosis to identify weak benchmarks Byeax C B

introduced by role-specific regressions in model
merging. A held-out development set Dgye, (e.2.,
benchmarks with the largest performance gaps be-
tween M) and the corresponding expert) is se-
lected to apply transplantation for b; € Byeak.
This development evaluation is used only to de-
cide where transplantation is applied (not to train
parameters). For each benchmark b;, we use its
corresponding expert as the donor and denote it by
Mdon = M;Xp

Next considering that weight-space merging
is a global operation and can blur or overwrite
benchmark-specific circuits. To correct specific
failures without retraining the entire model, we
perform localized edits by transplanting a small
number of donor MLP neurons into the selected
backbone. To achieve this, we refine M (9) by selec-
tively transplanting a small subset of MLP neurons
from donors into the backbone. For block ¢, the
MLP parameters are denoted as We Réxd in
which b € R and WY, € Rddef. Neuron
(¢, 7) corresponds to row j of T/Vlfl, entry j of bm,
and column j of W/ ,. A hard transplantation from
donor M9°™ into model M performs:

WG, ] < WEm g,

by [j] = b2, 6)
Wout[. ]ewfu(ion[ﬂj]?

For gated MLPs (e.g., SwiGLU), a neuron index
j corresponds to the same index across the gate
and up projections as well as the down projection;
we transplant the corresponding rows and columns
accordingly. We apply transplantation only to a
small set of neurons, keeping the rest of the network
unchanged to reduce collateral interference, similar
in spirit to localized editing methods that aim to
confine behavioral changes (Meng et al., 2022a,b).

Finally, since naively transplanting all donor-
salient neurons can overwrite neurons that the back-
bone already relies on for other benchmarks, caus-
ing negative transfer, we employ conflict-aware
transplantation policy to strictly protect backbone
neurons that are salient for any other benchmark,
and only transplant donor neurons that do not be-
long to those protected sets.

For each benchmark b;, we define the set of back-
bone neurons that are salient for any other bench-
mark’s critical role:

P, = U

b, €B, b#b;

S(M®;ph), ()



Algorithm 1 ARM: Candidate merging, backbone
selection, and conflict-aware neuron transplanta-
tion

Require: Expert models { M (@) i]\il; merge opera-
tors G; benchmarks B;
Ensure: Merged model M™.
1: Set donor Mo < M for each b € B.
2: Compute donor saliency S§°® «— S(Mgon; b)
foreach b € B.
3: Construct candidate backbones {M(%9)} ¢
4: for g € G do
Compute backbone saliency Séo’g )«
S(M(:9); b) for each b € B.
Score(g) « ﬁ S e AOS(M©9); b).
end for
g* + argmaxyecg Score(g).
M « M©97),
10: Assign backbone saliency S(M;b) + S}So,g*)
foreach b € B.
11: Select weak benchmarks Byeac € B on Dyey.
12: for b € Byeax do
13: P_p Ub’eB, b/ #£b S(M;b/).
14 Tp<{n€ S |n¢P_y}
15: Transplant neurons in 7, from M, glon into
M.
16: end for
17: return M.

bl

° % 3D

where we use the shorthand S(M;b;) =
S(M;bi, ). When repairing benchmark b,
we start from the donor’s role-salient neurons
S(Mg°n; b) and exclude all neurons that are salient
for any other benchmark:

To={ne s |ng P} ®

With this conflict-aware transplantation strategy,
we target capability gaps while protecting the sta-
bility of other benchmarks and minimizing negative
transfer.

4 Experiments

4.1 Experiment Setup

Expert models. We adopt Qwen3-8B (Yang
et al., 2025) as the primary backbone architec-
ture and merge three benchmark-specialized SFT
experts released in the SIMIA framework (Li
et al., 2025b), namely Simia-Tau-SFT-Qwen3-8B,
Simia-OfficeBench-SFT-Qwen3-8B, and Simia-
AgentBench-SFT-Qwen3-8B. Each expert is fine-
tuned on synthesized multi-turn trajectories with

benchmark-specific tool interactions, including air-
line and retail tool calls in a 72-Bench-style envi-
ronment (Barres et al., 2025), OfficeBench multi-
application workflows, and AgentBench-style op-
erating system and WebShop tasks. For addi-
tional comparisons, we also evaluate an expert pool
based on Qwen2.5-7B trained with the same SIMIA
recipe.

Baselines. We compare ARM with strong
training-free ~ weight-space  merging base-
lines, including uniform averaging, Model
Stock (Jang et al., 2024), task arithmetic (Ilharco
et al., 2023), TIES (Yadav et al., 2023), and
TIES+DARE (Yu et al., 2024b) (all implemented
in MERGEKIT (Goddard et al., 2024)), as well as
WIDEN (Yu et al., 2024a), AIM (Nobari et al.,
2025), and NeuronMerge (Gu et al., 2025). For
detailed baseline settings, see Appendix A.1.

Benchmarks. To evaluate the generalization ca-
pability of our method, we conduct experiments
under both in-domain and out-of-domain settings:
1) In-domain benchmarks include 7-bench (Yao
et al., 2024), OfficeBench (Wang et al., 2024), Web-
Shop, and Operating System (Both from Agent-
Bench (Liu et al., 2023))) Out-of-domain bench-
marks include DB-bench (Zheng et al., 2025) and
AlfWorld (Shridhar et al., 2020). Further details on
benchmark composition and settings are provided
in Appendix A.2.

Calibration data and role spans. To compute
role-conditioned saliency (Section 3.2), we con-
struct a calibration set that is disjoint from all eval-
uation and test splits, containing a total of 699 tasks
and 1240 trajectories. This calibration set is used
solely for forward-pass activation tracing without
gradient updates. Details of its composition are
provided in Appendix A.3.

4.2 Main Results

Tables 1 and 2 summarize the overall results on
the Qwen3-8B and Qwen2.5-7B expert pools, from
which we draw the following observations:

(1) ARM yields the strongest single merged
generalist across both expert pools. It is the only
approach that consistently surpasses the BEST-of-
Three oracle on both backbones. We attribute this
to ARM’s two-stage design: AOS-based backbone
selection avoids starting from an unstable merge,
and the subsequent localized repair targets only the
remaining suite-specific deficiencies.



Model WebShop oS T-bench  OfficeBench DB AlfWorld AVG
Qwen3-8B 30.5 13.2 32.0 2.9 41.3 24.0 24.0
Simia-Tau 44.8 16.0 43.8 2.9 45.7 32.0 30.9
Simia-OfficeBench 51.1 25.7 16.1 375 43.7 44.0 36.4
Simia-AgentBench 64.8 29.2 15.9 39 45.7 42.0 33.6
BEST-of-Three (oracle) 64.8 29.2 43.8 37.5 45.7 44.0 44.2
Average 63.8 -15%) 27.1 (-72%) 19.1 (-56.4%) 49.8 +32.8%) 44.7 (-22%) 46.0 (+4.5%) 41.8 (-5.4%)
Model Stock 36.3 (-44.0%) 15.3 (-47.6%) 32.3 (-263%) 3.9 (-89.6%)  43.0 (-5.9%) 22.0 (-50.0%) 25.5 (-42.3%)
Task Arithmetic 61.8 (-4.6%) 27.8 (-48%) 22.5(-48.6%) 15.5(-58.7%) 38.3 (-16.2%) 10.0 (-77.3%) 29.3 (-33.7%)
TIES 50.6 (-21.9%) 25.0 (-14.4%) 20.0 (-543%) 43.3 (+155%) 46.3 (+1.3%) 32.0(-273%) 36.2 (-18.1%)
TIES+DARE 54.7 -15.6%) 20.8 (-28.8%) 23.6 (-46.1%) 18.3 (-51.2%) 37.0 (-19.0%) 14.0 (-68.2%) 28.1 (-36.4%)
WIDEN 59.0 (9.0%)  29.0 -0.7%) 22.4 (-489%) 22.5(-40.0%) 36.3 (-20.6%) 14.0 (-68.2%) 30.5 (-31.0%)
NeuronMerge 32.7 (495%) 16.2 (-445%) 32.7 (-253%) 2.9 (-923%) 40.3 (-11.8%) 28.0 (-36.4%) 25.5 (-42.3%)
AIM 61.7 -48%) 31.2 (+68%) 22.6(-484%) 38.0(+1.3%) 47.7 (+44%) 36.0 (-182%) 39.5 (-10.6%)
ARM (ours) 62.9 (29%) 35.4 +212%) 28.5 (-34.9%) 44.9 (+19.7%) 47.7 (+44%) 48.0 (+9.1%) 44.6 (+0.9%)

Table 1: Main results with Qwen3-8B experts. 7-bench and OfficeBench report suite averages. WebShop and OS are AgentBench
tasks. DB-bench and AlfWorld are out-of-domain benchmarks. AvVG is the mean over the six aggregates (BEST-of-Three is an
oracle expert selector baseline). Parentheses show relative change compared to BEST-of-Three for each aggregate. Best merged
model per column is bold; ARM is highlighted.

Model WebShop oS T-bench  OfficeBench DB AlfWorld AvVG
Qwen2.5-7B-Instruct 55.9 31.2 18.1 24.2 50.3 58.0 39.6
Simia-Tau 443 12.5 28.7 2.9 37.7 18.0 24.0
Simia-OfficeBench 45.1 18.8 12.6 40.0 36.3 44.0 32.8
Simia-AgentBench 65.6 31.2 214 2.9 23.0 10.0 25.7
BEST-of-Three (oracle) 65.6 31.2 28.7 40.0 37.7 44.0 41.2
Average 67.2 +24%) 30.8 (-1.3%) 18.9 (34.1%) 4.8 (-88.0%)  38.0 (+0.8%) 48.0 (+9.1%) 34.6 (-16.0%)
Model Stock 63.0 (-4.0%)  31.9 (+22%) 16.4 (-429%) 36.4 (-9.0%) 51.0 (+353%) 62.0 (+40.9%) 43.5 (+5.6%)
Task Arithmetic 66.3 (+1.1%)  29.9 (-42%) 14.5 (-495%) 6.8 (-83.0%) 41.7 (+10.6%) 42.0 (-45%) 33.5 (-18.7%)
TIES 62.0 -55%) 16.7 (-46.5%) 13.3 (-53.7%) 2.9 (-92.8%) 22.3 (-40.8%) 14.0 (-68.2%) 21.9 (-46.8%)
TIES+DARE 50.8 (-22.6%) 13.9 (-55.4%) 15.2 (-47.0%) 2.9 (-92.8%)  21.7 (-42.4%) 12.0 (-72.7%) 19.4 (-52.9%)
WIDEN 41.7 (-36.4%) 11.8 (-622%) 18.0 (-373%) 2.3 (-943%) 17.6 (-53.3%) 10.0 (-77.3%) 16.9 (-59.0%)
NeuronMerge 60.7 -75%) 35.4 +135%) 18.5 (-355%) 30.9 (-22.8%) 51.3 (+36.1%) 56.0 (+27.3%) 42.1 (+2.2%)
AIM 62.6 (-4.6%) 31.2 (+0.0%) 20.9 (-272%) 18.1 (-54.8%) 42.3 (+122%) 46.0 (+4.5%) 36.9 (-10.4%)
ARM (ours) 64.2 (-2.1%) 28.5(-87%) 22.0 (-233%) 40.3 (+0.8%) 51.3 (+36.1%) 68.0 (+54.5%) 45.7 (+10.9%)

Table 2: Results with Qwen2.5-7B experts. Metrics follow Table 1. Parentheses show relative change compared to BEST-of-

Three for each aggregate.

(2) Weight-space merging is highly brittle in
interactive agent suites. Across both backbones,
common merge operators show pronounced cross-
suite trade-offs, where gains on some environments
come with severe regressions on others. This sug-
gests that global parameter blending can easily per-
turb role-critical behaviors, and such small devi-
ations may cascade into long-horizon failures in
multi-turn trajectories.

(3) ARM improves cross-environment ro-
bustness by isolating role-critical circuits and
mitigating negative transfer. Compared to
both weight-space and activation-aware baselines,
ARM tends to better preserve performance on

role-sensitive suites while retaining strong out-of-
domain generalization. This is mainly due to (i)
role-conditioned tracing that focuses saliency on
benchmark-critical spans, and (ii) conflict-aware
protection during transplantation that prevents over-
writing neurons needed by other environments,
thereby reducing destructive interference.

4.3 Ablation Study

We ablate ARM to validate the contribution of
each component and to characterize robustness and
practical overhead in interactive agent suites. Our
design targets two failure modes highlighted in Sec-
tion 1: (i) backbone instability across weight-space
merge operators, and (ii) destructive interference
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Figure 3: On the Qwen3-8B candidate pool,Activation-
Overlap Score (AOS) correlates positively with overall per-
formance (AVG) across candidate merge backbones. Higher
AOS tends to yield better AVG, enabling AOS-based selection
of a strong initialization without benchmark-specific tuning.

in multi-turn trajectories, where small errors on
role-critical spans (tool calls, action serialization,
structured outputs) can cascade into repeated fail-
ures. Unless otherwise stated, AOS and saliency
statistics are computed on the disjoint calibration
set (Section 4), without using evaluation data.

Effectiveness of AOS as a lightweight proxy for
backbone quality. The goal of AOS is to provide
a training-free, benchmark-agnostic selection sig-
nal that correlates with downstream cross-suite per-
formance, avoiding full interactive evaluation for
every merge candidate. Figure 3 shows a positive
relationship between AOS (measured on calibra-
tion trajectories) and overall performance (AVG)
across candidate backbones. In our candidate pools,
selecting the highest-AOS backbone identifies the
best-performing initialization in hindsight: Aver-
age for Qwen3-8B and Model Stock for Qwen2.5-
7B. These results support AOS as a practical cri-
terion for reliably choosing a strong starting point
before any neuron-level intervention, which is par-
ticularly important given the high variability of
merge operators in agent environments.

Role segmentation reduces cross-benchmark
interference. A core motivation of ARM is
that agent generalization is often bottlenecked
by failures on role-critical spans (e.g., tool-call
formats or structured final answers), rather than
generic language tokens. To test whether role-
conditioning makes the traced neuron sets more
benchmark-specific, we compare role-conditioned
tracing against a role-agnostic variant that com-

putes saliency over all response tokens. Figure 4
visualizes the top-10% salient neurons and high-
lights neurons shared across benchmark-specific
sets. Role-conditioned tracing yields substantially
lower cross-benchmark overlap: the overlap rate
drops from 61% to 41% on Qwen3-8B, and from
50% to 43% on Qwen2.5-7B. This suggests that
restricting tracing to benchmark-critical role spans
produces more specialized neuron sets, which is de-
sirable for localized transplantation: fewer shared
neurons implies fewer accidental edits to capabili-
ties needed by other environments.

Conflict-aware protection improves robustness.
Neuron transplantation can repair benchmark-
specific regressions, but directly transplanting all
donor-salient neurons may overwrite neurons that
are also important for other environments, leading
to negative transfer. ARM mitigates this risk via
conflict-aware set subtraction (Section 3.3), which
removes donor neurons that overlap with the aggre-
gated salient set from the remaining benchmarks.

We ablate this protection by comparing ARM
against an unprotected variant and sweeping the
per-layer top-k fraction used to define role-salient
neurons. Figure 5 shows that the unprotected vari-
ant is more sensitive to k: performance decreases
more rapidly as k grows, whereas conflict-aware
protection yields consistently higher performance
and a flatter degradation trend across a wide range
of k. Overall, the results suggest that conflict-aware
subtraction improves robustness to the choice of k
and helps limit negative transfer when the interven-
tion scope increases.

Generalization metrics beyond AvVG. To better
characterize cross-environment generalization, we
report two robustness-oriented summaries in ad-
dition to AVG: Worst-suite (WS), the minimum
over the six benchmark aggregates, and an oracle-
normalized harmonic mean (RHM), which empha-
sizes balanced performance across suites. Table 3
shows that the AOS-selected initialization is dom-
inated by its weakest suite, resulting in low WS.
ARM improves this worst-case robustness while
also increasing AVG, raising WS from 19.1 to 28.5
on Qwen3-8B and from 16.4 to 22.0 on Qwen2.5-
7B, and substantially improving RHM. Overall,
these summaries indicate that ARM yields a more
balanced generalist model that approaches the or-
acle selector more uniformly by alleviating the
weakest-suite bottleneck.
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lower overlap, indicating reduced cross-environment entanglement of the traced circuits.
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Qwen2.5-7B  AOS-selected
Qwen2.5-7B  ARM

Model AVG (%) WS (%) RHM

41.8 19.1 0.84
44.6 28.5 0.98

43.5 16.4 0.95
45.7 22.0 1.04
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Table 3: Generalization summaries for the AOS-selected ini-
tialization backbone and ARM. AVG is the unweighted mean
over six benchmark aggregates. WS is the minimum over the
six aggregates. RHM is the harmonic mean of the six aggre-
1ol T T T = gate scores normalized by BEST-of-Three. For Qwen3-8B,
Top k% Neurons the AOS-selected initialization is Average; for Qwen2.5-7B,

it is Model Stock.

Average Performance (%)

Figure 5: Sensitivity to the top-k fraction used to define role-
salient neurons, averaged across the in-domain suites OS,
OFFICEBENCH, and 7-BENCH. Conflict-aware protection
remains consistently stronger than the unprotected variant as
k increases, indicating improved robustness to the saliency
threshold.

storage, and edit locality statistics are reported in
Appendix C.

Failure analysis on role-critical errors. A key 5 Conclusion

motivation of ARM is that cross-environment fail-
ures in interactive agents are often triggered by lo-
calized errors on role-critical spans that can cascade
across multi-turn trajectories. To make this fail-
ure mode measurable, we leverage the benchmark-
specific deterministic parsers already used in our
pipeline to identify these spans (tool-call spans for
7-bench, final-answer JSON spans for OfficeBench,
and action schema spans for AgentBench), and
we inspect representative episodes where the AOS-
selected merged backbone fails due to span-level vi-
olations. Compared to the AOS-selected backbone,
ARM typically repairs the earliest blocking viola-
tion, allowing subsequent tool execution to proceed
with minimal changes to the remaining trajectory.
We provide side-by-side trajectory excerpts and
parser-flagged error annotations in Appendix B.

We presented Agent-Role Merging (ARM),
a training-free framework for consolidating
benchmark-specialized LLM agents into a single
generalist checkpoint. ARM addresses two failure
modes of agentic model merging: (i) instability
across weight-space merge operators, and (ii) de-
structive interference on role-critical behaviors in
multi-turn trajectories. To this end, ARM selects
a strong merged initialization using an Activation-
Overlap Score computed from role-conditioned ac-
tivation tracing, and then performs conflict-aware
transplantation of a small set of role-salient MLP
neurons to repair weak environments while pro-
tecting capabilities needed elsewhere. Across both
Qwen3-8B and Qwen2.5-7B expert pools, ARM
achieves the best overall merged model and sub-
stantially improves worst-suite robustness. These
results suggest that targeting role-critical circuits
enables localized, training-free edits that mitigate
negative transfer in interactive agent suites.

Efficiency and overhead. ARM is training-free
and only requires forward-pass activation tracing
on a lightweight calibration set; detailed compute,



6 Limitations

ARM is training-free, but it makes several assump-
tions that limit its applicability and leave room for
future work. First, ARM requires access to ho-
mologous expert checkpoints that share the same
architecture and tokenizer; it does not directly ap-
ply to merging heterogeneous model families or
black-box APIs.

Second, ARM relies on activation-level signals
to identify role-salient circuits, yet diagnostics tai-
lored to multi-turn interactive agent behaviors re-
main relatively under-explored. Future advances in
activation-based interpretability for agentic settings
would likely enable more accurate interventions
and further improve performance.
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A Detailed Experiment Settings

A.1 Baseline Settings

We use publicly available implementations for all
baselines whenever possible. Hyperparameters are
set as follows:

* Model Stock (Jang et al., 2024): we
follow the global coefficient setting with
filter_wise=false, as recommended in the
original paper.

For all other methods—including uniform av-
eraging, task arithmetic (Ilharco et al., 2023),
TIES (Yadav et al., 2023), WIDEN (Yu et al.,
2024a), AIM (Nobari et al., 2025), and Neu-
ronMerge (Gu et al., 2025)—we use the de-
fault hyperparameters provided by the respec-
tive official or paper-reproduced implementa-
tions.

No benchmark-specific hyperparameter tuning
is performed for any baseline.
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A.2 Benchmark Settings

We use the official evaluation harness for each suite.
For 7-bench, the user simulator is deterministic
with GPT-4.1 at temperature 0, while the evalu-
ated agent uses temperature 0.2 with top-p=1.0 and
fixed seeds to control task-order shuffling and sam-
pling. For OfficeBench, AgentBench, DB-bench,
and AlfWorld, the benchmark defaults are used
with temperature 0.7 and top-p=1.0. The maxi-
mum number of new tokens is set to 512 for Of-
ficeBench and 1024 for AgentBench, DB-bench,
and AlfWorld. For AlfWorld, we use the standard
unseen split with a maximum of 35 steps and 1-shot
prompting.

We list the evaluation benchmarks used in this
work in Table 4. For benchmarks with multiple
subsets (i.e., T-bench and OfficeBench), we report
the macro-averaged results across all subsets.

Domain Benchmark Subset # Tasks
Airline 50
7-bench Retail 115
In-domain OfficeBench Z-apps 3l
3-apps 55
WebShop - 200
Operating System - 144
. DB-bench - 300
Out-of-domain AlfWorld 3 50

Table 4: Statistics of In-domain and Out-of-domain Evaluation
Datasets.

A.3 Calibration Set Settings

To compute role-conditioned saliency (Section 3.2),
a small calibration set D, is constructed from
splits that are disjoint from our test set. The com-
position of the calibration set is listed in Table 5.
Deterministic, benchmark-specific parsers are used
to trace benchmark-critical spans, including tool-
call spans for 7-bench, final-answer JSON spans
for OfficeBench, and action schema and argument
spans for AgentBench.

B Case Studies: Repairing Role-Critical
Failure Cascades

Setup. We analyze representative failure cases
to illustrate how merge-induced deviations on role-
critical spans can cascade into long-horizon fail-
ures in interactive environments. We focus on
suites whose role-critical spans are deterministi-
cally identifiable by benchmark-specific parsers
used in our pipeline: final-answer JSON spans for
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Dataset

7-bench Retail (train) 500 500
OfficeBench 1-app 93 372
WebShop (dev) 26 208
Operating System (dev) 80 160
Total 699 1240

Table 5: Composition of the calibration set. To balance the
impact of datasets with different sizes, we sample a varying
number of trajectories for each dataset, as indicated by the
ratio of trajectories to tasks.

Table 6: OfficeBench invalid final JSON episode rate
(Qwen2.5-7B pool).

Model Invalid Episodes Rate
Backbone (Model Stock) 9/106 8.5%
ARM 5/106 4.7%

OfficeBench, tool-call spans for 7-bench, and ac-
tion schema spans for OS and WebShop. Unless
otherwise noted, we compare the AOS-selected ini-
tialization backbone against ARM under the same
decoding and evaluation settings.

B.1 OfficeBench: Structured Output (JSON)
Violations

Span-level violation rate. Table 6 reports the
fraction of episodes with invalid final structured
outputs that cannot be parsed by the evaluator.
ARM reduces invalid episodes from 8.5% to 4.7%.

Representative failure modes. Across failures,
the backbone commonly violates the required
action/answer structure by nesting a JSON ac-
tion inside a string field, emitting the entire
<think><answer> template as a string, or produc-
ing malformed escapes that break JSON parsing,
often followed by an invalid got_stuck action.

Case studies. We show three representative Of-
ficeBench episodes. In each, the backbone fails
due to a structured-output violation, while ARM
preserves the required schema and completes the
workflow.

OfficeBench Task 2-14: reward meetings for top-3 stu-

dents
Backbone (Model Stock) — Fail

{"action”: " {\"app\": \"shell\", \"action\": \"command\"”,

\"command\": \"sort -nr -k2,2 score.xlsx | head -3\"}
"y
{"action”: "{\"app\": \"system\", \"action\": \"got_stuck
\"3")
[Error] Malformed action string. Expected <think>...</
think><answer>[JSON]</answer>.
Result: Fail
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Table 7: Common structured-output error patterns on Of-
ficeBench.

Error Type Description (example)

JSON nest- Action JSON is wrapped as a quoted string

ing inside a field (e.g., "action”: "{...}").

Template The model outputs

confusion <think>...</think><answer>...</answer>
as a literal string field.

Escape Invalid escape sequences cause JSON parsing

error failure (e.g., Invalid \\escape).

Crash ac- The model emits an invalid fallback action

tion (e.g., got_stuck) that violates the required

schema.

ARM - Success

{"app":"excel”,"action":"read_file","file_path":".../
score.xlsx"}

non non non non

{"app":"calendar”,"action":"create_event"”,"user":"Alice",

.23
{"app":"calendar”,"action":"create_event"”,"user"”:"David”,

.3
{"app":"calendar”,"action":"create_event","user":"Carol",
{"app":"system”,"action”:"finish_task","answer"”:"None"}
Result: Success

Figure 6: OfficeBench Task 2-14. The backbone violates the
required structured format and crashes; ARM preserves valid
actions and completes the multi-app workflow.

OfficeBench Task 3-49: pair students and notify via

calendar + email
Backbone (Model Stock) — Fail

{"action”:"<think>...</think><answer> {\"app\":\"system\",

\"action\":\"switch_app\",\"target_app\":\"excel\"} </
answer>"}

[Error] Malformed action string. Expected <think>...</
think><answer>[JSON]</answer>.

Result: Fail

ARM - Success

non

{"app":"excel”,"action”:"read_file","file_path":".../
schedule.x1lsx"}

{"app":"calendar”,"action":"create_event"”,"user”:"Alice",

L)
{"app":"calendar”,"action":"create_event"”, "user"”:"Carol”
{"app":"email”,"action”:"send_email”, "sender”:"Alice",
{"app":"email”,"action”:"send_email”,"sender”:"Carol”,

-3
{"app":"system”,"action”:"finish_task","answer"”:"None"}
Result: Success

Figure 7: OfficeBench Task 3-49. The backbone emits the full
think-answer template as a literal string; ARM produces valid
structured actions and finishes the task.

OfficeBench Task 3-7: invalid escape sequence

Backbone (Model Stock) — Fail

[Error] Invalid \\escape ... Malformed action!

{"action”:"{\"app\":\"system\"”,\"action\":\"got_stuck
\"3"3

Result: Fail



ARM - Success

{"app":"excel”,"action":"read_file","file_path":".../
students.x1lsx"}

{"app":"word”,"action”:"write_to_file"”,"file_path":".../
admission.docx”, ...}

{"app”:"email”,"action”:"send_email”,"recipient”:"
jennifer.gonzalez@example.com”, ...}

Result: Success

Figure 8: OfficeBench Task 3-7. The backbone triggers a
JSON parsing error (invalid escape); ARM maintains valid
structured outputs and successfully completes multi-recipient
execution.

B.2 7-bench: Tool-Call Failure Cascades
Representative tool-call cascades. We present
three cases where the backbone either repeats a
failing tool call without correcting the underlying
issue, makes redundant queries and acts on the
wrong target, or omits a required critical tool ac-
tion.

7-bench Task 13: error loop after a tool failure

Backbone - Fail (loop)

update_reservation_passengers -> Error (passengers
mismatch)

cancel_reservation -> OK

book_reservation -> Error (payment amount does not add up

)
book_reservation -> Error (repeated many times)
Reward: 0.0

ARM - Success

get_reservation_details -> OK
search_direct_flight -> OK

Reward: 1.0

Figure 9: 7-bench Task 13. The backbone enters a repeated
error loop after a tool failure; ARM resolves the issue and
completes without looping.

7-bench Task 31: redundant queries and wrong target

Backbone - Fail

get_reservation_details called repeatedly on unrelated
reservations

cancel_reservation -> cancelled an incorrect booking

Reward: 0.0

ARM - Success

get_user_details -> 0K
cancel_reservation(correct id) -> OK
Reward: 1.0

Figure 10: 7-bench Task 31. The backbone makes redundant
queries and cancels the wrong booking; ARM cancels the
intended reservation directly.
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Table 8: Validation metrics on AgentBench. “Invalid Action”
indicates malformed agent outputs rejected by the environ-
ment. “Task Limit” indicates failure to complete within the
maximum step limit. All values are percentages (%).

Model Benchmark Invalid Action Task Limit
Backbone ARM Backbone ARM
0s 2.08 139 1250 833
Qwen3-8B  wepshop 000 000 050  3.00
0s 069 000 1597 1875
Qwen2.5-7B - wepshop 000 000 500 050

OS: command choice affects execution correctness

Backbone (Average) — Failed

touch logfile.txt

echo "abc" >> logfile.txt # includes newline

tr -cd '[:alnum:]' < logfile.txt | sort -u | wc -1
Answer: 1 (Wrong)

ARM - Success

echo -n "abc” > logfile.txt # no newline
fold -wl | sort | uniq | wc -1
Answer: 3 (Correct)

Figure 11: OS case study. The backbone fails due to incorrect
file handling, while ARM succeeds.

T-bench Task 46: missing a required critical action

Backbone - Fail

get_user_details -> OK
get_reservation_details -> OK
(terminated without send_certificate)
Reward: 0.0

ARM - Success

get_user_details -> OK
get_reservation_details -> OK
send_certificate(amount=50) executed
Reward: 1.0

Figure 12: 7-bench Task 46. The backbone omits a required
tool action; ARM executes the critical step and completes the
task.

B.3 OS and WebShop: Action Schema and
Execution Errors

Validation signals and task outcomes. Tables 8
report validation signals (invalid action and task-
limit timeouts) on OS and WebShop.

Qualitative example. Figure 11 shows a repre-
sentative OS episode in which both models emit
valid actions, but the backbone executes an impre-
cise command and returns an incorrect answer.

Summary. Across suites, these cases show that
many merge failures originate from localized vi-
olations on role-critical spans or early tool/action
mistakes that derail multi-turn trajectories. ARM
frequently prevents such cascades by preserving re-



quired structured formats and executing key tool/ac-
tion steps more reliably.

C Efficiency and Overhead Details

ARM is training-free and operates via forward-
pass tracing on a lightweight calibration set. In our
setup, AOS-based backbone selection traces acti-
vations for six candidate backbones across four in-
domain benchmarks, costing ~0.5 GPU-hour per
backbone—benchmark pair on a single H20 (about
12 GPU-hours total); once the backbone is selected,
the merge and neuron transplantation completes in
under 20 minutes. At the benchmark level, each
transplant set is typically small (roughly 2—-3% for
T-bench, OfficeBench, and WebShop). Activation
statistics are stored in compressed NPZ files, requir-
ing less than SOOMB total. Overall, these results
indicate that ARM can produce a more robust gen-
eralist agent with modest one-time calibration cost
and targeted neuron-level edits, without any addi-
tional training.
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