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1 Project Overview

1.1 Profile

Track: 1. Algorithm, 3. Application

Abstract and project goal: Model merging aims to combine multiple task-specific mod-
els into a single unified model without retraining. Existing methods such as Task Arithmetic,
TIES, and AdaMerging usually merge models through fixed rules or coefficient optimization,
but they do not explicitly model the layer-wise merging process as a sequential decision
problem. In this project, we study MMCR, a reinforcement-learning-based framework for
sequential, layer-wise task-vector model merging. At each step, the policy observes the cur-
rent layer progress, task-vector geometry, and previous coefficient history, then outputs a
coefficient vector for merging the current layer. Our goal is to investigate whether an RL
policy can learn adaptive layer-wise merging strategies that better preserve the abilities of
multiple source models.

TL;DR: RL-based sequential layer-wise task-vector model merging with adaptive coeffi-
cient learning.

1.2 Motivation

Why is the problem interesting?
Model merging is an important technique for integrating multiple task-specific models with-
out retraining, and is widely used in multi-task learning, continual learning, and efficient
model deployment. Given several models fine-tuned from the same pretrained backbone, the
goal is to construct a single merged model that preserves the abilities of all source models.
This is attractive because it reduces storage and inference cost while avoiding additional
full-model retraining.
However, model merging is challenging because different task-specific models may encode
knowledge in different or even conflicting parameter directions. A single global merging
coefficient may be too coarse to handle these conflicts, since different layers can have different
levels of task interference. Therefore, an adaptive layer-wise merging strategy is needed.
This motivates us to formulate model merging as a sequential decision-making problem,
where an RL agent decides how to combine source task vectors layer by layer.

Critical Challenges

https://fangfangirl.github.io/RL_final/


• Challenge 1: Layer-wise task-vector conflict.
Source models are fine-tuned on different tasks, so their task vectors may have dif-
ferent magnitudes and directions at each layer. Some layers may contain compatible
updates, while other layers may contain conflicting updates. Fixed merging rules
may fail to adapt to such layer-dependent differences.

• Challenge 2: Sequential dependency across layer-wise decisions.
Layer-wise merging decisions are not independent. The coefficient choice made in
an early layer changes the partially merged model and may influence how later
layers should be merged. Therefore, one-shot merging or independent layer-wise
estimation may not fully capture the trajectory-level effect of merging decisions.

• Challenge 3: Reward evaluation and credit assignment.
The quality of a merging decision is usually reflected only after evaluating the
merged model on multiple tasks. Evaluating the model after every layer can be
computationally expensive, while evaluating only at the end makes it harder to
assign credit to each layer-wise decision. This creates a trade-off between reward
informativeness and computational efficiency.

Justify why the problem remains open or unsolved.
Existing model merging methods can be broadly categorized into the following groups, and
each category has its own limitations:

• Optimization-based coefficient learning methods: Methods such as AdaMerg-
ing [Yang et al., 2023] learn merging coefficients by optimizing an objective on
validation data. These methods can achieve strong performance because the coeffi-
cients are adapted to the target tasks. However, they usually optimize coefficients
in a non-sequential manner and do not explicitly formulate the layer-wise merging
process as a trajectory of decisions.

• Heuristic task-vector merging methods: Approaches such as Task Arithmetic
[Ilharco et al., 2022], TIES [Yadav et al., 2023], and DARE [Yu et al., 2024] merge
models using predefined rules over task vectors. These methods are simple and
efficient, but their merging strategies are mostly fixed. As a result, they may not
adapt well to different task combinations or layer-specific task-vector conflicts.

• Training-free coefficient estimation methods: Methods such as NAN [Si et al.,
2025] estimate merging coefficients without iterative policy learning. Although such
methods are efficient, they are typically based on one-shot estimation and do not
explicitly model the sequential dependency among layer-wise merging decisions.

Overall, existing methods still leave a gap between adaptive coefficient optimization and
sequential layer-wise decision making. Optimization-based methods can learn useful coef-
ficients, while heuristic and training-free methods are efficient, but most of them do not
explicitly model model merging as a trajectory where earlier layer-wise decisions influence
later ones. This motivates us to explore reinforcement learning as a mechanism for adaptive
sequential model merging.

State-of-the-art methods.
AdaMerging [Yang et al., 2023], TIES [Yadav et al., 2023], DARE [Yu et al., 2024], and
NAN [Si et al., 2025] are considered representative baselines in model merging research.

2 Problem Formulation

We study the problem of multi-task model merging, where the goal is to combine several
task-specific models into a single unified model without retraining the full network. Given
multiple models fine-tuned from the same pretrained backbone, we aim to construct a merged
model that preserves the abilities of all source models.
Rather than treating model merging as a one-shot static operation, we formulate task-
vector model merging as a layer-wise sequential decision-making problem. At each step, an
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RL agent decides how much each source task vector should contribute to the current layer.
The environment then updates the current layer of the merged model, evaluates the merged
model when reward evaluation is triggered, and moves to the next layer. This formulation
allows the agent to learn adaptive layer-wise merging coefficients instead of using a single
global coefficient for the whole model.

2.1 Multi-Model Task-Vector Merging

Given K source models fine-tuned on different tasks or datasets:
{M (1),M (2), . . . ,M (K)},

and a shared pretrained model M (0), all models are assumed to have compatible architec-
tures with L mergeable layers.
We denote:

• k ∈ {1, . . . ,K}: index of the source models;
• l ∈ {1, . . . , L}: index of the mergeable layers;
• θ

(0)
l : parameters of the l-th layer of the pretrained model;

• θ
(k)
l : parameters of the l-th layer of the k-th fine-tuned source model;

• ∆
(k)
l : task vector of source model k at layer l;

• θ
(m,t)
l : parameters of the l-th layer of the merged model after step t;

• Θt: the whole merged model after the first t layer-wise decisions.

The task vector of source model k at layer l is defined with respect to the pretrained model:
∆

(k)
l = θ

(k)
l − θ

(0)
l .

The merged parameter of layer l is constructed by adding a weighted combination of source
task vectors to the pretrained parameter:

θ
(m)
l = θ

(0)
l +

K∑
k=1

λl,k∆
(k)
l ,

where λl,k is the merging coefficient for source model k at layer l.
Before the first layer-wise decision, the coefficient table is initialized by a fixed value λinit.
This gives the initial merged model Θ0. During an episode, the policy gradually overwrites
the initialized coefficients layer by layer.
This formulation preserves the pretrained model as the common reference point and lets the
policy decide how much task-specific update should be added to each layer. Compared with
using a single global coefficient for the whole model, layer-wise task-vector merging allows
different layers to use different combinations of source models.

2.2 Sequential Layer-wise Merging

We formulate the merging process as a sequential decision process with horizon L, where each
episode corresponds to constructing one complete merged model. At step t ∈ {1, . . . , L},
the environment focuses on the t-th mergeable layer.
The policy observes the current state st and samples a raw action from a Gaussian distribu-
tion. This raw action is then transformed into a valid coefficient vector:

at = λt = [λt,1, λt,2, . . . , λt,K ] ∈ RK .

Each coefficient λt,k controls how much the task vector of source model k contributes to the
current layer. The environment then updates only the current layer:

θ
(m,t)
t = θ

(0)
t +

K∑
k=1

λt,k∆
(k)
t .
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All other layers remain unchanged during this step:

θ
(m,t)
l = θ

(m,t−1)
l , l ̸= t.

Thus, the whole merged model evolves from Θt−1 to Θt after applying action at. After
updating layer t, the environment records the coefficient vector λt, advances to layer t+ 1,
and constructs the next state st+1.
The full trajectory is:

τ = (s1, a1, r1, s2, a2, r2, . . . , sL, aL, rL),

where at = λt is the coefficient action for layer t, and rt is the reward returned after applying
this layer-wise decision.

2.3 MDP Formulation

We formulate the layer-wise merging process as a Markov Decision Process:
M = (S,A, P, r, γ),

where S is the state space, A is the action space, P is the transition function, r is the reward
function, and γ is the discount factor.

2.3.1 State

The state st is observed before updating layer t. It provides the policy with information
about the current merging progress, the geometry of the current layer’s task vectors, and
the coefficient history of the current trajectory. In our final setting, we use a full-coefficient
state representation:

st = [pt, gt, vec(Λt), mt].

Here, pt is the layer progress:
pt =

t

L
.

It tells the policy which part of the layer-wise merging trajectory it is currently in.
The term gt describes the task-vector geometry of the current layer. For each source model,
we extract two features from its task vector at layer t: the relative update magnitude and
the update direction similarity. Thus, the geometry feature is:

gt = [nt,1, . . . , nt,K , dt,1, . . . , dt,K ].

The first part, nt,k, measures how large the task vector of source model k is at the current
layer compared with the average task-vector magnitude at the same layer:

nt,k =
∥∆(k)

t ∥
1
K

∑K
j=1 ∥∆

(j)
t ∥

.

If nt,k > 1, source model k changes this layer more than the average source model. If
nt,k < 1, its update at this layer is smaller than average. This feature tells the policy how
strong each source model’s parameter update is at the current layer.
The second part, dt,k, measures whether the update direction of source model k is consistent
with the average update direction of all source models. Let the average task vector at layer
t be:

∆̄t =
1

K

K∑
j=1

∆
(j)
t .

Then the direction feature is defined as:

dt,k =
⟨∆(k)

t , ∆̄t⟩
∥∆(k)

t ∥∥∆̄t∥
.
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This is the cosine similarity between the task vector of source model k and the average
task vector. A value close to 1 means that the source model’s update direction is similar to
the common update direction. A smaller value means that this source model may be less
consistent with the others at this layer.
In summary, gt tells the policy two things about the current layer: which source models
have larger parameter updates, and which source models have update directions that are
more consistent with the others.
The matrix

Λt ∈ RL×K

stores the coefficient vector for every layer in the current trajectory before applying action
at. If a layer has already been visited, its row stores the coefficient vector chosen by the
policy. If a layer has not yet been visited, its row remains at the initial coefficient value.
The filled mask

mt ∈ {0, 1}L

indicates which layers have already been updated:

mt,l =

{
1, l < t,

0, l ≥ t.

This mask helps the policy distinguish between coefficients that were actually selected by
the policy and coefficients that are still only initialization values.
Therefore, for K source models and L mergeable layers, the state dimension is:

1 + 2K + LK + L.

2.3.2 Action

The policy is a stochastic Gaussian policy. Given the current state st, the policy outputs
the mean and standard deviation of a Gaussian distribution:

µt, σt = πϕ(st),

where µt, σt ∈ RK and K is the number of source models.
A raw action is sampled from this distribution:

ut ∼ N (µt, diag(σ2
t )).

The raw action is then transformed into a valid coefficient vector:
at = λt = Tpos(ut),

where Tpos(·) denotes the positive coefficient transformation. This ensures that the final
merging coefficients are non-negative.
Each element λt,k determines how much the task vector of source model k contributes to
the current layer t:

θ
(m,t)
t = θ

(0)
t +

K∑
k=1

λt,k∆
(k)
t .

2.3.3 Transition

The transition is deterministic. Given the current state st and action at = λt, the environ-
ment updates only the current layer:

θ
(m,t)
t = θ

(0)
t +

K∑
k=1

λt,k∆
(k)
t .

All other layers remain unchanged:

θ
(m,t)
l = θ

(m,t−1)
l , l ̸= t.

5



The coefficient table is updated by writing the current coefficient vector into the row corre-
sponding to layer t:

(Λt+1)t,: ← λt,

while all other rows remain unchanged:

(Λt+1)l,: = (Λt)l,:, l ̸= t.

The filled mask is also updated so that the current layer is marked as visited:

mt+1,l =

{
1, l ≤ t,

0, l > t.

The layer index advances from t to t+ 1. The next state st+1 is then constructed from the
next layer’s geometry, the updated coefficient table Λt+1, and the updated mask mt+1:

st+1 = P (st, at).

Therefore, the state-action transition can be summarized as:

st → ut → λt → Θt → rt → st+1.

The policy first samples a raw action ut, the environment transforms it into the coefficient
vector λt, the coefficient vector updates the merged model, the reward is computed from
the updated model when evaluation is triggered, and the next state records the updated
coefficient history.

2.3.4 Reward Function

We use an entropy-based reward to evaluate the current merged model during the layer-
wise merging process. The reward is computed after applying the action, so it evaluates the
updated merged model Θt.
Let Bk denote the reward batch for task k, and let hk be the task-specific head for that
task. Given the current merged encoder fΘt

, the logits for an input x ∈ Bk are:

zt,k(x) = hk(fΘt
(x)).

The task score is defined as the negative prediction entropy:

qt,k = − 1

|Bk|
∑
x∈Bk

H (softmax (zt,k(x))) .

A higher qt,k indicates lower entropy and therefore more confident predictions on task k. To
aggregate the scores across all tasks, we define the objective:

Jt =
1

K

K∑
k=1

qt,k − α · Std(qt,1, . . . , qt,K),

where α penalizes imbalance across tasks.
Reward evaluation is performed at selected intermediate steps and at the terminal step. Let
et ∈ {0, 1} indicate whether reward evaluation is performed at step t:

et =

{
1, t ∈ E or t = L,

0, otherwise,

where E is the set of intermediate reward evaluation steps.
If et = 1, the intermediate reward is defined as the improvement of the objective:

rstep
t = ηstep(Jt − Jprev),
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where Jprev is the most recent previously evaluated objective. After the reward is computed,
we update Jprev ← Jt. If et = 0, then:

rstep
t = 0.

At the final layer, we additionally use a terminal reward:

rterm
L = ηtermJL.

Thus, the reward at step t is:

rt = rstep
t + I[t = L]rterm

L .

This reward design provides both intermediate feedback and a final objective. The interme-
diate reward encourages the policy to make layer-wise decisions that improve the current
merged model, while the terminal reward encourages the final merged model to have confi-
dent predictions across all tasks.

2.4 Learning Objective

We learn a stochastic Gaussian policy πϕ(ut | st). At each step, the policy samples a raw
action ut, which is transformed into the coefficient action at = λt before being applied to
the current layer. The objective is to maximize the expected cumulative return over the full
merging trajectory:

max
ϕ

Eτ∼πϕ

[
L∑

t=1

γt−1rt

]
.

The trajectory is:
τ = (s1, u1, λ1, r1, . . . , sL, uL, λL, rL).

Here, ut is the sampled raw action used for policy optimization, while λt is the transformed
coefficient vector applied to the current layer. In this formulation, model merging becomes
a trajectory-level optimization problem. The policy learns how to assign source task-vector
coefficients across layers so that the final merged model obtains a higher entropy-based
objective than fixed one-shot merging rules.

3 Empirical Evaluation

3.1 Performance Metrics

We plan to evaluate the proposed method based on the following metrics:

• Task performance: For vision tasks, we report classification accuracy on CIFAR-
100 and ImageNet-style benchmarks. For language models, we evaluate generation
quality using standard instruction-following benchmarks (e.g., accuracy or task-
specific scores). This metric reflects the overall effectiveness of the merged model.

• Efficiency: We measure the computational cost of the merging process, including
the number of optimization steps and wall clock time. This metric reflects the
practicality of the proposed method compared to existing approaches.

3.2 Baseline Methods

We compare our method with the following representative model merging approaches:

• Task Arithmetic [Ilharco et al., 2022]: A simple data-free method that merges
models by linearly combining task vectors derived from fine-tuned models.

• TIES [Yadav et al., 2023]: A data-free merging method that resolves parameter
conflicts using sign agreement and sparsification techniques.
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• DARE [Yu et al., 2024]: A recent method that improves model merging by
reweighting parameters and removing redundant updates.

• AdaMerging [Yang et al., 2023]: A data-based approach that learns optimal
merging coefficients using validation data.

• NAN [Si et al., 2025]: A training-free method that estimates merging coefficients
in a one-shot manner without iterative optimization.

These methods represent both data-free and data-based approaches and are considered
strong baselines in the model merging literature.

3.3 Benchmark Tasks or Datasets

We evaluate our method on model merging tasks within individual domains, focusing on
merging multiple models trained on different tasks.

• Vision benchmarks: We follow standard vision model merging settings using
Vision Transformers (ViT) [Dosovitskiy et al., 2020]. We merge multiple models
(e.g., 2 to 8 models) fine-tuned on different classification tasks, including SUN397
[Xiao et al., 2010], Stanford Cars [Krause et al., 2013], RESISC45 [Cheng et al.,
2017], EuroSAT [Helber et al., 2019], SVHN [Netzer et al., 2011], GTSRB [Stallkamp
et al., 2011], MNIST [LeCun, 1998], and DTD [Cimpoi et al., 2014]. The merged
model is evaluated on all tasks using classification accuracy.

• Merging settings: We focus on multi-model merging within the same domain,
where multiple task-specific models are combined into a single unified model. We
vary the number of source models (e.g., merging 2, 4, or 8 models) to evaluate
scalability.

4 Method

4.1 Overview

The MDP formulation in Section 2 defines model merging as a sequential layer-wise decision
problem. This section describes the proposed optimization framework for learning the layer-
wise merging policy. Figure 1 presents the overall pipeline of MMCR, including task-vector
construction, TIES preprocessing, environment setup, sequential layer-wise merging, policy
optimization, and final evaluation.
Our method consists of four components. First, we construct task vectors from fine-tuned
source models with respect to a shared pretrained model. Second, we apply TIES-based
preprocessing to reduce parameter-level conflicts among task vectors. Third, we build a
computationally efficient reward estimation scheme by sampling a small reward subset from
each task dataset. Finally, we optimize a stochastic Gaussian policy using a GRPO-style
objective with a group leave-one-out advantage estimator.
During policy training, each episode constructs one complete merged model by visiting
mergeable layers sequentially. At each layer, the policy samples a coefficient action, the
environment updates the corresponding layer of the merged model, and the current model
is evaluated at selected reward steps using the task-specific reward subsets. This allows the
agent to receive intermediate feedback without requiring full-dataset evaluation after every
layer-wise decision.

4.2 TIES Preprocessing for Task Vectors

Before policy optimization, we apply TIES preprocessing to the task vectors in order to
reduce parameter-level interference among source models. Although the general formulation
in Section 2 defines merging over task vectors ∆(k), our final method applies the RL policy
to preprocessed task vectors.
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Figure 1: Overview of the proposed MMCR framework. Starting from a shared pretrained
encoder and multiple task-specific fine-tuned encoders, we first construct encoder task vec-
tors and apply TIES preprocessing. We then build the RL environment by precomputing
task-vector geometry, constructing reward subsets, and initializing a layer-wise MDP. Dur-
ing each merging episode, the policy sequentially selects layer-wise coefficients, the environ-
ment updates the current layer, computes entropy-based rewards, and transitions to the
next state. Finally, GRPO with RLOO is used to optimize the policy, and the learned
coefficient table is used to construct the final merged encoder for evaluation.

Given a source model M (k) and the shared pretrained model M (0), the original task vector
is:

∆(k) = θ(k) − θ(0).

TIES preprocessing first removes small-magnitude updates from each task vector. These
small updates may contain noise or weak task-specific information, and removing them
reduces unnecessary interference during merging. Then, for each parameter position, we
determine the dominant update direction across source task vectors and retain only updates
whose signs are consistent with this direction. Updates with conflicting signs are discarded.
After preprocessing, we obtain cleaned task vectors:

{∆̃(1), ∆̃(2), . . . , ∆̃(K)}.

The layer-wise merging operation used in our final method is therefore:

θ
(m)
l = θ

(0)
l +

K∑
k=1

λl,k∆̃
(k)
l .

This preprocessing step reduces destructive interference before reinforcement learning. As a
result, the policy learns layer-wise coefficients over a more stable set of task vectors instead
of directly operating on all raw task-vector updates.

4.3 Reward Subset Construction

A major computational challenge in reinforcement-learning-based model merging is reward
evaluation. Since each episode contains many layer-wise decisions, evaluating the current
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merged model on the full validation set at every reward step would be prohibitively expen-
sive.
To address this issue, we construct a small reward subset for each task before policy training.
For task k, we sample n examples from its dataset to form:

Bk = {xk,1, xk,2, . . . , xk,n}.
This subset corresponds to the reward batch Bk used in the entropy-based reward function
in Section 2. The complete reward subset collection is:

Breward = {B1, B2, . . . , BK}.

During RL training, reward computation is performed only on Breward rather than on the
full datasets. This provides an efficient approximation of the multi-task reward objective
while keeping the evaluation cost manageable.
Importantly, the reward subsets are used only for policy optimization. Final model evalua-
tion is performed separately using the full evaluation protocol described in Section 5.

4.4 Environment Implementation

We implement the MDP as a layer-wise merging environment. The environment maintains
the current merged model, the coefficient table, the filled-layer mask, and the reward evalu-
ation state.
At the beginning of each episode, the coefficient table is initialized with a fixed value. The
environment then visits mergeable layers in a fixed order. At step t, the policy provides a
coefficient vector for the current layer. The environment writes this vector into the coefficient
table and updates only the corresponding layer of the merged model:

θ
(m,t)
t = θ

(0)
t +

K∑
k=1

λt,k∆̃
(k)
t .

The filled-layer mask is updated after each step to indicate which layers have already been
modified by the policy. This information is included in the state representation, allowing
the policy to condition its decisions on the current progress of the merging trajectory.
To reduce environment overhead, we precompute layer-wise task-vector geometry before
training. These geometry features include relative update magnitudes and direction similar-
ities for each layer. Because they depend only on the source task vectors, they remain fixed
throughout policy optimization.
The environment also manages reward evaluation. Instead of using full validation sets, it
stores the reward subsets Breward constructed for all tasks. When reward evaluation is
triggered, the environment evaluates the current merged model on these reward subsets and
computes the entropy-based objective.

4.5 Policy Parameterization

We use a stochastic Gaussian policy to generate layer-wise coefficient actions. Given the
current state st, the policy outputs the mean and standard deviation of a diagonal Gaussian
distribution:

µt, σt = πϕ(st),

where µt, σt ∈ RK .
A raw action is sampled as:

ut ∼ N (µt, diag(σ2
t )).

The sampled raw action is transformed into a valid coefficient vector:
λt = Tpos(ut),

where Tpos(·) denotes a positive coefficient transformation. This constrains the final coeffi-
cients to be non-negative, preventing the policy from reversing source task-vector directions.
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4.6 Reward Scheduling

We use the entropy-based reward defined in Section 2. However, the timing of reward
evaluation is an important design choice.
A terminal-only reward evaluates the merged model only after all layers have been updated.
Although computationally simple, this produces a sparse learning signal and makes credit
assignment difficult, since many layer-wise decisions contribute jointly to the final result.
Therefore, our final method uses intermediate reward evaluation. The environment evaluates
the current merged model every fixed number of layers and always at the terminal step.
At each evaluated step, the reward is computed as the improvement of the entropy-based
objective:

rstep
t = ηstep(Jt − Jprev),

where Jprev is the most recent previously evaluated objective.
The objective Jt is estimated using the reward subsets Breward. This design provides denser
feedback than terminal-only reward while avoiding the cost of full-dataset evaluation at
every layer.

4.7 GRPO with Group Leave-One-Out Advantage

We optimize the policy using a GRPO-style objective. At each training iteration, we sample
a group of G trajectories from the current policy:

{τ1, τ2, . . . , τG}.

Each trajectory corresponds to one complete layer-wise merging process. Let Ri denote the
cumulative return of trajectory τi.
Instead of training a separate value function, we estimate the advantage using a group leave-
one-out baseline. For trajectory i, the baseline is computed as the average return of the
other trajectories in the same group:

bi =
1

G− 1

∑
j ̸=i

Rj .

The advantage is then computed by comparing the trajectory return with the leave-one-out
baseline and normalizing it by the standard deviation of returns within the same group:

Ai =
Ri − bi

Std(R1, . . . , RG) + ϵ
.

This estimator compares each sampled trajectory against alternative trajectories generated
under the same policy. A trajectory with a return higher than the group baseline receives
a positive advantage, while a lower-performing trajectory receives a negative advantage.
The group-level standard-deviation normalization further stabilizes the reward scale across
different trajectory groups.
The policy is updated using a clipped objective:

LGRPO = − 1

G

G∑
i=1

L∑
t=1

min (ρi,tAi, clip(ρi,t, 1− ϵclip, 1 + ϵclip)Ai) ,

where
ρi,t =

πϕ(ui,t | si,t)
πϕold(ui,t | si,t)

.

The clipping term stabilizes policy updates, while the group leave-one-out baseline removes
the need for an additional critic network. The standard-deviation normalization reduces
sensitivity to the absolute scale of trajectory returns and makes the policy update more
stable.
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4.8 Training Procedure

Algorithmically, the training process proceeds as follows. We first compute task vectors from
all source models and apply TIES preprocessing. We then construct task-specific reward
subsets and initialize the layer-wise merging environment.
For each training iteration, the current policy samples a group of complete merging trajecto-
ries. Each trajectory sequentially updates the model layer by layer using sampled coefficient
actions. When reward evaluation is triggered, the current merged model is evaluated on
the reward subsets using the entropy-based objective. After all trajectories in the group are
collected, we compute their returns, estimate group leave-one-out advantages, and update
the policy using the clipped GRPO objective.
The best coefficient table is selected according to the entropy-based objective observed
during training. The corresponding merged model is then constructed and evaluated using
the full evaluation protocol.

5 Experimental Results

5.1 Experimental Setup

5.1.1 Benchmark Tasks

We evaluate our method on vision model merging tasks using eight image classification
datasets: SUN397, Stanford Cars, RESISC45, EuroSAT, SVHN, GTSRB, MNIST, and
DTD. All source encoders share the same architecture and are derived from the same pre-
trained reference encoder. Specifically, we use vit_large_patch14_clip_224.openai as
the pretrained reference encoder, which corresponds to a CLIP-pretrained ViT-L/14 image
encoder with an input resolution of 224.
For each downstream task, we use an available task-specific fine-tuned encoder checkpoint.
These task-specific encoders are not further fine-tuned in our experiments. Since the down-
loaded task-specific encoders do not include classification heads, we attach and train a
separate task-specific classification head for each dataset while keeping the corresponding
encoder fixed.
During model merging, MMCR merges only the encoder parameters through task-vector-
based merging. The task vector for each source encoder is computed with respect to the
shared pretrained reference encoder. The goal is to obtain a single merged encoder that
preserves performance across all tasks.
Final evaluation is conducted on the full evaluation split of each task using the corresponding
task-specific classification head.

5.1.2 Evaluation Metrics

We evaluate each method from two perspectives: merged-model performance and optimiza-
tion cost.
For merged-model performance, we report task-wise classification accuracy and average
accuracy across all tasks:

AvgAcc =
1

K

K∑
k=1

Acck.

For optimization cost, we report wall-clock runtime of the merging process. Runtime mea-
sures the time required to obtain the final merged model, including coefficient optimization
or policy optimization, but excluding the one-time cost of training the source models.
In this work, runtime is treated as a primary comparison metric rather than an auxiliary
statistic. This is because the practicality of model merging depends not only on final accu-
racy, but also on how efficiently the merged model can be obtained. Therefore, we report
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both final accuracy and runtime to analyze the trade-off between merged-model quality and
practical optimization cost.

5.1.3 Reward Subsets and Data Budget Alignment

During policy training, our RL-based method uses task-specific reward subsets for entropy-
based reward computation. For each task, we sample a fixed number of examples to con-
struct the reward batch used by the RL environment. These reward subsets are used only
for policy optimization, while final evaluation is performed on the full evaluation split.
For methods that require data during coefficient optimization or reward computation, we
align the number of evaluated samples whenever possible. Specifically, our RL-based method
computes entropy rewards using a fixed reward subset of 64 samples per task. PPO-based
variants and other data-dependent baselines are configured to access the same number of
samples per task when estimating their optimization objective. When mini-batch evaluation
is used, we keep the total number of evaluated samples equivalent, for example using one
batch of 64 samples or two batches of 32 samples. This prevents a method from obtaining
an advantage simply by using more reward or validation samples during optimization.

5.1.4 Hardware and Runtime Protocol

All experiments are conducted on a workstation equipped with two NVIDIA RTX 3090
GPUs. For runtime comparison, we separate the analysis into two settings.
First, we compare AdaMerging and MMCR under a single-GPU setting. This setting con-
trols the hardware budget and provides a fair comparison of optimization cost under the
same number of GPUs.
Second, we evaluate MMCR under a two-GPU setting to analyze the parallelization benefit
of the proposed trajectory-based formulation. This distinction is important because MMCR
samples multiple trajectories during policy optimization. These trajectories are independent
before the policy update, so their evaluations can be naturally distributed across multiple
GPUs.
AdaMerging is executed as a gradient-based coefficient optimization baseline. In contrast,
MMCR uses a GRPO-based policy to sample and evaluate multiple layer-wise merging
trajectories. Therefore, the multi-GPU setting is used not as a strictly fair comparison
against AdaMerging, but as an analysis of the practical parallelization capability of MMCR.
Our final setting uses TIES-preprocessed task vectors, positive coefficient transformation,
intermediate entropy reward, and GRPO with return leave-one-out advantage estimation.

5.2 Baseline Model Merging Results

We first evaluate representative model merging baselines on the eight vision classification
tasks. The compared methods include Task Arithmetic, TIES, DARE-TA, NAN-TA, and
AdaMerging. We also report the performance of the pretrained model and the original
fine-tuned source models as references.

Table 1: Baseline model merging results on eight vision classification tasks.
Method SUN397 Cars RESISC45 EuroSAT SVHN GTSRB MNIST DTD Avg.
Pretrained model θpre 68.24 77.94 71.33 62.72 58.45 50.55 76.36 55.37 65.12
Fine-tuned source models θtask 81.33 92.74 97.10 99.68 97.19 97.26 99.10 84.06 93.06
AdaMerging 78.70 87.66 90.62 88.78 89.08 89.79 92.61 73.67 86.36
TIES 76.11 83.93 83.65 80.66 84.70 89.14 89.29 65.53 81.63
Task Arithmetic (0.3) 75.15 82.91 80.25 79.74 76.12 82.89 87.26 65.00 78.67
NAN-TA 77.57 83.86 80.78 73.41 65.28 69.54 68.55 67.98 73.37
DARE-TA 75.01 82.65 80.02 79.07 75.86 82.41 86.93 64.36 78.29

As shown in Table 1, the original fine-tuned source models achieve the highest average
accuracy of 93.06%, while the pretrained model obtains only 65.12%. This gap indicates
that task-specific fine-tuning introduces substantial task knowledge into each source model.
Therefore, model merging needs to preserve these task-specific updates while compressing
multiple models into a single shared model.
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Among the baseline merging methods, AdaMerging achieves the strongest average accuracy
of 85.81%. This makes AdaMerging the strongest baseline in our comparison and provides
a challenging reference for evaluating our RL-based method. Among heuristic task-vector
methods, TIES performs best with an average accuracy of 81.63%, outperforming Task
Arithmetic, DARE-TA, and NAN-TA. This suggests that reducing sign conflicts and remov-
ing weak updates are important for stabilizing task-vector merging.

5.3 Main Results of MMCR

We evaluate our final RL-based method, denoted as MMCR. MMCR combines GRPO, re-
turn leave-one-out advantage estimation, TIES-preprocessed task vectors, and intermediate
entropy reward. The goal is to determine whether a sequential policy can improve over fixed
or one-shot merging strategies by assigning adaptive coefficients to different layers.
For AdaMerging, we report two variants. AdaMerging-300 Epochs uses the same optimiza-
tion budget as MMCR, while AdaMerging-500 Epochs uses a longer optimization budget.
This distinction is important because AdaMerging is sensitive to the number of optimization
epochs. Therefore, AdaMerging-300 Epochs is used for budget-matched comparison, while
AdaMerging-500 Epochs is used as a stronger long-run baseline.

Table 2: Main results of MMCR compared with model merging baselines. AdaMerging-300
Epochs uses the same optimization budget as MMCR, while AdaMerging-500 Epochs uses
a longer optimization budget.

Method SUN397 Cars RESISC45 EuroSAT SVHN GTSRB MNIST DTD Avg.
TIES 76.11 83.93 83.65 80.66 84.70 89.14 89.29 65.53 81.63
AdaMerging-300 Epochs 78.20 85.56 87.67 83.50 68.45 86.81 61.74 70.96 77.86
AdaMerging-500 Epochs 78.71 87.58 90.21 88.14 88.13 89.37 91.45 72.87 85.81
AdaMerging-600 Epochs 78.70 87.66 90.62 88.78 89.08 89.79 92.61 73.67 86.36
MMCR (ours) 77.57 89.11 89.06 85.72 90.65 89.96 92.54 76.64 86.41

As shown in Table 2, MMCR achieves an average accuracy of 86.41%. Under the same
optimization budget, MMCR substantially outperforms AdaMerging-300, improving the
average accuracy from 77.86% to 86.41%. AdaMerging-300 Epochs also performs worse
than TIES, suggesting that AdaMerging does not converge well within the same optimization
budget used by MMCR.
Compared with the strongest AdaMerging-600 Epochs baseline, MMCR achieves a slightly
higher average accuracy, improving from 86.36% to 86.41%. Although the margin is small,
AdaMerging-600 Epochs requires a longer optimization budget and longer runtime. This
suggests that MMCR can reach competitive accuracy more efficiently through sequential
layer-wise policy learning.
Compared with TIES, MMCR improves the average accuracy by 4.78 percentage points.
This suggests that TIES preprocessing alone is not sufficient; learning adaptive layer-wise
coefficients can further improve the merged model. MMCR improves performance especially
on Stanford Cars, SVHN, MNIST, and DTD.
Compared with AdaMerging-500 Epochs, MMCR performs better on Stanford Cars, SVHN,
GTSRB, MNIST, and DTD, but performs worse on SUN397, RESISC45, and EuroSAT.
This suggests that MMCR improves the overall multi-task average, although its gains are not
uniform across all datasets. Overall, these results show that sequential layer-wise coefficient
learning can improve the balance across tasks and achieve competitive performance against
optimization-based merging baselines.

5.4 Runtime and Parallelization Analysis

In addition to final accuracy, we analyze the runtime of AdaMerging and MMCR. Since
runtime can be affected by both optimization budget and hardware allocation, we report
AdaMerging with multiple optimization budgets and MMCR under both single-GPU and
two-GPU settings. AdaMerging-300 Epochs uses the same optimization budget as MMCR,
while AdaMerging-500 Epochs and AdaMerging-600 Epochs use longer optimization budgets
and achieve stronger accuracy.
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Table 3: Runtime comparison of AdaMerging and MMCR under different optimization
budgets and GPU settings.

Method GPUs Used Runtime Time (min) Avg. Acc.
TIES No (CPU) 3m 14s 3.23 81.63
AdaMerging-300 Epochs 1 GPU 3h 05m 00s 185.00 77.86
AdaMerging-500 Epochs 1 GPU 5h 56m 52s 356.87 85.81
AdaMerging-600 Epochs 1 GPU 6h 58m 54s 418.90 86.36
MMCR (ours) 1 GPU 4h 05m 10s 245.17 86.41
MMCR (ours) 2 GPUs 2h 35m 58s 155.97 86.41

Table 3 reports both controlled single-GPU runtime and practical multi-GPU runtime. Un-
der the same 300-iteration optimization budget, AdaMerging-300 Epochs takes 185.00 min-
utes but only achieves 77.86% average accuracy. This is lower than TIES, suggesting that
AdaMerging does not converge well within this budget.
As the optimization budget increases, AdaMerging improves substantially. AdaMerging-500
Epochs reaches 85.81% average accuracy with 356.87 minutes of runtime, and AdaMerging-
600 Epochs further improves to 86.36% with 418.90 minutes of runtime. This shows that
AdaMerging can approach MMCR when given a longer optimization budget, but the im-
provement comes with a clear runtime cost.
In comparison, MMCR achieves 86.41% average accuracy in 245.17 minutes under the single-
GPU setting. Therefore, under single-GPU execution, MMCR achieves slightly higher accu-
racy than AdaMerging-600 Epochs while requiring less runtime. Although the accuracy gap
is small, only 0.05 percentage points, MMCR uses 173.73 fewer minutes than AdaMerging-
600.
The two-GPU setting further shows the parallelization advantage of MMCR. With two
GPUs, MMCR reduces the runtime from 245.17 minutes to 155.97 minutes while maintaining
the same final accuracy. This corresponds to about a 1.57× wall-clock speedup:

245.17

155.97
≈ 1.57.

This speedup is possible because MMCR samples multiple trajectories during policy opti-
mization. Before the policy update, these trajectories are independent, so their evaluations
can be distributed across multiple GPUs.
In contrast, AdaMerging optimizes a single set of merging coefficients through gradient-
based updates, and its most direct implementation is less naturally parallel at the trajectory
level. Therefore, MMCR is competitive with AdaMerging under single-GPU execution and
benefits naturally from multi-GPU trajectory parallelism.
Overall, the runtime analysis shows that AdaMerging can improve with a longer optimiza-
tion budget, but this comes with higher runtime. AdaMerging-600 Epochs nearly matches
MMCR, but MMCR still achieves slightly higher accuracy with much shorter single-GPU
runtime. When two GPUs are available, MMCR further reduces wall-clock time through
parallel trajectory evaluation.

5.5 Ablation Studies

To better understand the contribution of each design choice in MMCR, we conduct ablation
studies on four components: task-vector preprocessing, policy optimization algorithm, re-
ward evaluation frequency, and policy transferability. These studies are designed to answer
four questions.
First, we examine whether TIES preprocessing provides a cleaner task-vector space for RL-
based coefficient learning. Second, we compare different policy optimization algorithms to
determine whether GRPO-style group-relative optimization is more suitable than PPO-style
optimization for the layer-wise merging environment. Third, we study how reward evaluation
frequency affects the trade-off between reward density, final accuracy, and runtime. Finally,
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we evaluate whether the learned policy can transfer across different task groups, and whether
transferability depends on task similarity and task-group complexity.

5.5.1 Effect of TIES Preprocessing

We first analyze whether TIES preprocessing is necessary for RL-based model merging.
Without TIES preprocessing, the policy directly operates on raw task vectors. However,
raw task vectors may contain small noisy updates and sign conflicts across tasks, making
the coefficient search space more difficult to optimize. With TIES preprocessing, weak up-
dates are removed and conflicting update directions are reduced before RL-based coefficient
learning.

Table 4: Effect of TIES preprocessing on MMCR.
Setting SUN397 Cars RESISC45 EuroSAT SVHN GTSRB MNIST DTD Avg.
MMCR w/o TIES 77.26 88.82 87.11 80.17 88.21 88.23 84.78 74.89 83.69
MMCR w/ TIES 77.57 89.12 89.06 85.73 90.65 89.96 92.54 76.65 86.41
Gain +0.31 +0.30 +1.95 +5.56 +2.44 +1.73 +7.76 +1.76 +2.72

As shown in Table 4, TIES preprocessing improves the average accuracy from 83.69% to
86.41%, yielding a gain of 2.72 percentage points. The improvement is consistent across all
eight tasks, suggesting that TIES preprocessing provides a cleaner and more stable task-
vector space for RL-based coefficient learning.
The largest improvements are observed on MNIST and EuroSAT, where TIES improves
accuracy by 7.76 and 5.56 percentage points, respectively. This indicates that some tasks
are more sensitive to noisy or conflicting task-vector updates. By removing weak updates
and reducing sign conflicts, TIES helps the policy search over more reliable update directions.
These results confirm that TIES preprocessing is an important component of MMCR.

5.5.2 Effect of RL Optimization Algorithms

We compare different policy optimization variants for learning the layer-wise merging policy.
All variants use the same model merging environment, reward function, TIES-preprocessed
task vectors, policy network, and evaluation protocol. The main differences lie in how the
policy update is computed, including advantage estimation, advantage normalization, clip-
ping strategy, sampling strategy, and policy-ratio computation. This ablation helps identify
which reinforcement learning objective is more suitable for the MMCR model merging envi-
ronment.

Table 5: Effect of policy optimization algorithms on MMCR.
Method SUN397 Cars RESISC45 EuroSAT SVHN GTSRB MNIST DTD Avg. Runtime Time (min)
PPO 78.43 85.28 83.25 76.90 75.03 78.58 78.93 69.10 78.19 24m 30s 24.50
Dr. GRPO-style 78.26 88.73 88.33 83.56 77.86 87.13 82.75 75.21 82.73 2h 28m 28s 148.47
DAPO-lite 77.47 89.24 88.08 84.62 89.41 90.73 93.88 75.00 86.05 6h 33m 56s 393.93
GSPO-like 77.29 89.30 89.43 87.63 88.33 90.48 92.31 75.80 86.32 2h 31m 11s 151.18
GRPO + RLOO 77.57 89.11 89.06 85.72 90.65 89.96 92.54 76.64 86.41 2h 35m 58s 155.97

In the standard GRPO + RLOO setting, each policy update samples a group of trajectories.
In our experiments, the group size is G = 8, so each update compares eight complete layer-
wise merging trajectories. Each trajectory corresponds to a complete sequence of coefficient
decisions over all layers and receives a trajectory return after evaluating the merged model.
For trajectory i, the leave-one-out baseline is computed from the average return of the other
trajectories in the same group:

bi =
1

G− 1

∑
j ̸=i

Rj .

The advantage is then normalized by the group-level standard deviation:

Ai =
Ri − bi

Std(R1, . . . , RG) + ϵ
.

This provides a relative learning signal without requiring an additional value network.
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As shown in Table 5, GRPO + RLOO achieves the best average accuracy of 86.41%. GSPO-
like achieves a very close result of 86.32%, which is only 0.09 percentage points lower. DAPO-
lite also reaches a competitive average accuracy of 86.05%, but it requires much longer
runtime. In contrast, Dr. GRPO-style drops to 82.73%, and PPO obtains the lowest
average accuracy of 78.19%.
PPO is included as a standard value-based policy optimization baseline. Although PPO
finishes in only 24.50 minutes, it does not converge to a stable merging policy under the
same experimental configuration. Its final average accuracy is only 78.19%, which is the
lowest among all tested methods. This suggests that PPO is less suitable for the MMCR
setting. A possible reason is that PPO relies on a learned value function to estimate the
advantage. However, in model merging, each trajectory is a complete sequence of layer-wise
coefficient decisions, and the reward is obtained only after evaluating the merged model.
The reward is sparse, expensive, and highly dependent on the interaction among all layer
decisions. Under this setting, the value function may not provide a stable learning signal.
DAPO-lite differs from GRPO mainly in the clipping rule and sampling strategy. It uses
asymmetric clipping and dynamic resampling when the reward diversity within a group is
too low. This may avoid low-diversity groups with weak learning signals, but it also increases
the number of trajectory evaluations. As a result, DAPO-lite takes 393.93 minutes, which
is much longer than GRPO + RLOO. However, the additional runtime does not improve
final accuracy, suggesting that dynamic resampling introduces too much overhead for this
task.
GSPO-like differs from GRPO in the policy-ratio computation. Standard GRPO computes
the probability ratio at each layer-wise action step. In contrast, GSPO-like computes a
trajectory-level ratio by summing the log probabilities over the full sequence of layer-wise
actions. This makes the update depend on the quality of the complete coefficient sequence
rather than each individual layer decision. This design is well aligned with model merging
because the reward is evaluated on the merged model as a whole. In our experiments,
GSPO-like is slightly faster and highly competitive, but its final average accuracy is still
slightly lower than GRPO + RLOO.
Dr. GRPO-style differs from standard GRPO mainly in advantage normalization. Since
our model merging environment does not involve variable-length responses, the length-
normalization issue discussed in Dr. GRPO is not relevant here. Therefore, our Dr. GRPO-
style variant mainly removes the group standard-deviation normalization from the RLOO
advantage:

Ai = Ri − bi.

Although this variant achieves a shorter runtime of 148.47 minutes, its average accuracy
drops to 82.73%. This suggests that standard-deviation normalization is important for
stabilizing reward scales across trajectory groups in our model merging environment.
Overall, GRPO + RLOO provides the best balance between final accuracy and runtime.
GSPO-like is slightly faster and nearly matches GRPO, but does not surpass it. DAPO-lite
introduces substantial sampling overhead without improving accuracy. Dr. GRPO-style
is faster than GRPO + RLOO but loses too much performance. PPO is the fastest in
wall-clock time, but it fails to converge under the same experimental setting and obtains
the lowest accuracy. Therefore, we use GRPO + RLOO as the final policy optimization
algorithm in MMCR.

5.5.3 Effect of Reward Evaluation Frequency

We study the effect of reward evaluation frequency in GRPO-based model merging. In
our environment, reward_eval_interval controls how often the current partially merged
model is evaluated during a trajectory. A larger interval provides sparser feedback and
lower evaluation cost, while a smaller interval provides denser feedback but requires more
frequent reward computation. We also include a terminal-only setting, where the policy
receives reward only after all layers have been merged.
We compare three reward settings: terminal-only reward, reward evaluation interval 13,
and reward evaluation interval 6. The terminal-only setting provides the sparsest reward
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signal and the lowest reward-evaluation cost. The interval of 13 corresponds to less frequent
intermediate reward evaluation, while the interval of 6 provides denser reward feedback.

Table 6: Effect of reward evaluation frequency.
Reward Setting SUN397 Cars RESISC45 EuroSAT SVHN GTSRB MNIST DTD Avg. Runtime Time (min)
Terminal-only 77.97 89.22 89.30 85.32 88.04 89.54 92.62 77.82 86.23 50m 24s 50.40
Interval 13 77.57 89.11 89.06 85.72 90.65 89.96 92.54 76.64 86.41 2h 35m 58s 155.97
Interval 6 77.21 89.38 90.13 87.20 88.43 90.15 93.23 76.86 86.57 4h 07m 22s 247.37

As shown in Table 6, terminal-only reward already achieves a strong average accuracy of
86.23% with the shortest runtime of 50.40 minutes. This suggests that the final merged-
model reward provides a useful learning signal even without intermediate reward evaluation.
Adding intermediate reward further improves accuracy. Interval 13 improves the average
accuracy to 86.41%, and interval 6 further improves it to 86.57%. The improvement from
terminal-only reward to interval 13 is 0.18 percentage points, while the improvement from
terminal-only reward to interval 6 is 0.34 percentage points. This indicates that denser
intermediate reward feedback can help the policy learn slightly better layer-wise coefficient
assignments.
However, the accuracy improvement comes with a substantial runtime cost. Compared with
terminal-only reward, interval 13 increases runtime from 50.40 minutes to 155.97 minutes,
while interval 6 further increases runtime to 247.37 minutes. Therefore, although interval
6 achieves the highest average accuracy, it also requires the longest runtime among the
compared settings. Terminal-only reward is the most efficient, while interval 13 provides a
middle-ground trade-off between accuracy and runtime.
This ablation shows that reward evaluation frequency is an important design choice in RL-
based model merging. Denser intermediate reward can improve final accuracy, but the gain
is relatively small compared with the additional evaluation cost. In our final MMCR setting,
we use interval 13 because it provides a better balance between accuracy and runtime than
interval 6.

5.5.4 Effect of Policy Transferability

We further evaluate whether the learned GRPO policy can transfer across different task
groups. This ablation examines whether MMCR learns a reusable layer-wise merging strat-
egy, rather than only optimizing for the task group used during policy training.
In each transfer experiment, the policy is first trained on a source task group and then
directly applied to a target task group without additional policy optimization. We consider
three transfer scenarios. The first scenario is two-task related transfer, where the source
and target task groups have similar task properties. The second scenario is three-task
related transfer, where both the source and target groups contain three tasks. The third
scenario is two-task unrelated transfer, where the source and target groups have different
task properties.
For each scenario, we compare three methods on the target group. TIES baseline rep-
resents static task-vector merging without policy learning. Transferred policy uses the
policy trained on the source group and directly applies it to the target group. Target policy
trains the policy directly on the target group and serves as a target-specific reference.
For this ablation, we report both average accuracy and retention. Retention measures how
much of the corresponding fine-tuned performance is preserved after merging:

Retention =
AvgAccmerged

AvgAccfine-tuned
× 100%.

Two-task related transfer. The first scenario transfers the policy from EuroSAT/SVHN
to RESISC45/MNIST. This setting is considered related because EuroSAT and RESISC45
are both remote-sensing or scene-oriented datasets, while SVHN and MNIST are both digit-
recognition datasets.
Before transfer, the policy trained on EuroSAT/SVHN achieves an average accuracy of
95.23% on its source group, showing that the learned policy works well on the tasks used
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Table 7: Two-task related transfer from EuroSAT/SVHN to RESISC45/MNIST.

Method Policy Training Group Avg. Acc. Retention
TIES baseline – 95.20 97.05%
Transferred policy EuroSAT/SVHN 97.33 99.22%
Target policy RESISC45/MNIST 97.54 99.43%

for policy training. As shown in Table 7, the transferred policy achieves 97.33% average
accuracy on RESISC45/MNIST. This improves over the TIES baseline by 2.13 percentage
points. More importantly, the transferred policy is only 0.21 percentage points lower than
the target policy trained directly on RESISC45/MNIST. This result suggests that the policy
trained on EuroSAT/SVHN can transfer effectively to the related RESISC45/MNIST task
group.

Three-task related transfer. The second scenario increases the number of tasks from
two to three. The policy is trained on EuroSAT/SVHN/DTD and transferred to RESISC45/
MNIST/GTSRB. This setting tests whether policy transfer remains effective when the merg-
ing problem becomes more complex and involves more task vectors.
Before transfer, the policy trained on EuroSAT/SVHN/DTD achieves an average accuracy of
89.99% on its source group. The corresponding fine-tuned source models achieve an average
accuracy of 93.64%, so the source policy retains 96.10% of the fine-tuned performance. This
shows that the policy is effective on the source group, although the three-task source setting
is more challenging than the two-task setting.

Table 8: Three-task related transfer from EuroSAT/SVHN/DTD to RESISC45/MNIST/
GTSRB.

Method Policy Training Group Avg. Acc. Retention
TIES baseline – 93.20 95.28%
Transferred policy EuroSAT/SVHN/DTD 91.05 93.08%
Target policy RESISC45/MNIST/GTSRB 96.26 98.40%

As shown in Table 8, the transferred policy achieves 91.05% average accuracy on RESISC45/
MNIST/GTSRB. This is lower than the TIES baseline, which achieves 93.20%, and also
lower than the target policy, which achieves 96.26%. The gap between the transferred policy
and the target policy is 5.21 percentage points.
This result suggests that policy transfer becomes more difficult when the number of merged
tasks increases from two to three. Although the source and target groups are still related,
the policy trained on EuroSAT/SVHN/DTD does not transfer as effectively to RESISC45/
MNIST/GTSRB. One possible reason is that three-task merging introduces more complex
interactions among task vectors, so the layer-wise coefficient strategy learned from the source
group may not directly match the target group. Therefore, this result indicates that policy
transfer is promising in simpler related settings, but may require additional adaptation when
the target group contains more tasks.

Two-task unrelated transfer. The third scenario evaluates a more challenging transfer
setting. The policy is trained on EuroSAT/RESISC45 and transferred to MNIST/SVHN.
In this case, the source group mainly contains remote-sensing or scene-oriented tasks, while
the target group contains digit-recognition tasks. This setting tests whether policy transfer
becomes weaker when the source and target task groups have different task properties.
Before transfer, the policy trained on EuroSAT/RESISC45 achieves an average accuracy of
96.20% on its source group. The corresponding fine-tuned source models achieve an average
accuracy of 98.39%, so the source policy retains 97.77% of the fine-tuned performance. This
shows that the policy works well on its training task group before being transferred.
As shown in Table 9, the transferred policy achieves 94.02% average accuracy on MNIST/
SVHN. This is lower than the TIES baseline, which achieves 96.97%, and also lower than
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Table 9: Two-task unrelated transfer from EuroSAT/RESISC45 to MNIST/SVHN.

Method Policy Training Group Avg. Acc. Retention
TIES baseline – 96.97 98.80%
Transferred policy EuroSAT/RESISC45 94.02 95.80%
Target policy MNIST/SVHN 97.06 98.90%

the target policy, which achieves 97.06%. The gap between the transferred policy and the
target policy is 3.04 percentage points.
This result suggests that policy transfer becomes weaker when the source and target task
groups have different task properties. Although the policy trained on EuroSAT/RESISC45
performs well on its own source group, the learned layer-wise coefficient strategy does not di-
rectly transfer to MNIST/SVHN. A possible reason is that remote-sensing or scene-oriented
datasets and digit-recognition datasets rely on different visual features, so their useful layer-
wise merging patterns may not be aligned. Therefore, this result indicates that MMCR
policy transfer is more reliable when the source and target task groups are related, but
may require target-specific optimization or adaptation when the domains are substantially
different.

6 Conclusion

In this project, we proposed MMCR, a reinforcement-learning-based framework for sequen-
tial layer-wise model merging. Different from fixed task-vector merging methods and one-
shot coefficient optimization methods, MMCR formulates model merging as a sequential
decision-making problem. At each layer, the policy observes the current merging progress,
task-vector geometry, and coefficient history, and then selects adaptive coefficients for com-
bining TIES-preprocessed task vectors.
Our experimental results show that MMCR is effective on eight vision classification model
merging benchmarks. MMCR achieves an average accuracy of 86.41%, outperforming TIES,
AdaMerging-300, and the longer-running AdaMerging-500 baseline. This suggests that learn-
ing adaptive layer-wise coefficients can better handle layer-dependent task-vector conflicts
than fixed or one-shot merging strategies.
The runtime analysis also shows that MMCR has practical advantages under multi-GPU
execution. Although MMCR requires policy optimization and is therefore more expensive
than simple data-free merging methods, its trajectory-based formulation allows multiple
merging trajectories to be evaluated in parallel. As a result, MMCR reduces the runtime
from 341.03 minutes on one GPU to 155.97 minutes on two GPUs while maintaining the
same final accuracy.
The ablation studies further confirm the importance of several design choices in MMCR.
TIES preprocessing improves the stability of the task-vector space, GRPO with return
leave-one-out advantage estimation provides a strong policy optimization signal, and inter-
mediate entropy reward offers a useful trade-off between reward density and computational
cost. In addition, the transfer experiments show that the learned policy can transfer well
between related two-task groups, but transfer becomes less reliable when the number of
tasks increases or when the source and target task groups are less related.
These findings show that reinforcement learning provides a promising way to learn adaptive
layer-wise merging strategies. While MMCR improves average performance and benefits
from trajectory-level parallelization, its transferability still depends on task similarity and
task-group complexity. Future work may focus on improving policy generalization, reduc-
ing reward evaluation cost, and extending the framework to larger model families such as
language models or multimodal models.
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