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Abstract
Model merging combines expert models for multitask per-
formance but faces challenges from parameter interference.
This has sparked recent interest in controllable model merg-
ing, giving users the ability to explicitly balance performance
trade-offs. Existing approaches employ a compile-then-query
paradigm, performing a costly offline multi-objective opti-
mization to enable fast, preference-aware model generation.
This offline stage typically involves iterative search or dedi-
cated training, with complexity that grows exponentially with
the number of tasks. To overcome these limitations, we shift
the perspective from parameter-space optimization to a direct
correction of the model’s final representation. Our approach
models this correction as an optimal linear transformation,
yielding a closed-form solution that replaces the entire offline
optimization process with a single-step, architecture-agnostic
computation. This solution directly incorporates user prefer-
ences, allowing a Pareto-optimal model to be generated on-
the-fly with complexity that scales linearly with the number
of tasks. Experimental results show our method generates a
superior Pareto front with more precise preference alignment
and drastically reduced computational cost.

Code — https://github.com/CREAHDD/ReACT
Extended version — https://arxiv.org/abs/2511.10943

Introduction
The shift towards fine-tuning large pre-trained models has
led to a surge in specialized models customized for spe-
cific tasks. Merging these models has become an effec-
tive way to combine their strengths into a single, versatile
network without needing expensive retraining or access to
the original training data. Early approaches, like averaging
weights (Matena and Raffel 2022; Jin et al. 2023) or per-
forming task vector arithmetic (Ilharco et al. 2023; Yadav
et al. 2023; Yang et al. 2024b), aimed to produce a static,
merged model. However, these one-size-fits-all methods of-
ten suffer from interference between task-specific parame-
ters, leaving its performance far behind that of the individual
experts. This revealed a need for a more flexible and con-
trollable approach to model merging, letting users explicitly
adjust the balance based on their preferences.

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Figure 1: Conceptual distinction between basic model merg-
ing (top) and controllable merging (bottom), exemplified
with a two-task scenario. While prior approaches to control-
lable merging (bottom left) rely on slow, iterative optimiza-
tion in parameter space, our method (bottom right) achieves
direct control through an efficient, single-step correction in
representation space.

Recent methods like Pareto Merging (PM) (Chen and
Kwok 2025) and MAP (Li et al. 2025) enable user con-
trol by framing model merging as a multi-objective opti-
mization (MOO) problem. Their shared compile-then-query
paradigm, however, imposes severe overhead in compu-
tation, memory, and data. The offline compiling stage is
computationally prohibitive: PM requires complex iterative
training that can become unstable, while MAP employs
an evolutionary search whose complexity grows exponen-
tially with more tasks. This cost is further magnified when
combining PM with advanced backbones like AdaMerg-
ing (Yang et al. 2024b), which necessitates a more complex
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joint optimization. In terms of resources, MAP must store
all original task vectors, a memory requirement that scales
poorly, and often relies on labeled data which may be un-
available. Moreover, this entire costly preparation of both
MAP and PM must be repeated from scratch whenever the
set of expert models changes, hindering practical scalability
and adaptation.

To address these concerns, we propose ReACT
(Representation Analytical Control Transformation), a
fundamentally different, on-the-fly analytical approach.
As conceptually illustrated in Figure 1, ReACT shift the
paradigm from costly parameter-space optimization to a
direct correction in the model’s final representation space,
based on our key insight that performance degradation
stems from a global linear distortion. We therefore re-
frame the problem as finding an optimal linear correction
map, regularized by an orthogonal prior. Crucially, this
formulation admits a closed-form solution that naturally
extends to the multi-objective case via linear scalarization,
bypassing iterative optimization. The resulting analytical
framework is inherently architecture-agnostic and highly
modular, allowing expert models to be added or removed
without costly re-optimization. ReACT enables on-the-fly
generation of preference-aware models for real-time ex-
ploration and is highly data-efficient, achieving near-best
performance with only a fraction of unlabeled test data. Our
main contributions are threefold:

• We reframe controllable merging as a representation cor-
rection problem, identifying the primary bottleneck as a
simple linear distortion rather than a complex parameter
conflict.

• We introduce an on-the-fly analytical method, deriving
what is, to our knowledge, the first closed-form solution
for controllable model merging that bypasses iterative
optimization entirely.

• Extensive experiments show our method achieves a state-
of-the-art Pareto front, superior preference alignment,
and drastically reduced computational cost, maintaining
this strong performance even when using only a fraction
of the unlabeled data required by competing methods.

Related Work
Model Merging. Model merging aims to consolidate mul-
tiple task-specific models, fine-tuned from a common pre-
trained base, into a single network. We categorize prior
work based on the nature of the merged model they pro-
duce. A primary line of work focuses on creating a sin-
gle, static merged model. This includes simple weight av-
eraging (Singh and Jaggi 2020; Matena and Raffel 2022;
Jin et al. 2023) and more sophisticated methods operating
on task vectors—the parameter shifts from pre-training (Il-
harco et al. 2023). Subsequent refinements have focused on
mitigating parameter conflicts through techniques like prun-
ing and rescaling (Yadav et al. 2023; Yang et al. 2024b; Yu
et al. 2024; Du et al. 2024). However, these methods pro-
duce a one-size-fits-all model, offering no mechanism to
control performance trade-offs among tasks. Another cate-
gory introduces dynamic, task-specific modules to improve

performance. For instance, Representation Surgery (Yang
et al. 2024a) learns a lightweight MLP to correct represen-
tation bias for each task, while other methods generate task-
specific masks or adapters (Wang et al. 2024; Huang et al.
2024; Lu et al. 2024; Qi et al. 2025). While effective, these
approaches typically require loading a single task’s module
during inference, preventing a smooth, controllable trade-off
across multiple tasks simultaneously.

The works most relevant to ours are those that enable
controllable merging, often framing it as a Multi-Objective
Optimization (MOO) problem. Pareto Merging (PM) (Chen
and Kwok 2025) learns a low-rank representation of the
Pareto set via a complex optimization, while MAP (Li et al.
2025) employs an evolutionary algorithm to search for solu-
tions. Both pioneering methods follow a compile-then-query
paradigm that operates in the parameter space. Despite their
innovation, this paradigm imposes a significant upfront com-
putational cost and suffers from poor scalability as the num-
ber of tasks increases. In contrast, our work proposes an on-
the-fly analytical framework that operates in the representa-
tion space.

Multi-Objective Optimization in Deep Learning.
Multi-Objective Optimization (MOO) is a foundational
framework for balancing competing objectives, not only in
model merging but also in the broader field of multi-task
learning (MTL). In the context of MTL, a dominant line of
work focuses on training-based methods that operate during
training or train a preference-aware module directly, such as
GradNorm (Chen et al. 2018), PCGrad (Yu et al. 2020) and
PaLoRA (Dimitriadis, Frossard, and Fleuret 2025). These
approaches iteratively manipulate task gradients or sample
preference vectors at each training step to steer the model
towards the Pareto front.

However, a significant drawback of these training-time
methods is their computational expense and reliance on the
full training pipeline. Our work, in contrast, operates in
a distinct, post-hoc paradigm. We apply MOO principles
to already-trained models, sidestepping the costly iterative
training process entirely. Furthermore, by formulating the
problem in the representation space, we derive a closed-
form solution, eliminating even the post-hoc optimization or
search required by other controllable merging methods.

Preliminaries
Model Merging and Task Vectors
Model merging techniques typically operate on a set of
T task-specific models, {θ1, θ2, ..., θT }, that are fine-tuned
from a common pre-trained model, θ0. A powerful concept
in this area is the task vector (Ilharco et al. 2023), which
captures the parameter shift for a specific task:

∆t = θt − θ0 (1)

A simple merged model, θmerge, can then be constructed by
applying a linear combination of these task vectors to the
pre-trained base:

θmerge = θ0 +
T∑

t=1

αt∆t (2)
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Figure 2: An overview of our proposed method, illustrated with a two-task (T = 2) example. (a) We first identify that model
merging causes representation distortion: the feature distribution of a merged model deviates from that of an individual task
model. (b) We propose to correct this by finding a linear correction matrix Ŵt for each task, which has a closed-form solution.
(c) Finally, we derive a Pareto-optimal transformation Wp by analytically aggregating the individual corrections based on a
user preference vector p.

where αt are merging coefficients. More advanced meth-
ods determine these coefficients αt sophistically, sometimes
even optimizing them layer-wise or per-parameter (Yang
et al. 2024b; Du et al. 2024; Wang et al. 2024). The pre-
merged model θmerge can be obtained via various methods,
from the simple linear combination in Eq. 2 to more ad-
vanced techniques like TIES-Merging or AdaMerging. Our
framework operates as a post-hoc correction on any such
pre-merged model.

Controllable Merging as MOO
The goal of controllable merging is to find solutions that
optimally trade off performance across multiple tasks.
This can be naturally formulated as a Multi-Objective
Optimization (MOO) problem. Given T tasks, we aim
to simultaneously minimize a vector of loss functions,
{L1(θ), L2(θ), ..., LT (θ)}, where Lt(θ) is the loss for task
t using model parameters θ.

A solution θ∗ is considered Pareto-optimal if it is not pos-
sible to improve performance on one task without degrading
performance on at least one other task. The set of all such
Pareto-optimal solutions forms the Pareto front (Fleischer
2003).

A common technique to find points on the Pareto front
is Linear Scalarization. This method transforms the multi-
objective problem into a single-objective one by taking a
weighted sum of the individual objectives, guided by a user-
defined preference vector p = [p1, ..., pT ]

T, where pt ≥ 0
and

∑
pt = 1:

min
θ

T∑
t=1

ptLt(θ) (3)

Crucially, existing methods attempt to solve this MOO prob-
lem directly in the high-dimensional parameter space of θ.
In contrast, our work will reformulate the objective in the

model’s final representation space, leading to a more direct
and efficient solution.

Method
Instead of performing expensive optimization in the pa-
rameter space, our method, ReACT, directly corrects the
model’s final representation. For a given task t, our approach
is founded on the hypothesis that the discrepancy between
the representations from the merged model, Zmtl

t , and those
from the ideal single-task expert, Z ind

t , is primarily a lin-
ear distortion. This allows us to model the correction as a
simple linear transformation. We show that finding the op-
timal transformation is a multi-objective problem for which
we can derive a closed-form, Pareto-optimal solution for any
user preference. Figure 2 provides an overview of our frame-
work. The following sections first formalize this correction
for a single task and then extend it to the multi-objective
setting.

Linear Representation Correction
Prior work like Representation Surgery (Yang et al. 2024a)
employs sample-specific non-linear functions for this cor-
rection. However, as hypothesized and visualized in Fig-
ure 3, this misalignment between Zmtl

t and Z ind
t is struc-

turally simple. We therefore hypothesize it is dominated by
a global linear distortion (e.g., rotation and scaling) rather
than a sample-specific non-linear warp, as shown in Fig-
ure 3. Based on this key insight, we propose a simpler, more
elegant correction. We model the correction as a linear trans-
formation matrix Wt for each task t:

Ẑmtl
t = WtZmtl

t (4)

To find the optimal transformation matrix Wt ∈ RDrep×Drep ,
we use a set of N calibration samples. We collect their repre-
sentations into matrices Zmtl

t ,Z ind
t ∈ RDrep×N and minimize
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Figure 3: Visualization of representation correction. t-SNE plots for four tasks from an 8-model merge show the merged model’s
representations (orange) are severely misaligned with ideal single-task targets (dark blue). Our method effectively pulls the
corrected features (light blue) back to the target clusters, visually confirming that a simple linear transformation is sufficient to
correct the discrepancy. More t-SNE plots see Appendix D.4.

the squared Frobenius norm between the corrected and ideal
representations:

min
Wt

∥WtZmtl
t −Z ind

t ∥2F (5)

Optimal Orthogonal Regularization
Directly solving Eq. 5 via ordinary least squares can overfit
when the correction data, available at test time, is scarce. To
improve robustness, we regularize the solution towards the
optimal orthogonal transformation W orth

t , which is solvable
via the Orthogonal Procrustes problem (by finding the SVD
of the cross-covariance matrix Z ind

t Zmtl
t

T
= UtStV

T
t and

setting W orth
t = UtV

T
t ). This structural prior prevents Wt

from distorting the geometric structure of the representation
space. The regularized objective is:

min
Wt

∥WtZmtl
t −Z ind

t ∥2F + β∥Wt −W orth
t ∥2F (6)

where β is a hyperparameter. This objective has a closed-
form solution (see Appendix B.1 for derivation):

Ŵt = (Z ind
t Zmtl

t

T
+ βW orth

t )(Zmtl
t Zmtl

t

T
+ βI)−1 (7)

This provides the optimal correction for a single task.

Pareto-Optimal Representation Correction
To handle multiple tasks and user preferences p =
[p1, · · · , pT ]T, we extend the single-task objective (Eq. 6)
to a multi-objective optimization (MOO) problem:

min
W
{L1(W ), · · · , LT (W )}, (8)

where each Lt(W ) is the loss from Eq. 6. We apply Linear
Scalarization to find Pareto-optimal solutions, resulting in a
single preference-weighted objective:

min
W

T∑
t=1

ptLt(W ) (9)

Crucially, since each loss function Lt(W ) is a convex
quadratic function of W , the weighted objective in Eq. 9 also
possesses this property. This allows us to derive a unique, an-
alytical solution, which we formalize in the following propo-
sition (proof in Appendix B.2):

Proposition 1. For any preference p, the unique Pareto-
optimal solution Wp to the multi-objective problem in Eq. 8
has a closed-form expression given by:

Wp =

(
T∑

t=1

pt(Z ind
t Zmtl

t

T
+ βW orth

t )

)
(

T∑
t=1

pt(Zmtl
t Zmtl

t

T
+ βI)

)−1 (10)

The solution Wp is the core of our framework, enabling
instant generation of a preference-aware model. Moreover,
its structure reveals a principled aggregation mechanism. By
substituting the single-task optimal solution Ŵt from Eq. 7
back into Eq. 10, we can algebraically rearrange Wp into the
following intuitive form:

Wp =

(
T∑

t=1

ptŴtCt

)(
T∑

t=1

ptCt

)−1

(11)

where Ct = Zmtl
t Zmtl

t
T
+ βI . This form clearly shows

that our solution is a weighted average of the individual
correction maps Ŵt, where each map is weighted not just
by the user preference pt, but by a data-dependent matrix
Ct. This is fundamentally different from a naive average,
Wnaive =

∑
ptŴt, to which our solution only simplifies

if all Ct are identical. Since Ct is the regularized autocor-
relation matrix of the features, our method naturally gives
greater influence to corrections for tasks with more pro-
nounced, high-variance feature structures. We will validate
the empirical superiority of this data-aware weighting in our
ablation study. To summarize our method and its efficient
implementation, we present the detailed pseudocode. Algo-
rithm 1 details the one-time, offline computation of reusable
components. Algorithm 2 then illustrates the two-stage on-
line workflow: first, a near-instant assembly of a preference-
specific corrector Wp, and then the use of this corrector for
inference.
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Complexity and Scalability
The analytical, non-iterative nature of our framework leads
to its exceptional computational efficiency. The one-time
setup for T tasks is dominated by a highly parallelizable
representation extraction, followed by matrix computations
of O(TD3

rep) on features of dimension Drep. This approach
bypasses the prohibitive evaluation costs and large O(Td)
storage of MAP (Li et al. 2025), where d denotes the full
model parameter count, as well as the extensive, less par-
allelizable iterative training of PM (Chen and Kwok 2025).
Consequently, our method requires only O(d+TD2

rep) stor-
age, while adapting to a new preference p is nearly instan-
taneous at O(TD2

rep +D3
rep). Since Drep is a small constant

defined by the model architecture (e.g., 512 for ViT-B/32),
this cubic complexity arises from a single matrix inversion
that executes in milliseconds. This offers a uniquely prac-
tical solution for real-time generation of preference-aligned
models. A more detailed complexity analysis is provided in
the Appendix C.

Algorithm 1: One-Time Component Computation (Offline)
Input: Merged backbone fmerge; Task-specific models
{(ft, ht)}Tt=1; Calibration data {Dcalib

t }Tt=1; Hyperparame-
ter β.
Output: Pre-computed components {Ŵt, Ct}Tt=1.

1: for t = 1, . . . , T do
2: Extract representations: Zmtl

t ← fmerge(Dcalib
t ),

Z ind
t ← ft(Dcalib

t );
3: Compute cross-covariance: St ← Z ind

t Zmtl
t

T;
4: Solve Orthogonal Procrustes problem via SVD:
5: Ut, , V T

t ← SVD(St);
6: W orth

t ← UtV
T
t ;

7: Pre-compute components based on Eq. 11:
8: Ct ← Zmtl

t Zmtl
t

T
+ βI;

9: Ŵt ← (St + βW orth
t )C−1

t ;
10: end for
11: return {Ŵt, Ct}Tt=1

Algorithm 2: Online Preference Adaptation and Inference

Requires: Pre-computed components {Ŵt, Ct}Tt=1 from
Alg. 1; Merged backbone fmerge; A data point x for a tar-
get task t with head ht.

1: # Step 1: Assemble corrector for preference p (run
once per preference)

2: Wp ←
(∑T

i=1 piŴiCi

)(∑T
i=1 piCi

)−1

;
3: return Wp

4: # Step 2: Use assembled corrector Wp for inference
(run per data point)

5: Extract representation: zmtl ← fmerge(x);
6: Apply correction: ẑmtl ←Wpz

mtl;
7: Predict using task head: yt ← ht(ẑ

mtl);
8: return yt

Experiments
Our experiments are designed to answer four key questions:

Q1 Does our method achieve state-of-the-art performance
and controllability?

Q2 Does it offer a more efficient and scalable paradigm?
Q3 Is its empirical success rooted in its core design princi-

ples?
Q4 How sufficient is our linear correction compared to a

non-linear alternative?

Experimental Setting
Experiment setup. Following the protocols of Task Arith-
metic (Ilharco et al. 2023) and Pareto Merging (Chen and
Kwok 2025), we utilize the publicly available models pro-
vided by Task Arithmetic. This includes their pre-trained
CLIP (Radford et al. 2021) ViT-B/32 visual encoder and
the eight individual models already fine-tuned on diverse
image classification tasks: SUN397 (Xiao et al. 2010),
Cars (Krause et al. 2013), RESISC45 (Cheng, Han, and Lu
2017), EuroSAT (Helber et al. 2019), SVHN (Netzer et al.
2011), GTSRB (Stallkamp et al. 2012), MNIST (LeCun
et al. 1998), and DTD (Cimpoi et al. 2014). We position our
method against a hierarchy of baselines: performance upper
bounds (individually fine-tuned models (Individual), Multi-
Task Learning (MTL)), non-controllable merging methods
(Task Arithmetic (TA), TIES-Merging (TIES) (Yadav et al.
2023), AdaMerging (AM), AdaMerging++ (AMPP) (Yang
et al. 2024b)), and the direct state-of-the-art in controllable
merging, Pareto Merging (PM). For fair comparison, all re-
sults for our method are generated using the AM backbone
unless specified otherwise. Please see Appendix A.1 and A.2
for the introduction of the tasks and implementation details.

Evaluation metrics. Our evaluation relies on three met-
rics. The primary metric for task-specific performance is
classification accuracy. To assess the overall quality of the
solution set approximating the Pareto front, we employ Hy-
pervolume (HV) (Zitzler and Thiele 1999). To measure how
precisely a model’s performance aligns with a given user
preference, we use Uniformity (Mahapatra and Rajan 2020).
To ensure a fair comparison across tasks with disparate dif-
ficulty, both metrics are computed on accuracies normalized
relative to their individual model’s performance. Detailed
formulations for HV and Uniformity are provided in the Ap-
pendix A.3.

Main Results
To answer Q1, we first show in Table 1 that our method
provides a substantial uplift over the non-controllable back-
bones it enhances, such as AMPP (85.4% vs. 81.1%). We
then compare against leading controllable methods. As eval-
uating all possible user preferences is infeasible, we test
controllability under three representative scenarios reflect-
ing common use cases: equal preference (uniform weights),
priority preference (a single task is given 50% weight, with
the remaining weight distributed evenly among the other
tasks), and one-hot preference (a single task receives all
weight). Following the protocol in (Chen and Kwok 2025),
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Pref. Method SUN397 Cars RESISC45 EuroSAT SVHN GTSRB MNIST DTD Average

– Individual 75.3 77.7 96.1 99.7 97.5 98.7 99.7 79.4 90.5
MTL 73.9 74.4 93.9 98.2 95.8 98.9 99.5 77.9 88.9

–

TA (Ilharco et al. 2023) 55.2 54.9 66.7 78.9 80.2 69.7 97.3 50.4 69.1
TIES (Yadav et al. 2023) 59.5 60.0 71.7 78.2 86.3 72.9 98.2 52.8 72.4
AM (Yang et al. 2024b) 64.5 68.1 79.2 93.8 87.0 91.9 97.5 59.1 80.1
AMPP (Yang et al. 2024b) 66.6 68.3 82.2 94.2 89.6 89.0 98.3 60.6 81.1

eq
ua

l

MAP (Li et al. 2025) 60.0 58.8 85.8 69.5 83.5 73.4 87.8 53.2 71.5
AM+PM (Chen and Kwok 2025) 70.1 74.2 87.3 96.5 90.2 95.6 98.5 66.7 84.9
AM+Ours 71.0 70.0 88.2 95.4 90.9 97.1 98.6 68.0 84.9
AM+Ours (10% unlabeled test data) 70.0 69.4 87.6 94.6 90.7 96.6 98.6 66.2 84.2
AMPP+PM (Chen and Kwok 2025) 70.6 73.9 87.5 96.7 90.8 96.7 98.6 67.2 85.2
AMPP+Ours 72.0 70.4 88.5 95.8 91.7 97.3 98.6 68.5 85.4
AMPP+Ours (10% unlabeled test data) 71.0 69.3 88.0 95.2 91.4 96.8 98.6 67.1 84.7

pr
io

ri
ty

AM+PM (Chen and Kwok 2025) 71.1 74.2 89.0 97.6 92.1 97.4 99.0 64.0 85.5
AM+Ours 72.5 72.8 91.2 97.1 92.3 98.1 98.8 73.7 87.1
AM+Ours (10% unlabeled test data) 71.5 71.5 90.4 96.3 92.0 97.4 98.8 71.1 86.1
AMPP+PM (Chen and Kwok 2025) 72.1 73.7 88.8 97.5 92.2 97.5 99.0 66.1 85.9
AMPP+Ours 73.1 73.0 91.4 97.5 92.7 98.2 98.8 74.0 87.3
AMPP+Ours (10% unlabeled test data) 72.3 71.8 90.4 96.8 92.5 97.6 98.8 71.0 86.4

on
e-

ho
t

AM+PM (Chen and Kwok 2025) 70.9 59.9 89.5 96.9 85.4 97.2 99.1 62.5 82.7
AM+Ours 72.8 74.7 93.1 98.8 93.4 98.6 99.3 78.2 88.6
AM+Ours (10% unlabeled test data) 72.0 72.1 91.1 96.3 92.8 97.8 99.0 70.6 86.5
AMPP+PM (Chen and Kwok 2025) 71.7 62.7 89.9 97.0 88.3 97.2 99.1 63.2 83.6
AMPP+Ours 73.4 75.3 93.3 99.0 93.6 98.7 99.3 78.3 88.9
AMPP+Ours (10% unlabeled test data) 72.7 72.2 91.3 97.0 93.1 97.9 99.1 71.5 86.7

Table 1: Test accuracies (%) on eight datasets when merging eight ViT-B/32 models. We compare our method against non-
controllable baselines and state-of-the-art controllable approaches under three preference scenarios. Our method consistently
achieves the highest average accuracy in each group, with the best results highlighted in bold.

we report MAP’s result only under equal preference. Our
primary comparison is against Pareto Merging (PM), fo-
cusing on its strongest data-based variants (AM+PM and
AMPP+PM). This provides the most direct comparison, as
our method is also a data-driven correction. However, our
approach acts as a lightweight post-hoc step, in contrast to
PM’s complex joint optimization with these backbones. The
results reveal a clear trend. Our method is competitive with
PM in the balanced setting, but its advantage grows as pref-
erences become more focused, culminating in the one-hot
scenario. Here our method achieves a striking +5.3% aver-
age accuracy gain over PM (88.9% vs. 83.6%), showing a
superior ability to satisfy specific targets without the severe
performance degradation of prior work. Notably, this perfor-
mance is so data-efficient that our method using just 10% of
the calibration data still outperforms the fully-resourced PM
baseline in the crucial priority and one-hot scenarios.

To specifically test controllability against PM, we de-
signed a challenging experiment within the 8-task merge.
We focused on a 3-task subspace (Cars, RESISC45, DTD)
and allocated 60% of the total preference weight to them
while sampling preferences across their simplex uniformly,
and distributing the rest equally among the other five tasks.
Table 2 reports the HV and Uniformity (U) from this exper-

iment, measured on both the 3-task subspace (@3) and the
full 8-task space (@8). Our method achieves substantially
higher scores across all metrics in this challenging scenario.
The strong @8 scores show this precision is achieved with-
out disproportionately sacrificing the non-prioritized tasks,
demonstrating a more robust and holistic trade-off capabil-
ity. The high @3 scores confirm its precise control, and Fig-
ure 5 provides the visual evidence: for our method (b), the
accuracy of each task peaks sharply at its corresponding
preference corner (e.g., Cars accuracy is highest at corner
C). In contrast, PM’s response (a) is more diffuse, with ac-
curacy peaks that are less pronounced and often misaligned
with the intended preference.

To further probe this fine-grained control, we examine the
direct trade-offs between pairs of tasks. We generated per-
formance curves by smoothly varying the preference weight
between two tasks (from 0 to 1), while setting the weights
for all other six tasks to zero. Figure 4 visualizes these pair-
wise Pareto frontiers. The results highlight two critical ad-
vantages of our method. First, our approach consistently pro-
duces superior frontiers, offering a better accuracy trade-
off than PM. Second, and more importantly, our method
demonstrates robust controllability where PM fails. While
our method produces smooth, predictable trade-off curves
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Figure 4: Pairwise performance trade-offs within an 8-task merge (AMPP backbone). Each subplot shows the accuracy on a
task pair as preferences are varied between them. Our method (blue) consistently achieves a superior and more stable Pareto
front compared to Pareto Merging (orange), which fails to produce controllable responses on several critical task pairs (e.g.,
SUN397-Cars, MNIST-DTD).

Method HV@3 ↑ HV@8 ↑ U@3 ↑ U@8 ↑
AM+PM 76.77 60.90 53.47 31.98
AM+Ours 83.95 68.49 63.30 44.77

AMPP+PM 74.92 61.18 53.41 26.59
AMPP+Ours 83.94 70.33 63.13 41.58

Table 2: Performance comparison against Pareto Merging
(PM). We report the Hypervolume (HV) and Uniformity (U)
for both 3-task (@3) and 8-task (@8) settings.

across all pairs, PM’s performance collapses on several crit-
ical pairings (e.g., SUN397-Cars, MNIST-DTD), failing to
generate a controllable response. This shows our method’s
significantly enhanced reliability in satisfying specific user
preferences.

Efficiency and Scalability Analysis
To answer Q2, we analyze our method’s efficiency and scal-
ability, focusing on the critical cost of enabling preference-
awareness. Our method’s efficiency stems from its decou-
pled design, which operates on a pre-merged backbone in
a distinct, subsequent step. This contrasts with approaches
like PM that require a costly joint optimization of their
preference-aware mechanism alongside the backbone merge
itself. Figure 6 plots the computation time for the generation
of the preference-aware model (for MAP) or the auxiliary
module (for PM and Ours), confirming our method’s linear
time complexity. For an 8-task merge, our method completes
in just 0.056 GPU hours, achieving an approximately 36x
speedup over PM and a 208x speedup over MAP. For PM,
we plot its reported costs for 2 and 8 tasks—the only con-
figurations detailed in their work—and connect them with a
dashed line to illustrate the scaling trend of its iterative op-
timization framework. This efficiency advantage is critical
for practical applications and enables on-the-fly generation
of tailored models.

Ablation and Mechanism Validation
To answer Q3, we analyze our framework’s key components
and hyperparameters.
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Figure 5: Visual evidence for the superior U@3 metrics in
Table 2. On a 3-task (C: Cars, R: RESISC45, D: DTD)
subspace of an 8-task merge, our method (b) shows sharp,
predictable accuracy peaks. This ideal control landscape di-
rectly explains its higher Uniformity. In contrast, PM (a)
yields a misaligned response, resulting in lower scores.

Efficacy of optimal orthogonal regularization. We first
study the effect of the regularization strength, β, which bal-
ances data-fitting with structural preservation. As Figure 7
shows, ablating the regularization term (β = 0) leaves only
the least-squares objective. This leads to overfitting on the
calibration data, causing poor performance, especially when
data is scarce. Introducing the regularization (β > 0) pro-
vides a substantial performance boost by pulling the solution
towards an optimal orthogonal transformation, which pre-
vents the representation space from distorting. The method
is also robust to the specific choice of β, as performance
remains stable across a wide range of values. The regular-
ization enables high data efficiency. Even with only 10% of
the test data, our method achieves near-optimal accuracy. Fi-
nally, the regularized solution slightly outperforms a pure or-
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Figure 6: Scalability comparison. We plot the time for the
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of-magnitude difference in efficiency.
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Figure 7: Accuracy vs. regularization strength β. Our
method is robust to the choice of β and highly data-efficient,
achieving near-optimal performance with only 10% of test
data.

thogonal transformation (β →∞, noted as Orth.), confirm-
ing that our method effectively combines a strong structural
prior with valuable data-driven correction.

Aggregation strategies. We compare our Pareto-optimal
aggregation against two intuitive yet sub-optimal baselines
for preference-aware weighting. The first (Naive) simply ap-
plies a weighted average to the optimal linear transformation
of each task. The second (Polar) uses polar decomposition
to separately weight the rotation and scaling components of
each transformation before recombination. As shown in Ta-
ble 3, while simpler heuristics can narrowly focus on the pri-
ority task, our principled aggregation achieves a much better
overall trade-off. This result empirically validates our anal-
ysis: the data-aware weighting matrices Ct, which account
for the feature structure of each task, are critical for finding a
globally optimal solution, unlike Naive and Polar strategies.

Sufficiency of Linear Correction
To answer Q4, we compare our linear correction to the non-
linear MLP-based from Representation Surgery (RS). As
shown in Figure 8, with minimal data (1%), RS appears
more robust, as our linear solution is sensitive to noise in

Method Equal Pref. Priority Pref.

NAcc.↑ Pri. NAcc.↑ Non-Pri. NAcc.↑ HV↑

Naive 92.2 97.1 87.7 67.6
Polar 91.5 97.2 84.9 64.0
Ours 93.5 96.0 92.6 70.2

Table 3: Comparison of aggregation strategies under equal
and priority preference settings. We report Normalized Ac-
curacy (NAcc.), Priority-task NAcc., Non-Priority NAcc.,
and Hypervolume (HV).
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Figure 8: Linear vs. non-linear correction. Comparison of
our global linear map against the non-linear MLP corrector
from Representation Surgery (RS) across varying amounts
of available test data. The dashed line indicates the accuracy
of the merged model (AM) before any correction is applied.

this low-data regime. However, our method’s performance
rapidly surpasses the RS with just 5% of the data and widens
its lead thereafter. This demonstrates that our linear ap-
proach is more data-efficient, better capturing the underly-
ing global distortion once a minimum viable sample set is
available.

Conclusion
We introduced ReACT, a new on-the-fly framework for con-
trollable model merging that bypasses costly parameter-
space optimization by directly correcting the model’s rep-
resentations. Our key insight is that this correction can be
modeled as a simple, regularized linear map, for which we
derived a closed-form, Pareto-optimal solution in the rep-
resentation alignment space. This analytical approach leads
to a highly efficient and scalable method. Experiments con-
firmed ReACT achieves a state-of-the-art Pareto front and
superior preference alignment in terms of task performance.

However, our method has limitations: the linear scalariza-
tion may not cover the entirety of a concave Pareto front in
the performance space, and it assumes predominantly linear
distortions requiring a small unlabeled calibration dataset.
We hope our work encourages further exploration of sim-
ple, analytical solutions in representation space for complex
model combination problems, including extending to mod-
els with more complex representation structures and explor-
ing calibration-free alternatives.
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