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Abstract

Model merging offers a training-free way to
combine multiple post-trained expert models,
but merging experts obtained through reinforce-
ment learning (RL) remains challenging. Exist-
ing spectral merging methods often assume that
leading singular directions contain the main
task signal, while lower-energy residual com-
ponents can be compressed, selected, or atten-
uated to reduce interference. We find that this
assumption does not hold for RL task vectors:
after decomposing each task vector into a lead-
ing spectral head and a residual component,
both parts can independently recover substan-
tial behavior knowledge, while exhibiting dif-
ferent merging properties. The head is highly
concentrated and informative but more prone to
sharp cross-expert conflicts, whereas the resid-
ual component is more dispersed and provides
a more stable basis for aggregation. Based on
this observation, we propose RESMERGE, a
residual-based spectral merging framework for
RL experts. RESMERGE first constructs a sta-
ble residual backbone with Spherical Resid-
ual Consensus Adaptation, which estimates a
reliability-weighted consensus direction on the
Frobenius sphere. It then reintroduces leading-
head information through a Lightweight Head
Correction module gated by positive cross-
expert agreement. Experiments across multi-
ple RL expert groups and capability domains
show that RESMERGE better preserves expert
capabilities than representative task-vector and
spectral merging baselines.

1 Introduction

Post-training has become the dominant paradigm
for adapting large pretrained models to downstream
tasks, from RLHF-style alignment (Ouyang et al.,
2022) to reasoning-oriented reinforcement learning
(Guo et al., 2025), producing many task-specialized
expert models. Re-running post-training on the

*Equal contribution.
†Corresponding authors.
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Figure 1: Component-level recovery under RL and
SFT post-training. After applying singular value de-
composition (SVD) to each task vector, Head-only re-
tains the rank-1 head formed by the top singular direc-
tion, while Residual-only retains the remaining spectral
residual after removing this head. Both components are
more recoverable in RL task vectors than in SFT task
vectors, supporting component-wise treatment of RL
spectral updates.

union of their data is costly and hard to scale.
Model merging offers a training-free alternative:
it combines several experts into one model, from
weight averaging such as model soups (Wortsman
et al., 2022) to task-vector composition such as
Task Arithmetic (Ilharco et al., 2023).

A central difficulty of model merging is that
expert-specific task vectors, defined as the parame-
ter differences between fine-tuned experts and the
shared base model, can be poorly aligned in the
shared weight-update space (Ilharco et al., 2023).
Directly adding or averaging these task vectors can
cause negatively aligned components to cancel out,
weakening the task-specific abilities each expert
was supposed to contribute (Yadav et al., 2023).
To reduce such interference, spectral methods ap-
ply singular value decomposition (SVD) to task
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vectors and operate on their singular components.
TSV-Merge uses task singular vectors to reduce
interference (Gargiulo et al., 2025), STAR trun-
cates and rescales spectral components (Lee et al.,
2025), AdaRank selects beneficial singular ranks
(Lee et al., 2026), and SVC calibrates shared spec-
tral directions (Li et al., 2026). These methods
generally assume that high-energy leading singular
directions carry the main task ability, while the re-
maining components can be compressed, selected,
reweighted, or calibrated to reduce interference.

In our experiments, we find that this spectral as-
sumption does not hold consistently for reinforce-
ment learning (RL) experts. In particular, the lead-
ing singular directions and the remaining residual
component cannot be cleanly separated into domi-
nant signal and redundant noise.

As shown in Figure 1, keeping only the leading
rank-1 head or only the residual component can
both recover much of the full task-vector ability,
and sometimes even surpass it. This suggests that
both components encode behavior knowledge, so
the residual component should not be treated as
subordinate noise to compress or attenuate.

Building on this observation, we propose
RESMERGE, a residual-based spectral merging
framework for RL experts. It explicitly splits each
task vector into a leading spectral head and a resid-
ual component, and designs separate merging rules
for the two components. Our visualization results
show that the head component concentrates en-
ergy into a small number of task-specific direc-
tions, which makes it informative on its own but
also more prone to sharp conflicts across experts.
The residual component, by contrast, has a flatter
and more dispersed spectrum and behaves more
stably under aggregation, making it a better ba-
sis for a unified merge. We therefore first use the
residual singular directions to construct the merg-
ing backbone, and then, using this backbone as a
reference, selectively inject the components of the
leading head that are compatible with the aggre-
gated update. This way, the task ability carried
by the high-energy spectral directions is preserved
without letting their unreliable parts dominate the
merged model.

Our contributions are threefold: (I) We expose a
property of RL task vectors that distinguishes them
from SFT task vectors, where the leading spectral
head and the residual component can each inde-
pendently recover, or even surpass, the task ability
of the full task vector, indicating that the residual

component does not naturally occupy a subordinate
position that can be safely compressed or attenu-
ated. (II) We propose a new merging paradigm for
RL experts that decomposes each task vector into
a leading spectral head and a residual component,
constructs the merging backbone from the more
stable residual component, and selectively absorbs
the part of the leading head that is compatible with
this backbone. (III) Experiments across multiple
RL expert groups show that our method preserves
expert capabilities substantially better than exist-
ing merging baselines after combining multiple RL
experts into a single model.

2 Related Work

Model merging. Model merging aims to com-
bine multiple expert models fine-tuned for different
tasks into a single model with multi-task capabili-
ties, without additional training or inference-time
overhead. One major challenge in model merg-
ing is task interference, where updates from dif-
ferent experts may conflict, cancel useful knowl-
edge, or over-amplify shared directions. Early
weight-space methods show that models fine-tuned
from the same initialization can often be averaged
effectively (Wortsman et al., 2022). Task Arith-
metic formalizes this idea by defining a task vector
∆i = Wi −W0 and composing model behaviors
through linear operations over such vectors (Ilharco
et al., 2023). Methods such as TIES-Merging miti-
gate this issue by resolving parameter-level redun-
dancy and sign conflicts (Yadav et al., 2023).

SVD for model merging. More recent spectral
approaches analyze task matrices through SVD.
TSV-Merge uses task singular vectors to reduce
interference (Gargiulo et al., 2025); STAR trun-
cates and rescales spectral components (Lee et al.,
2025); AdaRank adaptively selects beneficial singu-
lar ranks (Lee et al., 2026); and SVC calibrates in-
flated singular values caused by shared spectral di-
rections (Li et al., 2026). These methods highlight
the importance of spectral structure, but largely
treat singular components as homogeneous units
to select, compress, or calibrate. We instead show
that RL task vectors exhibit functional heterogene-
ity across spectral components: leading singular
directions and residual singular directions both en-
code recoverable behavior knowledge, yet require
different merging rules due to their differences in
energy concentration, geometric consistency, and
merging risk.
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Merging RL post-trained models. Recent work
has started to study model merging in RL or RLHF
post-training scenarios. Rewarded Soups inter-
polates reward-tuned policies to improve align-
ment trade-offs (Ramé et al., 2023), while WARP
uses weight-space operations such as EMA, spher-
ical interpolation, and interpolation toward ini-
tialization to improve the reward–KL trade-off
in RLHF (Ramé et al., 2024). SALSA studies
soup-based alignment learning for stronger RLHF
adaptation (Chegini et al., 2024), and LiNeS uses
layer-wise scaling to reduce forgetting and inter-
ference in model merging, including the merging
of RLHF-aligned language models (Wang et al.,
2025). These methods show that RL- or preference-
trained models can benefit from weight-space merg-
ing, but they mainly focus on alignment objectives
and policy-level trade-offs, rather than examining
the internal structure of RL task vectors in detail.
RAM is the most related work: it studies merg-
ing RL-trained agentic models and decomposes
updates into shared and unique behavior knowl-
edge based on parameter-level patterns (Yuan et al.,
2026). In contrast, we focus on spectral hetero-
geneity within each RL task vector, where leading
singular directions and residual singular directions
both retain behavior knowledge but exhibit differ-
ent stability and merging risks.

3 Preliminaries

3.1 Model Merging

We consider N expert models {Wi}Ni=1 sharing the
same base model W0 and specialized for different
tasks, domains, or behavioral objectives. Model
merging aims to combine these experts into a sin-
gle model Wmerge without additional training or
inference-time ensembling (Wortsman et al., 2022;
Ilharco et al., 2023):

Wmerge = M(W0, {Wi}Ni=1), (1)

where M(·) denotes a specific merging rule, and
Wmerge is expected to effectively retain the key
capabilities of all experts.

3.2 Task Arithmetic

Task arithmetic is a widely used model merging
paradigm that composes model behaviors through
arithmetic operations on task vectors (Ilharco et al.,
2023). Given an expert model Wi and the shared
base model W0, the corresponding task vector is

defined as the parameter difference

∆i = Wi −W0. (2)

For layer-wise merging, we further write

∆
(l)
i = W

(l)
i −W

(l)
0 , (3)

where ∆
(l)
i is the task matrix at layer l. We omit

the layer superscript when clear. A standard task-
arithmetic merge is

WTA = W0 + λ
N∑

i=1

∆i, (4)

where λ is a scaling coefficient. Task arithmetic is
simple yet often effective, and is commonly used
as a baseline in model merging.

3.3 Singular Value Decomposition
Singular value decomposition (SVD) is a standard
matrix factorization technique that represents a ma-
trix as a sum of rank-one components ordered by
their corresponding singular values. For a task ma-
trix ∆i ∈ Rm×n, SVD gives the following.

∆i = UiΣiV
⊤
i =

R∑

r=1

σi,rui,rv
⊤
i,r, (5)

where Ui and Vi contain the left and right sin-
gular vectors, Σi is a diagonal matrix of singu-
lar values, σi,r is the r-th singular value with
σi,1 ≥ σi,2 ≥ · · · , ui,r and vi,r are the corre-
sponding singular vectors, and R is the matrix rank.
Each rank-one term σi,rui,rvi,r

⊤ corresponds to
one spectral direction of the task matrix. Compo-
nents associated with larger singular values form
the leading singular directions, while the remaining
components form residual singular directions.

4 Method

In this section, we propose a residual-based spectral
merging method for RL models, which builds a ro-
bust and stable backbone from residual singular di-
rections with Spherical Residual Consensus Adap-
tation (SRC-A) and selectively injects informative
leading singular directions through Lightweight
Head Correction (LHC) to improve specialization.

4.1 Layer-wise Spectral Decomposition
For each mergeable matrix-shaped layer, we apply
SVD to the task matrix ∆i using the notation intro-
duced in Section 3.3, and omit the layer index for
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Figure 2: Overview of RESMERGE. Given RL expert task vectors, we decompose each update into a rank-1
spectral head and a residual component. The residual components are merged into a stable SRC-A backbone, while
the rank-1 heads are added back only as reliability-gated lightweight corrections.

readability. We then split ∆i into a head Hi,k con-
taining the top-k leading singular directions and a
residual component Ri,k containing the remaining
lower-energy residual singular directions:

Hi,k =

k∑

r=1

σi,rui,rv
⊤
i,r, Ri,k = ∆i −Hi,k. (6)

Here, k is the number of leading singular directions
retained in the spectral head component; we omit
k when the context is clear.

4.2 Spherical Residual Consensus Adaptation

After removing the leading singular directions,
the residual component contains lower-energy and
more dispersed directions, making its merging risk
less concentrated than the head. We therefore use
it as the backbone, but avoid plain Euclidean aver-
aging because it may dilute weak shared directions.
SRC-A uses the average residual norm as a scale
anchor and estimates a consensus direction on the
Frobenius unit sphere.

We use the Frobenius cosine cos(X,Y ) =
⟨X,Y ⟩F /(∥X∥F ∥Y ∥F +ϵ) to measure directional
agreement between matrix-shaped updates, where
ϵ is a small constant for numerical stability. Each
residual component is normalized as

qi =
Ri

∥Ri∥F + ϵ
, qsrc =

∑N
i=1 qi∥∥∥

∑N
i=1 qi

∥∥∥
F
+ ϵ

. (7)

Here, qi keeps only the normalized direction of the
residual component Ri, and qsrc is the resulting
spherical consensus direction.

We estimate the reliability of this consensus us-
ing pairwise residual agreement sR and consensus
alignment cR:

sR =
2

N(N − 1)

∑

i<j

cos(qi, qj),

cR =
1

N

N∑

i=1

cos(qi, qsrc).

(8)

They measure mutual residual alignment and con-
sensus agreement, respectively. For computing
the overall reliability score, we map both quan-
tities to s̄R, c̄R ∈ [0, 1] using (x+ 1)/2 and define
scoreR = (s̄R + c̄R)/2. The resulting score deter-
mines a bounded retention exponent:

β = βmax − (βmax − βmin)scoreR, (9)

where βmin and βmax keep the retention exponent
within a conservative range. We use the average
residual norm to provide a stable scale reference:

nR =
1

N

N∑

i=1

∥Ri∥F . (10)

We use the original consensus alignment cR,
rather than its mapped version c̄R, to control the re-
tained residual magnitude. Specifically, we define
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the residual retention coefficient αR as

αR = (cR)
β. (11)

The residual backbone is then constructed as

A = SRC-A({Ri}Ni=1) = αRnRqsrc. (12)

This separates scale, direction, and reliability:
nR anchors the residual scale, qsrc gives the con-
sensus direction, and αR controls the retained resid-
ual magnitude. In particular, a smaller cR directly
reduces αR, suppressing the residual update un-
der weak consensus, whereas stronger consensus
preserves more magnitude along qsrc.

4.3 Lightweight Head Correction
The head formed by leading singular directions
can encode important behavior knowledge, but its
highly concentrated structure makes merging risk
more localized and severe. Since poorly aligned
heads may yield an unreliable shared direction
under direct averaging, we use the head only as
a lightweight correction gated by positive cross-
expert agreement among different heads.

We first compute the average head as a candidate
correction direction:

Hmean =
1

N

N∑

i=1

Hi. (13)

To assess whether this direction is reliable across
experts, we measure positive agreement among
individual heads:

SH = 2
N(N−1)

∑
i<j max(cos(Hi, Hj), 0). (14)

The raw norm of the head reflects how strongly
an expert moves along its leading singular direc-
tions, but it does not indicate whether this move-
ment is reliable for multi-expert merging. A high-
norm head may still be task-specific or poorly
aligned with other experts. Directly adding the
averaged head according to its own norm would
therefore couple the correction strength to expert-
specific magnitude rather than cross-expert agree-
ment. To avoid this, we decouple direction, relia-
bility, and scale:

C = ρSH ∥A∥F
Hmean

∥Hmean∥F + ϵ
. (15)

Here, ρ is the maximum injection ratio. The correc-
tion is gated by head agreement through SH and
scaled by the residual backbone norm ∥A∥F . Thus,
consistent heads provide a controlled behavior-
specific correction, while poorly aligned heads are
suppressed as SH approaches zero.

4.4 Final Merging Rule

For each mergeable matrix-shaped layer, the final
merged update is the sum of the SRC-A residual
backbone and the lightweight head correction term.
The merged parameters are then obtained by adding
this update to the base model:

W (l)
merge = W

(l)
0 +A(l) + C(l). (16)

For embeddings, normalization parameters, and
one-dimensional vectors, we instead use simple
parameter averaging across the N experts:

Wmerge =
1

N

N∑

i=1

Wi. (17)

This is equivalent to the task-arithmetic update in
Eq. 4 with λ = 1/N .

5 Experiments

5.1 Experimental Setup
Models and Expert Sets. We merge only mod-
els that share the same architecture and base ini-
tialization. The main table reports the Qwen2.5-
7B-Base expert group, consisting of Qwen2.5-7B-
Base (Yang et al., 2024), the math expert Qwen-
2.5-7B-SimpleRL-Zoo (SimpleRL) (Zeng et al.,
2025), the math-reasoning expert Open-Reasoner-
Zero-7B (Zero) (Hu et al., 2025), and the general-
reasoning expert General-Reasoner-Qwen2.5-7B
(Reasoner) (Ma et al., 2025). Additional expert
groups and model-task mappings are provided in
Appendix A.1.

Datasets. We evaluate model performance across
five major capability domains in total: coding, gen-
eral reasoning, mathematics, tool use, and memory.
Coding is evaluated with LIVECODEBENCH re-
lease_v2 (Jain et al., 2025), HUMANEVALPLUS,
and MBPPPLUS (Chen et al., 2021; Austin et al.,
2021; Liu et al., 2023); general reasoning with
GPQA-DIAMOND (Rein et al., 2024); mathe-
matics with AIME24, AIME25, AMC23, and
MATH500 (Hendrycks et al., 2021; Lightman
et al., 2024); tool use with BFCL V3 (Patil et al.,
2025); and memory with HOTPOTQA and SQUAD
for the instruction-tuned model group (Yang et al.,
2018; Rajpurkar et al., 2016).

Baselines. We compare with task-vector meth-
ods, including TA (Ilharco et al., 2023), TIES-
Merging (Yadav et al., 2023), and DARE (Yu et al.,
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Method Tool Using Math Reasoning Coding Overall

Live Para Live P-Mul Non-Live Para Non-Live P-Mul AIME24 AIME25 AMC23 MATH500 GPQA-D LiveCodeBench HumanEval++ MBPP++ Overall Avg.

Base and Expert Models
Qwen2.5-7B 56.25 29.17 63.00 34.00 6.67 0.00 32.50 54.80 30.13 8.22 70.73 35.19 34.32
SimpleRL 56.25 20.83 47.00 16.00 20.00 10.00 55.00 73.20 30.81 11.35 71.34 64.02 38.57
Zero 6.25 0.00 1.50 1.50 16.67 10.00 55.00 72.00 30.30 15.07 57.32 61.90 28.95
Reasoner 56.25 29.17 56.50 22.00 20.00 10.00 55.00 60.80 35.35 16.63 74.39 63.23 41.05

Merged Models
TA 50.00 25.00 37.50 17.50 20.00 3.33 60.00 73.20 33.67 14.29 70.73 62.96 38.66
TIES 0.00 4.17 0.00 0.50 20.00 20.00 55.00 72.60 38.72 13.11 70.12 65.34 32.83
DARE + TIES 50.00 8.33 4.00 2.00 13.33 13.33 57.50 73.80 38.22 13.70 69.51 67.20 35.98
TSV-Merge 50.00 8.33 10.50 2.00 20.00 6.67 60.00 74.00 36.53 12.33 71.95 66.14 36.14
ISO-C 56.25 25.00 44.50 24.00 16.67 10.00 47.50 72.20 30.47 14.29 73.17 65.34 38.86
ISO-CTS 56.25 25.00 43.00 21.50 13.33 10.00 52.50 72.40 31.48 13.70 72.56 64.02 38.77
RAM 0.00 4.17 0.00 0.50 16.67 20.00 62.50 73.60 37.21 13.50 71.34 62.43 32.67

RESMERGE (Ours) 56.25 29.17 43.50 21.50 16.67 16.67 57.50 74.20 34.34 16.63 71.34 65.34 41.08

Table 1: Main results on the Qwen2.5-7B-Base expert group across individual benchmarks and the overall average.
The upper block reports the base model and single-task experts, while the lower block compares merging baselines
with our RESMERGE method (SRC-A+LHC). Shaded cells denote the top distinct results among merged models in
each column: 1st , 2nd , and 3rd ; tied scores share the same color.

2024); SVD-based methods, including TSV-Merge
(Gargiulo et al., 2025), ISO-C, and ISO-CTS (Mar-
czak et al., 2025); and the RL expert merging
method RAM (Yuan et al., 2026).

Implementation Details. For our method, SVD
is applied to mergeable matrix-shaped layers, while
embeddings, normalization parameters, and one-
dimensional vectors are merged by simple pa-
rameter averaging. Unless otherwise specified,
we use k = 1, βmin = 0.7, βmax = 1.0,
and ρ = 0.20 across layers. Our implementa-
tion is publicly available at https://github.com/
sunyd0303-cpu/ResMerge-release.

Metrics. We report category averages and the
overall average across domains. We use Pass@1
for coding, accuracy for mathematical reasoning,
general reasoning, and memory-oriented QA, and
official BFCL metrics for tool use. Full model
sources, dataset details, baseline hyperparameters,
and metric aggregation rules are provided in Ap-
pendix A.1 and Appendix A.2.

5.2 Main Results
We present the benchmark-level main comparison
on the Qwen2.5-7B-Base expert group in Table 1,
with other expert groups reported in Appendix A.5.
RESMERGE achieves the highest overall average
among merged models, reaching 41.08% and im-
proving over the strongest non-ours baseline, ISO-
C, by 2.22 points. It also improves over SRC-A
by 0.87 points, indicating that LHC provides addi-
tional gains beyond the residual backbone.

Across individual benchmarks, RESMERGE

achieves the best results on Live P-Mul and

MATH500, and remains competitive on tool-use,
math, and coding tasks. In contrast, several base-
lines perform well on specific benchmarks but
degrade sharply on others, such as TIES and
DARE+TIES on tool-use tasks. This balanced per-
formance leads RESMERGE to the best overall re-
sult.

5.3 Ablation Study

We conduct ablation studies on the Qwen2.5-7B-
Base expert group to validate the main design
choices of our method. These studies help iso-
late the contribution of each component to the final
merged model. The structural ablation examines
whether the spectral residual should serve as the
backbone and whether the leading head should be
injected with reliability control. The hyperparame-
ter ablation studies how the head rank k and injec-
tion ratio ρ affect the balance between useful head
information and residual backbone stability.

Structural Ablation. Table 2 presents structural
ablations on the Qwen2.5-7B-Base expert group,
with additional ablation results on other expert
groups provided in Appendix A.5. We include two
component-wise averaging baselines: Head-only
mean averages only the rank-1 head formed by the
top singular direction, while Residual-only mean
averages the residual component after removing
this head. We also compare two head-injection
variants on top of SRC-A: SRC-A w/ ungated head
removes the positive agreement gate SH while
keeping the same residual-relative budget, whereas
SRC-A w/ gated head is our full method.

The results show that simply averaging either
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Method Tool Avg. Math Avg. Reasoning Avg. Coding Avg. Overall Avg. ∆
Task Arithmetic 32.50 39.13 33.67 49.33 38.66 0.00
Head-only mean 42.67 29.56 33.84 46.27 38.08 -0.58
Residual-only mean 38.65 33.73 26.94 50.94 37.56 -1.10
SRC-A w/o head 36.81 40.38 32.83 50.81 40.21 +1.55
SRC-A w/ ungated head 35.36 39.76 33.33 49.57 39.50 +0.84
RESMERGE (Ours) 37.61 41.26 34.34 51.10 41.08 +2.42

Table 2: Structural ablation on the Qwen2.5-7B-Base expert group. Category averages are computed by averaging
the benchmark-level scores within each capability domain. Bold and underlined values denote the best and second-
best results in each column. ∆ is measured relative to Task Arithmetic.

component is insufficient. Head-only mean slightly
outperforms Residual-only mean in Overall Avg.
(38.08% vs. 37.56%), suggesting that the head car-
ries useful behavior-specific information. However,
this does not contradict our residual-backbone de-
sign: the head provides sharper task-specific gains,
but is less suitable as a stable backbone because
such information is concentrated in a narrow spec-
tral direction. Although Residual-only mean is
weak under naive averaging, SRC-A improves the
residual-based backbone from 37.56% to 40.21%,
indicating that the residual component contains ex-
tractable weak consensus requiring a more suitable
aggregation rule. The key evidence comes from
head injection: adding an ungated head to SRC-A
decreases Overall Avg. from 40.21% to 39.50%,
while the gated head improves it to 41.08%. Thus,
the head is useful but should not be injected uncon-
ditionally. With the SH gate, LHC retains reliable
head signals and yields the best overall result.

Design Analysis of Head Rank and Budget. We
further analyze two key design choices: the head
rank k and the residual-relative head budget ρ. The
former determines how many leading singular di-
rections are treated as the spectral head, while the
latter controls the maximum injection strength of
LHC relative to the residual backbone. We vary
them within a small design-driven range on the
Qwen2.5-7B-Base expert group.

For the head rank, increasing k does not im-
prove performance (Figure 3(a)). The best overall
average is obtained at k = 1, and performance
gradually decreases as more singular directions
are included. This suggests that the dominant sin-
gular direction benefits most from separate treat-
ment, while unnecessarily enlarging the head may
weaken the intended head-residual separation.

For the residual-relative budget, performance
follows a clear trade-off (Figure 3(b)). A smaller
budget underuses useful head information, whereas
a larger budget can inject excessive sharp head
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Figure 3: Effect of head rank k and residual-relative
head budget ρ on the Qwen2.5-7B-Base expert group.

information into the residual backbone. The middle
value ρ = 0.20 performs best among the tested
budgets, supporting a rank-1 head with a moderate
and balanced residual-relative budget.

5.4 Spectral Structure Analysis

We compare the singular-value structure of task
matrices from RL and SFT post-training. For each
mergeable matrix-shaped layer, we compute the
SVD and systematically analyze leading-energy
concentration, layer-wise spectral concentration,
and the resulting change of stable/effective ranks
after removing the leading rank-1 component.

Figure 4(a) shows that RL task vectors assign
more update energy to leading singular directions
than SFT task vectors, indicating a less uniform
spectrum. Figure 4(b) further shows that this spec-
tral concentration consistently appears across lay-
ers. These results suggest that a few dominant
directions may carry behavior-specific changes and
introduce concentrated merging risk if the full task
vector is treated as a homogeneous update.

After removing the leading rank-1 component,
both stable rank and effective rank increase, espe-
cially for RL experts (Figure 4(c)). The remaining
residual singular directions are distributed across
more lower-energy components and are less dom-
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Figure 5: Geometric consistency analysis of spectral
components. We compare residual spherical coher-
ence, head directional agreement, and mean retention
to show that residual components provide a more reli-
able aggregation backbone while rank-1 heads require
reliability-gated lightweight correction.

inated by any single direction. Together with the
ablation results, this supports our component-wise
design: SRC-A builds the backbone from dispersed
residual singular directions, while LHC injects the
sharper leading component only as a lightweight
correction controlled by cross-expert agreement.

5.5 Geometric Consistency Analysis of
Spectral Components

The spectral analysis above reveals structural dif-
ferences between leading and residual singular di-
rections, but not their reliability for multi-expert
merging. We therefore analyze cross-expert geo-
metric consistency to examine whether the spectral
residual forms a stable consensus direction and
whether the rank-1 head can be reliably used as a
shared lightweight correction.

Figure 5(a) compares two fusion-oriented re-
liability measures: residual spherical coherence
cR and head agreement SH . These metrics are
not directly comparable pairwise similarities: cR
measures whether normalized residual components
form a reliable spherical consensus direction, while
SH measures positive directional alignment among

rank-1 heads. Residual components show consis-
tently higher spherical coherence, whereas rank-1
heads exhibit weaker and more variable agreement.
This supports using the residual component as the
SRC-A aggregation backbone and gating the head
before adding it through LHC.

We further examine mean retention, which mea-
sures how much component norm remains after
averaging across experts; its detailed formulation
is provided in Appendix A.3. Figure 5(b) shows
that head retention is higher on average but more
variable, while residual retention is lower and more
stable. This means that averaging rank-1 heads can
still produce a clear average head direction, but
this direction is not necessarily reliable when head
agreement is weak. In contrast, residual retention
provides a conservative scale anchor, while cR pro-
vides evidence for adapting the direction toward a
spherical consensus. Together, these observations
support the residual-based recomposition strategy:
SRC-A builds a stable backbone from the spectral
residual, while LHC reintroduces rank-1 head in-
formation only as a lightweight correction gated by
cross-expert agreement.

6 Conclusion

We studied training-free merging of RL post-
trained experts and showed that their task vectors
exhibit stronger spectral concentration than stan-
dard SFT experts. Our analysis reveals that leading
and residual singular directions encode comple-
mentary behavior knowledge: leading directions
are sharp and expressive but sensitive to cross-
expert mismatch, while residual directions are more
dispersed and provide a stable basis for aggrega-
tion. Motivated by this distinction, we proposed
RESMERGE, which first builds a residual back-
bone with SRC-A and then injects reliable leading-
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direction corrections through reliability-gated LHC.
Extensive experiments across multiple RL expert
groups demonstrate that RESMERGE consistently
outperforms representative merging baselines, pro-
ducing stronger, more robust, and more balanced
merged models.

Limitations

Our study focuses on data-free merging of experts
initialized from the same base model. This con-
trolled setting is useful for isolating task-vector ge-
ometry, but it assumes aligned architectures and re-
stricts evaluation to compatible open-source expert
groups. RESMERGE performs static parameter-
space merging without input-dependent routing or
task-specific calibration, which keeps deployment
simple but leaves room for future extensions when
task data is available. In addition, the current LHC
module uses the averaged rank-1 head as the correc-
tion direction and controls its magnitude through
cross-expert head agreement; more fine-grained
or task-aware head composition may further im-
prove merging when expert heads encode highly
diverse behaviors. Since RESMERGE merges RL-
trained language model experts in parameter space,
the merged model may inherit undesirable behav-
iors, biases, or safety risks from the source ex-
perts. Therefore, merged models should undergo
task-specific safety and reliability evaluation be-
fore deployment. Finally, more efficient spectral
approximation methods and a formal theoretical
understanding of how spectral reliability measures
relate to downstream merging performance remain
important directions for future work.
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A Appendix

This appendix provides supplementary materials
for reproducibility, additional analyses, and ex-
tended experimental results. We use publicly avail-
able models, benchmarks, and evaluation frame-
works following their respective licenses and terms
of use. Appendix A.1 reports model sources,
expert-task mappings, datasets and metrics. Ap-
pendix A.2 provides additional experimental de-
tails. Appendix A.3 presents geometric character-
izations of ResMerge and defines the diagnostic
and evaluation metrics used in our analyses. Ap-
pendix A.4 presents additional recoverability and
component-similarity analyses. Appendix A.5 re-
ports full benchmark results and additional abla-
tions. Appendix A.6 presents the statistical reliabil-
ity and expert-capability retention analyses.

A.1 Model Sources and Evaluation Details

Model sources and expert-task mappings. We
provide the model sources and expert-task map-
pings for all expert groups used in our experiments
in Table 4. Each expert group consists of models
that share the same architecture and base initial-
ization, enabling direct weight-space merging. For
each expert, we report its source link, base model,
training paradigm, and corresponding task domain.

Datasets and evaluation tools. We evaluate
across five capability domains: coding, general
reasoning, mathematics, tool use, and memory-
oriented long-context QA. For coding, general
reasoning, and mathematics benchmarks, we use
the open-source Evalchemy toolkit1 for evalua-
tion. For tool-use benchmarks, we use the official
BFCL evaluation code2, while memory-oriented
long-context QA is evaluated using NeMo-Skills3.
For coding, we use LiveCodeBench release_v2
to evaluate code generation and code reasoning,
and HumanEvalPlus and MBPPPlus to evaluate
Python programming. For general reasoning, we
use GPQA-Diamond, which consists of graduate-
level science questions. For mathematics, we use
AIME24, AIME25, AMC23, and MATH500 to
cover competition-style mathematical reasoning
and mathematical problem solving. For tool use,
we use BFCL V3 to evaluate function and tool call-
ing. For memory-oriented long-context QA, we

1https://github.com/mlfoundations/evalchemy
2https://github.com/ShishirPatil/gorilla/tree/

main/berkeley-function-call-leaderboard
3https://github.com/NVIDIA-NeMo/Skills

sample 100 examples from HotpotQA and 100 ex-
amples from SQuAD. Table 3 summarizes dataset
sizes and evaluated capabilities.

Metrics and aggregation. For coding bench-
marks, we report Pass@1, which measures the
fraction of problems solved by the first generated
solution. For mathematical reasoning, general rea-
soning, and memory-oriented QA benchmarks, we
report accuracy. For tool-use benchmarks, we fol-
low the official BFCL evaluation protocol and re-
port the corresponding BFCL scores for parallel
and multiple function-call settings. For each capa-
bility domain, we first average the benchmark-level
scores within that domain to obtain the category
average. The overall average is then computed
as the unweighted mean of all category averages.
This prevents domains with more benchmarks from
dominating the final score.

A.2 Additional Experimental Details
All merging and evaluation procedures use fixed,
deterministic configurations throughout our experi-
ments.

Aligned tuning protocol for baselines. To en-
sure a fair comparison, we tune the hyperparame-
ters governing the merging procedure for the princi-
pal baselines using a shared protocol. Table 5 lists
the tuned parameters, search grids, and selected
values. For each baseline, we first identify the best-
performing configuration on the Qwen2.5-7B-Base
expert group according to the overall average score.
We then transfer this configuration unchanged to
the remaining expert groups and compare it against
the method’s original default configuration. To
avoid underestimating baseline performance, we
report, for each expert group, the configuration that
achieves the higher overall average score. This
protocol involves no target-group-specific tuning,
task-specific training data, or gradient-based opti-
mization.

Sensitivity analysis of βmin and βmax. We eval-
uate all combinations of βmin ∈ {0.6, 0.7, 0.8} and
βmax ∈ {0.8, 0.9, 1.0} on the Qwen2.5-7B-Base
expert group, while keeping all other settings fixed.
As shown in Table 6, the overall average ranges
from 40.40 to 41.38 across the nine configurations,
with a total variation of less than one point. These
results indicate that ResMerge remains relatively
stable under moderate changes to βmin and βmax

within the evaluated range. Notably, the main re-
sults use the predefined default setting (0.7, 1.0)
rather than the best-performing configuration iden-

22751

https://github.com/mlfoundations/evalchemy
https://github.com/ShishirPatil/gorilla/tree/main/berkeley-function-call-leaderboard
https://github.com/ShishirPatil/gorilla/tree/main/berkeley-function-call-leaderboard
https://github.com/NVIDIA-NeMo/Skills


Domain Dataset Size Evaluated Capability

Coding LiveCodeBench release_v2 511 Code generation and code reasoning
Coding HumanEvalPlus 164 Python programming
Coding MBPPPlus 378 Python programming
General reasoning GPQA-Diamond 198 Graduate-level scientific reasoning
Mathematics AIME24 30 Competition-style mathematical reasoning
Mathematics AIME25 30 Competition-style mathematical reasoning
Mathematics AMC23 40 Competition-style mathematical reasoning
Mathematics MATH500 500 Mathematical problem solving
Tool use BFCL V3 – Function and tool calling
Memory HotpotQA 100 Long-context multi-hop QA
Memory SQuAD 100 Long-context reading comprehension QA

Table 3: Dataset details used in our evaluation.

tified in this sensitivity analysis.
Computational and memory overhead. We

evaluate the offline merging efficiency of ResMerge
on the Qwen2.5-7B-Base expert group with three
experts. All methods are measured under the same
hardware, implementation pipeline, and streaming
setting. Table 7 reports the end-to-end merge time,
the fraction of merge time spent on SVD operations,
the number of SVD calls, and peak GPU memory.

ResMerge completes merging in 2.22 minutes,
compared with 3.65 minutes for TSV-Merge and
3.23 minutes for ISO-CTS. It also performs fewer
SVD calls, requiring 588 calls versus 990 for TSV-
Merge and 1188 for ISO-CTS. Under the same
streaming implementation, ResMerge reaches a
peak GPU memory usage of 8.13 GB, matching
the SVD-free TA baseline and remaining substan-
tially below the two spectral baselines. The addi-
tional cost relative to TA primarily arises from spec-
tral decomposition. Nevertheless, model merging
is performed only once offline and introduces no
additional inference-time computation or memory
overhead. These results indicate that the layer-wise
SVD overhead of ResMerge remains moderate un-
der the evaluated setting.

A.3 Geometric Characterization and Metric
Definitions

This section first provides a geometric characteri-
zation of the head–residual decomposition and the
two components of ResMerge, and then defines
the diagnostic and evaluation metrics used in our
analyses.

Geometric characterization. For clarity, we
omit the layer index and the numerical stabilizer ϵ
in the following derivations.

Orthogonal head–residual decomposition. For
expert i, the task vector is decomposed into a lead-

ing spectral head Hi and a residual component Ri:

∆i = Hi +Ri, ⟨Hi, Ri⟩F = 0. (18)

The orthogonality follows directly from the trun-
cated singular value decomposition, since Hi con-
tains the selected leading singular components and
Ri contains the remaining components. Conse-
quently,

∥∆i∥2F = ∥Hi∥2F + ∥Ri∥2F . (19)

The decomposition therefore partitions the task-
vector energy into non-overlapping spectral com-
ponents, rather than duplicating or heuristically
discarding update directions.

Spherical consensus interpretation of SRC-A.
Let

qi =
Ri

∥Ri∥F
(20)

denote the normalized residual direction of expert
i. SRC-A constructs the aggregate direction

qsrc =

∑N
i=1 qi∥∥∥

∑N
i=1 qi

∥∥∥
F

. (21)

Provided that
∑

i qi ̸= 0, this direction solves

qsrc ∈ argmax
∥q∥F=1

1

N

N∑

i=1

⟨q, qi⟩F . (22)

To see this, the objective can be rewritten as

1

N

〈
q,

N∑

i=1

qi

〉

F

. (23)

Under the constraint ∥q∥F = 1, the Cauchy–
Schwarz inequality gives

〈
q,
∑

i

qi

〉

F

≤
∥∥∥∥∥
∑

i

qi

∥∥∥∥∥
F

. (24)
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Model Name / Source Base Model Training Paradigm Expert Domain

Qwen-2.5-7B-SimpleRL-Zoo (SimpleRL) Qwen2.5-7B-Base RL post-training Math
Open-Reasoner-Zero-7B (Zero) Qwen2.5-7B-Base RL post-training Math reasoning
General-Reasoner-Qwen2.5-7B (Reasoner) Qwen2.5-7B-Base RL post-training General reasoning
qwen2.5-7b-base-retool-slime-sft-v2 (ReTool-SFT) Qwen2.5-7B-Base Supervised fine-tuning Tool use
AceInstruct-7B (AceInstruct) Qwen2.5-7B-Base Supervised fine-tuning Coding
Qwen2.5-7B-ODA-Math-460k (ODA-Math) Qwen2.5-7B-Base Supervised fine-tuning Math

Qwen2.5-7B-Ins-AMPO (AMPO) Qwen2.5-7B-Instruct RL post-training General reasoning
RL-MemoryAgent-7B (MemoryAgent) Qwen2.5-7B-Instruct RL post-training Long-context QA
Qwen2.5-7B-Instruct-ToolRL-grpo-cold (ToolRL) Qwen2.5-7B-Instruct RL post-training Tool use
Toucan-Qwen2.5-7B-Instruct-v0.1 Qwen2.5-7B-Instruct Supervised fine-tuning Tool use
MirrorAPI Qwen2.5-7B-Instruct Supervised fine-tuning Tool use
OpenThinker3-7B Qwen2.5-7B-Instruct Supervised fine-tuning Math
Bespoke-Stratos-7B Qwen2.5-7B-Instruct Supervised fine-tuning Math reasoning

Qwen3-4B-Base-GRPO (GRPO) Qwen3-4B-Base RL post-training Math reasoning
General-Reasoner-Qwen3-4B (General-Reasoner) Qwen3-4B-Base RL post-training General reasoning
Spiral-Qwen3-4B (Spiral) Qwen3-4B-Base RL post-training Reasoning
winglian/qwen3-4b-math Qwen3-4B-Base Supervised fine-tuning Math reasoning

ToolRL-Llama3.2-3B (ToolRL-llama) Llama-3.2-3B-Instruct RL post-training Tool use
Llama-3.2-3B-Instruct-GRPO-MATH-1EPOCH (GRPO-MATH) Llama-3.2-3B-Instruct RL post-training Math
ReZero-v0.1-llama-3.2-3b-it-grpo-250404 (ReZero) Llama-3.2-3B-Instruct RL post-training General reasoning

Qwen2.5-7B-Ins-SFT-GRPO (SFT-GRPO) Qwen2.5-7B-Instruct SFT followed by RL Math
dsl-debug-7b-sft-rl (DSL-Debug) Qwen2.5-7B-Instruct SFT followed by RL Coding
Agent-STAR-RL-7B (Agent-STAR) Qwen2.5-7B-Instruct SFT followed by RL Tool use

Table 4: Detailed information on the expert models used in our experiments, including their source models, base
models, training paradigms, and expert domains.

Method Tuned Parameters Search Grid Selected

TA task-vector scale {0.7, 1.0, 1.3} 1.0

TIES density; merge scale {0.2, 0.5, 0.8}; {0.7, 1.0, 1.3} 0.2; 1.0
DARE + TIES drop rate; merge scale {0.2, 0.5, 0.8}; {0.7, 1.0, 1.3} 0.5; 0.7
RAM rescale factor {1.00, 1.05, 1.10, 1.20} 1.00

TSV-Merge merge scale {0.7, 1.0, 1.3} 0.7

Table 5: Hyperparameter search protocol for the baselines (selected on Qwen2.5-7B-Base).

βmin βmax Overall Avg. ∆

0.6 0.8 40.48 −0.60
0.6 0.9 40.60 −0.48
0.6 1.0 40.84 −0.24
0.7 0.8 40.43 −0.65
0.7 0.9 40.62 −0.46
0.7 1.0 41.08 0.00
0.8 0.8 41.38 +0.30
0.8 0.9 40.40 −0.68
0.8 1.0 40.81 −0.27

Table 6: Sensitivity of βmin and βmax on the Qwen2.5-
7B-Base expert group. ∆ is measured relative to the
default setting, shown in bold.

The upper bound is attained when q is aligned with∑
i qi, yielding Eq. 21. Therefore, SRC-A selects

the unit-Frobenius direction that maximizes the av-
erage alignment with the normalized expert residu-

als. It can thus be interpreted as a spherical consen-
sus estimator rather than a direct Euclidean average
of residual magnitudes.

Bounded perturbation interpretation of LHC.
Let A denote the residual backbone and let

Ĥmean =
Hmean

∥Hmean∥F + ϵ
(25)

denote the normalized candidate head direction.
The LHC correction is defined as

C = ρSH∥A∥F Ĥmean, (26)

where SH ∈ [0, 1] denotes positive cross-expert
head agreement and ρ controls the maximum injec-
tion ratio. Since ∥Ĥmean∥F ≤ 1 and SH ∈ [0, 1],
Eq. 26 implies

∥C∥F ≤ ρSH∥A∥F ≤ ρ∥A∥F . (27)
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Method Merge Time (min) SVD Share (%) SVD Calls Peak GPU Memory (GB)

TA 0.34± 0.02 N/A 0 8.13
TSV-Merge 3.65± 0.00 96.10± 0.13 990 14.46
ISO-CTS 3.23± 0.02 95.12± 0.27 1188 24.69
ResMerge (Ours) 2.22± 0.01 93.03± 0.15 588 8.13

Table 7: Computational and memory overhead on the Qwen2.5-7B-Base expert group with three experts, measured
using 8× NVIDIA A6000 GPUs. SVD Share denotes the proportion of the measured merge time spent on SVD
operations, aggregated across GPUs.

Applying the triangle inequality together with
Eq. 27 gives

∥A+ C∥F ≤ (1 + ρ)∥A∥F . (28)

LHC therefore introduces the leading spectral head
as an agreement-aware correction whose magni-
tude is explicitly bounded relative to the residual
backbone. In particular, when ρ ≤ 1, the correction
norm cannot exceed that of the backbone.

Metric definitions. Component norm retention.
For a component Xi ∈ {Hi, Ri}, we measure how
much component norm is retained after Euclidean
averaging using

RetX =

∥∥∥ 1
N

∑N
i=1Xi

∥∥∥
F

1
N

∑N
i=1 ∥Xi∥F

. (29)

By the triangle inequality, RetX ∈ [0, 1]. A higher
value indicates less norm loss due to directional
cancellation. We report this metric separately for
the spectral heads and residuals.

Component performance recovery. For each ex-
pert Ei, we evaluate the full task vector and its
component-only variants on the benchmark suite
used for the expert group sharing the same base
model as Ei. Let Di denote the set of capability
domains in this benchmark suite, let Bi,d denote
the benchmarks in domain d, and let sb(M) denote
the score of model M on benchmark b. Following
the same aggregation rule as the Overall Avg. in
the main experiments, we define

Si(M) =
1

|Di|
∑

d∈Di

1

|Bi,d|
∑

b∈Bi,d

sb(M). (30)

This aggregation first averages benchmark scores
within each capability domain and then averages
the resulting domain scores equally.

For a component Xi ∈ {Hi, Ri}, its perfor-
mance recovery relative to the full task vector is
defined as

RecXi = 100× Si(W0 +Xi)

Si(W0 +∆i)
. (31)

Since W0 + ∆i = Wi, the full task vector has
a recovery value of 100%. Figure 6 reports this
normalized recovery directly, while Figure 1 uses
the corresponding centered form

CRecXi = RecXi −100, (32)

for which the full task vector is centered at 0%.
Positive values indicate that the component-only
model exceeds the full task-vector performance,
whereas negative values indicate partial recovery.

Capability-retention metrics. Let C denote the
set of evaluated capability domains, and let s(M, c)
denote the category-average score of model M on
capability c ∈ C. For each capability, we use the
strongest source expert as the reference:

s⋆(c) = max
1≤i≤N

s(Ei, c). (33)

The expert-capability retention of a merged model
M on capability c is defined as

ECRc(M) =
s(M, c)

s⋆(c)
. (34)

An ECR of 1 indicates that the merged model
matches the strongest source expert on that capabil-
ity, while a value above 1 indicates that it exceeds
the strongest source-expert performance.

We report Mean ECR and Min ECR, defined re-
spectively as the average and minimum ECR across
capability domains, to characterize average and
worst-case relative capability retention.

To complement these relative measures, the
worst capability shortfall is defined as

WCS(M) = max
c∈C

[s⋆(c)− s(M, c)]+ , (35)

where [x]+ = max(x, 0). WCS measures the
largest absolute performance drop relative to the
strongest source expert on the same capability.
Lower values indicate stronger worst-case capa-
bility preservation.
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Benchmark-composition robustness. We further
evaluate whether the improvement of RESMERGE

depends disproportionately on a small number of
benchmarks. For benchmark b, we define the score
difference relative to a fixed comparison baseline
M⋆ as

δb = sb(RESMERGE)− sb(M
⋆), (36)

where M⋆ is the strongest non-ours baseline for
the corresponding expert group.

Following the same domain-balanced aggrega-
tion rule above, the overall difference ∆ is ob-
tained by first averaging benchmark-level differ-
ences within each capability domain and then av-
eraging equally across domains. Thus, each capa-
bility domain contributes equally, regardless of the
number of benchmarks it contains.

For the domain-stratified benchmark bootstrap,
we sample benchmarks with replacement indepen-
dently within each domain while preserving the
original number of benchmarks in that domain. We
recompute ∆ for each bootstrap replicate and re-
port the 95% percentile bootstrap interval of the
resulting distribution, together with the proportion
of replicates for which ∆ > 0. The latter is an
empirical bootstrap positivity rate rather than a con-
ventional hypothesis-test p-value.

For the leave-one-benchmark-out analysis, we
remove each benchmark once and recompute the
same domain-aware ∆. If the removed benchmark
is the only entry in its domain, the resulting empty
domain is excluded from that leave-one-out aver-
age. We report the number of leave-one-out set-
tings with a positive ∆ and the minimum observed
leave-one-out ∆. Together, these summaries as-
sess the robustness of the observed improvement
to changes in benchmark composition.

A.4 Additional Analyses
In this section, we provide two supplementary anal-
yses to support the observations in the main paper.
First, we include component-level recovery experi-
ments on additional RL- and SFT-trained experts.
Second, we analyze the similarity between leading
singular directions and residual singular directions.
These results further examine whether both spectral
components retain recoverable behavior knowledge
and whether they capture different parts of the task
update.

Additional component recovery results. Fig-
ure 6 reports component-level recovery results on

Figure 6: Additional component-level recovery results
for RL and SFT post-training experts. We compare full
task vectors with head-only and residual-only variants.
The additional results further show that RL task vectors
often preserve non-trivial behavior knowledge in both
spectral components, while SFT experts exhibit more
uneven component recoverability.

additional RL and SFT experts. For each expert, we
compare the full task vector with two component-
only variants: Head-only, which keeps only the
leading rank-1 spectral head, and Residual-only,
which keeps the residual component after remov-
ing the leading head. These additional results ex-
amine whether the component-level recoverability
observed in the main text holds across different
expert groups and training paradigms.

Pairwise similarity of spectral components.
We further report pairwise cosine similarities
among rank-1 heads and among residual compo-
nents across experts. As shown in Figure 7, rank-1
heads show higher average pairwise cosine than
residual components, but their similarities also
have much larger variance across tensors and lay-
ers. This indicates that head directions are not pure
noise: they can exhibit meaningful cross-expert
alignment in some modules. However, this align-
ment is unstable, which makes direct head averag-
ing unreliable without an agreement-based gate.

In contrast, residual components have low pair-
wise cosine, which is expected because they are
high-dimensional and spectrally dispersed after
removing the leading singular direction. There-
fore, residual reliability should not be interpreted
as strong pairwise alignment. Rather, as shown by
the residual coherence analysis in the main paper,
normalized residual components can still form a sta-
ble aggregate spherical consensus direction. This
distinction motivates our design: SRC-A extracts
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Figure 7: Pairwise similarity of rank-1 heads and residual components across experts. Rank-1 heads show higher
average pairwise cosine but also larger variance, suggesting useful yet unstable cross-expert alignment. Residual
components exhibit low pairwise cosine, consistent with their high-dimensional dispersed spectrum. Thus, residual
reliability should be understood through aggregate spherical coherence rather than pairwise similarity.

Method Tool Using Math Reasoning Coding Overall

Live Para Live P-Mul Non-Live Para Non-Live P-Mul AIME24 AIME25 AMC23 MATH500 GPQA-D LiveCodeBench HumanEval++ MBPP++ Overall Avg.

Base and Expert Models
Qwen3-4B 50.00 25.00 56.50 28.00 13.33 6.67 32.50 52.40 19.70 4.70 77.44 5.03 28.71
GRPO 31.25 29.17 68.50 72.00 23.33 16.67 72.50 77.40 31.48 5.28 75.00 55.03 43.57
General-Reasoner 68.75 58.33 78.50 81.50 26.67 16.67 45.00 66.00 36.87 18.40 81.71 55.29 49.76
Spiral 6.25 12.50 57.00 71.50 13.33 16.67 42.50 73.00 29.29 9.98 76.22 65.87 38.29

Merged Models
TA 56.25 37.50 76.50 75.50 20.00 13.33 55.00 76.00 31.65 9.59 76.22 57.14 45.46
TIES 6.25 16.67 43.50 55.50 23.33 20.00 65.00 77.80 34.34 15.66 81.71 59.79 40.93
DARE + TIES 12.50 20.83 44.50 61.50 26.67 16.67 65.00 77.80 34.18 9.98 80.49 59.26 41.36
TSV-Merge 50.00 33.33 67.50 71.50 20.00 16.67 65.00 76.00 32.15 10.57 79.27 59.52 45.48
RAM 12.50 20.83 44.50 61.50 23.33 16.67 70.00 78.40 34.51 14.48 81.71 61.11 42.22

RESMERGE (Ours) 50.00 37.50 74.50 72.50 23.33 20.00 65.00 78.00 33.67 13.50 78.66 58.20 47.25

Table 8: Main results on the Qwen3-4B-Base expert group across individual benchmarks and the overall average.
Shaded cells denote the top distinct results among merged models in each column: 1st , 2nd , and 3rd ; tied
scores share the same color.

an aggregate residual consensus instead of relying
on high pairwise similarity, while LHC gates the
head correction according to head agreement.

A.5 Full Results and Additional Ablations

Beyond the primary Qwen2.5-7B-Base RL setting
reported in Table 1, we extend the evaluation to two
additional Qwen-based RL expert groups and one
Llama-based RL expert group. We also consider
mixed SFT-then-RL and SFT-only expert groups,
where the task vectors contain updates from super-
vised fine-tuning. These experiments broaden the
evaluation beyond the primary RL-only Qwen set-
ting and help clarify the scope of RESMERGE. We
further report domain-level structural ablations on
two additional Qwen-based RL expert groups.

Additional Qwen-based RL expert groups. Ta-
bles 8 and 10 report results on the Qwen3-4B-Base
and Qwen2.5-7B-Instruct RL expert groups, respec-
tively. RESMERGE achieves the highest Overall

Avg. on both groups. Together with the primary
Qwen2.5-7B-Base results, these findings show con-
sistent gains across three Qwen-based RL settings.

Cross-backbone evaluation on Llama RL
experts. Table 12 reports results on three
RL experts derived from Llama-3.2-3B-Instruct.
RESMERGE achieves the highest Overall Avg. of
22.34, exceeding TSV-Merge and TA by 2.29 and
2.35 points, respectively. It also obtains the highest
Math Avg. These results support the applicability
of the residual-based spectral design beyond the
Qwen backbone family in the RL setting.

Mixed SFT–RL expert group. We next con-
sider the common SFT-then-RL pipeline, in which
each expert undergoes task-specific supervised
fine-tuning followed by reinforcement learning:
W0 → W

(i)
SFT → W

(i)
SFT+RL. Accordingly, the task

vector ∆i = W
(i)
SFT+RL − W0 contains updates

introduced by both stages.
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Method Tool Avg. Math Avg. Reasoning Avg. Coding Avg. Overall Avg. ∆
Task Arithmetic 61.44 41.08 31.65 47.65 45.46 0.00
Head-only mean 42.71 33.58 23.40 32.61 33.07 -12.39
Residual-only mean 58.38 43.58 31.99 49.50 45.86 +0.40
SRC-A w/o head 58.75 45.44 32.66 49.49 46.59 +1.13
SRC-A w/ ungated head 63.52 41.49 32.15 47.06 46.05 +0.59
RESMERGE (Ours) 58.63 46.58 33.67 50.12 47.25 +1.79

Table 9: Structural ablation on the Qwen3-4B-Base expert group. Category averages are computed by averaging the
benchmark-level scores within each capability domain. Bold and underlined values denote the best and second-best
results in each column. ∆ is measured relative to Task Arithmetic.

Method Tool Using Math Reasoning Memory Overall

Live Para Live P-Mul Non-Live Para Non-Live P-Mul AIME24 AIME25 AMC23 MATH500 GPQA-D HotpotQA-7K HotpotQA-14K SQuAD-32K Overall Avg.

Base and Expert Models
Qwen2.5-7B-Instruct 62.50 66.67 91.50 82.50 13.33 0.00 50.00 72.40 23.23 60.00 59.00 72.00 49.16
AMPO 68.75 50.00 92.00 84.00 13.33 13.33 55.00 76.20 30.13 64.00 61.00 75.00 52.49
MemoryAgent 68.75 66.67 89.50 85.00 10.00 3.33 45.00 71.20 17.67 65.00 64.00 78.00 49.13
ToolRL 68.75 70.83 90.50 85.00 10.00 6.67 47.50 72.00 23.91 61.00 61.00 75.00 50.60

Merged Models
TA 68.75 66.67 91.00 86.50 13.33 3.33 55.00 74.60 26.26 64.00 62.00 76.00 52.10
TIES 68.75 66.67 90.00 86.00 16.67 10.00 52.50 75.60 25.08 65.00 63.00 77.00 52.49
DARE + TIES 62.50 66.67 89.00 87.00 16.67 20.00 52.50 75.20 23.40 67.00 60.00 78.00 52.28
TSV-Merge 68.75 66.67 90.50 86.50 13.33 10.00 55.00 74.40 24.58 64.00 65.00 77.00 52.38
ISO-C 68.75 66.67 90.00 87.50 13.33 13.33 52.50 74.60 23.57 65.00 62.00 77.00 52.06
ISO-CTS 68.75 66.67 91.00 87.50 16.67 10.00 47.50 74.20 24.75 64.00 61.00 78.00 52.00
RAM 68.75 66.67 90.00 85.50 10.00 6.67 57.50 74.80 24.58 63.00 64.00 80.00 52.14

RESMERGE (Ours) 75.00 70.83 91.00 86.50 16.67 13.33 55.00 73.00 27.61 65.00 60.00 76.00 53.74

Table 10: Main results on the Qwen2.5-7B-Instruct expert group across individual benchmarks and the overall
average. Shaded cells denote the top distinct results among merged models in each column: 1st , 2nd , and 3rd ;
tied scores share the same color.

As shown in Table 13, RESMERGE achieves
or ties the best score on six of the twelve bench-
marks, including the highest scores on Non-Live
Para, AIME24, and MBPP+. Its Overall Avg. is
51.59, only 0.62 points below the best result of
52.21 achieved by TSV-Merge. These results show
that RESMERGE remains competitive under the
practical SFT-then-RL pipeline, but no longer ex-
hibits the consistent overall advantage observed in
the RL-only settings. This attenuation is consis-
tent with the RL-specific motivation of the method:
mixing SFT updates into the task vectors may
weaken the head–residual structure exploited by
RESMERGE.

SFT-only expert group. Table 14 reports results
on three SFT experts derived from Qwen2.5-7B-
Base. RESMERGE achieves the best score on
MBPP+ and the second-best score on six additional
benchmarks, but its Overall Avg. of 45.54 remains
1.21 and 2.35 points below TSV-Merge and TA,
respectively. Thus, while the method remains com-
petitive on several individual benchmarks, it does
not retain the consistent overall advantage observed
for RL-post-trained experts. This attenuation is
consistent with the spectral differences between RL
and SFT task vectors discussed in Section 5.4, sug-

gesting that the head–residual structure exploited
by RESMERGE is less pronounced in the SFT-only
setting.

A.6 Statistical Reliability and
Expert-Capability Retention

We complement the average benchmark results
with two analyses. First, we examine whether the
gains of RESMERGE remain stable under changes
in benchmark composition. Second, we evaluate
whether these gains are accompanied by balanced
preservation of the specialized capabilities of the
source experts.

Statistical reliability. We conduct paired,
domain-stratified benchmark bootstrap and
leave-one-benchmark-out (LOO) analyses against
the strongest non-ours method in each expert
group. Following the main evaluation protocol,
benchmark-level differences are first averaged
within each capability domain and then equally
averaged across domains. Detailed definitions are
provided in Appendix A.3.

As shown in Table 15, RESMERGE achieves pos-
itive full-suite gains across all three Qwen-based
RL expert groups. The corresponding 95% boot-
strap intervals lie entirely above zero, and at least
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Method Tool Avg. Math Avg. Reasoning Avg. Memory Avg. Overall Avg. ∆
Task Arithmetic 78.23 36.57 26.26 67.33 52.10 0.00
Head-only mean 76.17 35.83 24.24 65.00 50.31 -1.79
Residual-only mean 78.36 37.61 25.42 68.00 52.35 +0.25
SRC-A w/o head 79.27 38.29 28.11 67.67 53.33 +1.23
SRC-A w/ ungated head 79.40 36.98 26.60 64.67 51.91 -0.19
RESMERGE (Ours) 80.83 39.50 27.61 67.00 53.74 +1.64

Table 11: Structural ablation on the Qwen2.5-7B-Instruct expert group. Category averages are computed by
averaging the benchmark-level scores within each capability domain. Bold and underlined values denote the best
and second-best results in each column. ∆ is measured relative to Task Arithmetic.

Method Tool Using Math Reasoning Overall

Live Para Live P-Mul Non-Live Para Non-Live P-Mul AIME24 AIME25 AMC23 MATH500 GPQA-D Overall Avg.

Base and Expert Models
Llama-3.2-3B-Instruct 37.50 12.50 44.50 24.50 6.67 0.00 20.00 42.80 24.58 23.90
ToolRL-llama 37.50 16.67 48.00 21.50 3.33 0.00 20.00 40.00 19.87 22.21
GRPO-MATH 31.25 4.17 33.50 9.00 13.33 0.00 22.50 44.00 19.36 19.60
ReZero 25.00 16.67 17.00 6.00 6.67 0.00 7.50 34.80 31.65 20.02

Merged Models
TA 25.00 12.50 37.00 15.50 3.33 0.00 22.50 41.20 20.70 19.99
TIES 0.00 0.00 27.50 16.00 3.33 0.00 10.00 19.40 8.92 9.33
DARE + TIES 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.60 1.01 0.39
TSV-Merge 37.50 12.50 31.00 9.50 6.67 0.00 15.00 43.60 21.21 20.05
ISO-C 31.25 12.50 46.50 24.00 0.00 0.00 0.00 16.00 17.00 16.52
RAM 37.50 8.33 10.50 4.50 6.67 3.33 27.50 44.40 23.40 19.69

RESMERGE (Ours) 25.00 12.50 34.00 18.00 10.00 0.00 30.00 47.00 22.90 22.34

Table 12: Main results on the Llama-3.2-3B-Instruct expert group across individual benchmarks and the overall
domain-mean average. Shaded cells denote the top distinct results among merged models in each column: 1st ,
2nd , and 3rd ; tied scores share the same color.

99.76% of the bootstrap replicates retain a positive
gain. The improvement also remains positive after
removing any single benchmark, with minimum
LOO gains between 0.82 and 1.67 points. These
results indicate that the observed improvements are
stable across benchmark resampling and are not
driven by any individual benchmark.

Expert-capability retention. Overall averages
can conceal capability trade-offs, since stronger ag-
gregate performance may coincide with substantial
degradation on the specialized domain of an indi-
vidual expert. We therefore compare RESMERGE

with the strongest non-ours method in each group
using Mean ECR, Min ECR, and Worst Capability
Shortfall (WCS).

Table 16 shows that RESMERGE consistently
improves all three metrics across the three Qwen-
based RL expert groups. Compared with the cor-
responding non-ours method, the improvement
in Mean ECR ranges from 3.1 to 5.9 percentage
points, while the improvement in Min ECR ranges
from 4.3 to 8.4 percentage points. WCS is also
reduced by 1.51 to 3.05 points across the three set-

tings. The largest improvement in worst-case rela-
tive retention is observed on Qwen2.5-7B-Instruct,
where Min ECR increases from 0.832 to 0.916.
These results indicate that the overall gains of
RESMERGE are accompanied by more balanced
preservation of source-expert capabilities.

Together, these analyses show that the gains of
RESMERGE are robust to benchmark composition
and do not come at the expense of severely degrad-
ing individual source-expert capabilities.
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Method Tool Using Math Reasoning Coding Overall

Live Para Live P-Mul Non-Live Para Non-Live P-Mul AIME24 AIME25 AMC23 MATH500 GPQA-D LiveCodeBench HumanEval+ MBPP+ Overall Avg.

Base and Expert Models
Qwen2.5-7B-Instruct 62.50 66.67 91.50 82.50 13.33 0.00 50.00 72.40 23.23 33.46 76.83 66.93 48.01
SFT-GRPO 62.50 50.00 83.50 83.50 16.67 13.33 60.00 74.00 35.02 20.35 75.61 69.31 50.25
DSL-Debug 56.25 58.33 91.00 86.50 13.33 10.00 55.00 72.20 22.90 32.88 75.00 66.14 47.89
Agent-STAR 68.75 66.67 90.50 84.00 13.33 10.00 55.00 73.60 37.21 17.42 73.78 68.52 51.48

Merged Models
TA 68.75 58.33 91.00 84.00 20.00 13.33 57.50 75.40 31.82 32.29 78.05 68.25 52.11
TSV-Merge 62.50 58.33 91.50 85.00 20.00 10.00 57.50 76.20 35.52 29.55 77.44 67.20 52.21

RESMERGE (Ours) 68.75 58.33 92.00 84.50 23.33 6.67 52.50 74.60 32.15 30.53 78.05 68.52 51.59

Table 13: Model merging results on the mixed SFT–RL expert group across individual benchmarks and the overall
average. All experts share Qwen2.5-7B-Instruct as the base model and undergo task-specific SFT followed by RL.
Shaded cells denote the top distinct results among merged models in each column: 1st , 2nd , and 3rd ; tied
scores share the same color.

Method Tool Using Math Reasoning Coding Overall

Live Para Live P-Mul Non-Live Para Non-Live P-Mul AIME24 AIME25 AMC23 MATH500 GPQA-D LiveCodeBench HumanEval+ MBPP+ Overall Avg.

Base and Expert Models
Qwen2.5-7B-Base 56.25 29.17 63.00 34.00 6.67 0.00 32.50 54.80 30.13 8.22 70.73 35.19 34.32
ReTool-SFT 81.25 58.33 83.00 79.00 10.00 13.33 47.50 55.20 9.09 12.92 31.10 44.18 36.35
AceInstruct 12.50 29.17 50.00 52.00 6.67 6.67 45.00 72.40 18.69 29.35 66.46 70.11 35.65
ODA-Math 25.00 8.33 20.00 10.00 46.67 33.33 85.00 69.60 8.25 7.83 35.37 39.95 27.61

Merged Models
TA 43.75 54.17 79.50 76.50 20.00 16.67 70.00 75.00 29.63 20.94 74.39 63.76 47.89
TSV-Merge 50.00 45.83 75.00 72.50 16.67 16.67 65.00 75.20 30.64 19.96 73.78 62.70 46.75

RESMERGE (Ours) 43.75 50.00 76.00 71.00 16.67 13.33 65.00 74.40 28.11 16.63 72.56 65.34 45.54

Table 14: Model merging results on the Qwen2.5-7B-Base SFT expert group across individual benchmarks and the
overall average. Shaded cells denote the top distinct results among merged models in each column: 1st , 2nd , and
3rd ; tied scores share the same color.

Expert Group Full ∆ 95% Bootstrap CI Pboot(∆ > 0) Positive LOO Min LOO ∆

Qwen2.5-7B-Base +2.22 [+1.02, +3.46] 100.00% 12/12 +1.67
Qwen2.5-7B-Instruct +1.25 [+0.35, +2.12] 99.76% 12/12 +0.82
Qwen3-4B-Base +1.77 [+0.89, +2.70] 100.00% 12/12 +1.44

Table 15: Benchmark-composition reliability of RESMERGE relative to the strongest non-ours method on three
Qwen-based RL expert groups, based on 10,000 paired, domain-stratified bootstrap replicates and LOO analysis.

Expert Group Method Mean ECR ↑ Min ECR ↑ WCS ↓
Qwen2.5-7B-Base Best Non-Ours (ISO-C) 0.923 0.862 4.88

RESMERGE (Ours) 0.982 0.918 3.37
Qwen2.5-7B-Instruct Best Non-Ours (TIES) 0.948 0.832 5.05

RESMERGE (Ours) 0.979 0.916 2.52
Qwen3-4B-Base Best Non-Ours (TSV-Merge) 0.886 0.774 16.19

RESMERGE (Ours) 0.920 0.817 13.14

Table 16: Expert-capability retention across three Qwen-based RL expert groups. Higher ECR and lower WCS
indicate better capability preservation; bold marks the better result within each group.
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