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Abstract. Multi-task model merging aims to consolidate several task-
specific experts into a unified model, yet static merging consistently suf-
fers from parameter interference. While dynamic merging models aim
to bridge this gap, many works rely on the costly storage and loading
of redundant expert components at inference. In this work, from the
perspective of task expert, we view parameter interference as parame-
ter perturbation introduced to each expert during merging process. We
show that such parameter perturbations can be modeled as affine trans-
formation, which can be approximated as additive offsets. Motivated
by these, we propose Recover Task eXpert (ReTeX), a framework
that predicts those offsets, in order to undo parameter interference and
recover task-expert performance from a single merged checkpoint. To
recover the appropriate expert when task identity is unknown, we in-
troduce a router-free task identifier based on SVD subspace signatures
computed offline before inference. At inference, the identifier selects the
task whose subspace yields the smallest projection residual for a given
input. As a result, ReTeX recovers over 95% of individual-expert per-
formance in both vision and NLP domains, while significantly improving
generalization to unseen tasks. Crucially, we also show that the param-
eter offset prediction leads to emergent adaptive interpolation of expert
knowledge for out-of-distribution (OOD) tasks. ReTeX adaptively in-
terpolates seen expert knowledge to handle unseen tasks. Our code is
available at https://github.com/BAIKLAB/ReTeX

Keywords: Multi-task model merging · Task expert recovery

1 Introduction

Since the advent of foundation models [1,26,60] pre-trained on large-scale data,
deep learning has achieved remarkable success across diverse domains by fine-
tuning such large pre-trained models for individual downstream tasks. This
paradigm naturally yields a growing collection of task-specific experts. How-
ever, storing an expert for each task separately is costly to deploy at scale due
to storage, memory traffic, and management overhead.
⋆ Corresponding author.

https://github.com/BAIKLAB/ReTeX
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Fig. 1: Component requirements for multi-task deployment. (a) EMR-
Merging [33] assumes that the task ID is known and activates task-specific components
on top of a shared backbone θ0. (b) Twin-Merging [47] handles task ID-unknown inputs
by using a router to predict input-dependent mixing coefficients over task components,
combined with a shared backbone θs. (c) ReTeX handles task ID-unknown inputs by
first predicting the task ID t̂ and then recovering θ̂t̂ from a single merged checkpoint
θmerge using the predicted offset β̂t̂, without storing expert checkpoints at inference.

Multi-task model merging [34, 75, 76] has emerged as a promising solution
to consolidate multiple experts into a single model by directly manipulating
their parameters. Most early approaches construct a single merged model by
weighted combinations of parameters or updates, where task coefficients are
often selected by heuristics or hyperparameter tuning [34, 36, 48, 67, 75, 76, 79].
However, static merging methods frequently underperform task experts due to
parameter interference: task-specific updates collide in weight space, producing
model parameters that are suboptimal for multiple tasks.

Recently, dynamic merging methods [47,49,53,68] have been proposed to im-
prove accuracy by selecting or composing task-specific components conditioned
on each input, but typically require storing and reading additional task-specific
parameters at inference. Moreover, several existing methods assume that the
task identity is known at inference [33, 34, 75], or train a separate router using
substantial labeled task data [47,68,78], which can introduce additional storage
overhead and privacy issues.

We take an alternative view: we interpret parameter interference as param-
eter perturbation introduced to each task expert during merging process. Upon
this perspective, we aim to recover task expert performance from a single merged
checkpoint. We empirically find that the dominant effect of interference can be
modeled as an additive offset. Thus, we aim to “undo” parameter interference and
recover task-expert performance by predicting and removing additive offsets.

Based on this insight, we propose ReTeX, a plug-and-play expert recovery
framework. ReTeX augments a merged model with a lightweight recovery mod-
ule that predicts a task-conditioned parameter offset and applies it to the merged
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weights to reconstruct task-specialized behavior. Importantly, ReTeX is trained
using parameter supervision only: the supervision signal is provided by existing
expert checkpoints (targets are expert parameters), and recovery training does
not require access to task datasets or input–output examples. This design keeps
recovery training simple and avoids additional data collection or storage.

A key challenge is determining which expert to recover when task identity
is unknown. To this end, we introduce a router-free task identifier based on
SVD subspace signatures (singular values and vectors). Notably, SVD subspace
signatures are computed offline before inference. At inference, we select the task
whose subspace yields the smallest projection residual for each input, removing
the need for training a router or storing task experts. Surprisingly, adaptive
interpolation of expert knowledge emerges from the proposed parameter offset
prediction, when faced with unseen or out-of-distribution tasks.

We further note that our proposed method is a flexible plug-and-play frame-
work that can be seamlessly applied on top of various merged models. Extensive
experiments on computer vision and NLP benchmarks demonstrate that Re-
TeX substantially enhances the performance of various model merging methods,
greatly improving the performance on both seen and unseen tasks and achieving
95% of individual-expert performance.

We summarize our contributions as follows:

1. We introduce ReTeX, an expert recovery framework that reconstructs task
expert performance from a single merged checkpoint by “undoing” parameter
interference via offset prediction.

2. We propose a router-free task identification method based on SVD subspace
projection residuals, removing the need for labeled router training and re-
ducing data storage requirements.

3. We show that ReTeX is plug-and-play on top of various merged models
across vision and NLP, recovering up to 95% of expert performance while
improving robustness to unseen/OOD tasks.

2 Related work

Model merging. Model merging aims to consolidate multiple task experts into
a single merged model by directly combining or editing expert parameters, avoid-
ing joint multi-task retraining. Early works have employed weighted combination
of expert parameters [36, 48] or corresponding task vectors [34], where the goal
becomes finding a set of coefficients such that a resulting merged model achieve
strong performance on all tasks. However, simple weighted averaging often re-
sults in parameter interference and thus performance degradation, which few
works have attempted to tackle by sparsifying or masking task vectors to miti-
gate conflicts [71, 75]. A complementary line of work addresses this issue before
merging by modifying the fine-tuning stage itself, encouraging task experts to
become more mergeable or less interfering in parameter space [35,43,54]. Despite
efforts, a single shared model still often falls short of per-task experts.
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Task-conditioned adaptation and meta-learning. HyperNetworks and FiLM
generate task- or input-conditioned weights and feature-wise affine modula-
tions [30,56]. Few-shot conditional adaptation methods, such as CNAPs and its
follow-up variants, infer task-conditioned parameters from support-set statistics
or limited supervision [10, 11, 46, 59, 69]. Related meta-learning methods learn
task-adaptive initialization, attenuation, hyperparameters, losses, or online/test-
time adaptation mechanisms [4–8, 16–18, 27]. Although these works are related
in that they produce task-adaptive behavior, they primarily adapt from sup-
port examples, task observations, or gradient-based updates. Although similarly
task-adaptive, ReTeX has a different goal: it recovers task-expert behavior from
an already merged checkpoint using expert-parameter supervision, rather than
adapting from support examples.
Dynamic model merging. Dynamic model merging aims to reduce parameter
interference by formulating input-adaptive weighted combination by predicting
coefficients for each input via routing at inference time [47,49,53,68]. While these
methods have greatly improved performance, they require large task datasets to
train a routing module or a large number of forward passes to estimate the task
ID of each sample. A related training-free direction, SiM [64], shows that SVD-
based task manifolds constructed from a small support set can provide reliable
task signals by routing each test input through projection residuals, without
additional router training. Building on this observation, ReTeX uses the SVD
residual-based task signal not merely to select among stored components, but to
condition task-expert recovery from a single merged checkpoint. However, these
dynamic or routing-based approaches still require storing and loading multiple
task components during inference, increasing memory traffic and complexity
as the number of tasks grows. Meanwhile, other works have proposed storing
lightweight task-expert components by compressing full parameters via masking
or sparsification [28,33,71]. These approaches reduce storage for task experts, but
they assume knowledge of the task ID of each input, limiting their applicability
in practice. In contrast to previous dynamic model merging methods that require
either task ID of each input or multiple experts during inference, our proposed
approach directly recovers task-expert performance from a single merged model.

3 Background

Problem setting. Given a pre-trained model f : X ×Θ → Y with parameters
θ0 ∈ Θ, we consider T downstream tasks indexed by t ∈ {1, . . . , T}. Since
many finetuned models have become available in HuggingFace with the advent
of pretraining-finetuning paradigm, we make the following assumption, similar
to previous works [34,47,49,53,68]: for each task t, a task expert fθt

is assumed
to be available prior to merging process. Prior to model merging process, we
assume each task expert has been obtained by fine-tuning fθ0

on each task
dataset Dt = {(xi

t, y
i
t)}

Nt
i=1 with xi

t ∈ X and yit ∈ Y.
Given task experts, multi-task model merging aims to find a single merged

model θmerge that can generalize across all tasks by directly operating on the
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expert parameters {θt}Tt=1:

θmerge =

T∑
t=1

αtθt. (1)

Task arithmetic. To better facilitate the management of task expert knowl-
edge, Task Arithmetic (TA) [34] proposes to isolate task-specific knowledge from
prior knowledge; τt := θt − θ0. Using task vectors, TA and subsequent works
formulate merging as

θmerge = θ0 +

T∑
t=1

λtτt, (2)

where λt is a task coefficient.
Dynamic model merging. Despite previous efforts, static model merging is
susceptible to parameter interference [34], as it is forced to decide which task-
specific model parameter will contribute to the final merged model parameters,
which are then fixed for all input data. However, each data sample can come
from varying tasks and thus require varying model expertise. Recently, several
works have shifted their attention to dynamic model merging [37, 45, 47, 49, 53].
Dynamic model merging aims to find input-wise model expertise; in other words,
the goal is to find the input-adaptive task coefficients λt(x):

θmerge = θ0 +

T∑
t=1

λt(x)τt. (3)

4 Learning to Recover Task Experts

Previous dynamic model merging methods have greatly improved the perfor-
mance of a merged model by dynamically composing experts with input-adaptive
coefficients at inference time [47,49,53,68]. While dynamic model merging meth-
ods greatly mitigated parameter interference, previous methods often require
the knowledge of task ID of each input example [28,33,71] or require additional
training with abundant amount of training examples [47,49,68].

In this work, we approach model merging from the perspective of each task
expert: each task expert experiences parameter perturbations that other experts
inject during merging, resulting in parameter interference. Thus, in this work,
we aim to “undo” such parameter perturbations and recover a task expert from
a single merged model. As delineated in Appendix Sec. A, we show that each
task expert parameter θt can be expressed as an affine transformation of θmerge:

θt = γt θmerge + βt, (4)

where γt and βt denote task-conditioned scaling and shift terms, which are com-
posed of task coefficients and other task expert parameters. This form suggests
that expert recovery reduces to predicting (γt,βt) conditioned on task identity.
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Fig. 2: Overall ReTeX framework. (a) Task identification constructs a task mem-
ory bank by fitting a low-dimensional SVD subspace to merged-model representations
for each task. Given a test representation z, ReTeX computes projection residuals
{Rt(z)}Tt=1 and outputs a task ID estimate t̂ by an argmin rule. (b) Task expert re-
covery conditions a task embedding on t̂ and predicts low-rank offsets across layers.
Adding the offsets to merged parameters yields inference parameters for prediction.

However, our empirical analysis indicates that γt concentrates near an identity
1, which motivates an offset-only recovery rule:

θt ≈ θmerge + βt, (5)

where we interpret βt as “undoing” parameter perturbations introduced by other
task experts to reduce parameter interference and recover task-expert perfor-
mance for task t.

Thus, as illustrated in Fig. 2, ReTeX operates in two stages: (1) task identi-
fication that estimates a task ID t̂ by nearest-subspace matching using a compact
task memory bank (Sec. 4.1), and (2) task expert recovery that reconstructs in-
ference parameters from θmerge conditioned on t̂ using offset prediction (Sec. 4.2).

4.1 Task identification

To estimate task ID of each, we take inspirations from the nearest-subspace
viewpoint used in the Nearest Subspace Classifier (NSC) [15]. In particular,
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ReTeX represents each task with a low-dimensional subspace estimated from
merged-model representations. At inference, ReTeX selects the task that min-
imizes the projection residual. We note that these subspaces incur much less
memory overhead, compared to full task expert parameters or low-rank experts,
as demonstrated in experimental results.
Constructing task SVD subspaces. Let zit = fmerge(x) ∈ Rd denote an
intermediate representation extracted by a merged model fθmerge . For each task
t ∈ {1, . . . , T}, we utilize N reference inputs from original training set Dmb

t =
{x1

t ,x
2
t , . . . ,x

N
t } and compute the empirical mean of its representations zit:

µt =
1

N

N∑
i=1

zit. (6)

Then, we compute the feature matrix Xt ∈ RN×d whose i-th row equals (zit −
µt)

⊤, and compute the SVD

Xt = UtΣtV
⊤
t . (7)

ReTeX keeps the top-k right singular vectors as the task subspace basis Vt,k ∈
Rd×k with k ≪ d. The set µt + span(Vt,k) defines an affine subspace for task
t. ReTeX stores {µt,Vt,k}Tt=1 as task signatures. Unless otherwise specified,
ReTeX uses N = 64 reference inputs per task.
Task identification. Given a test input x, and its feature z = fmerge(x). Re-
TeX measures alignment to each task subspace using the projection residual

Rt(z) =
∥∥(I−Vt,kV

⊤
t,k

)
(z− µt)

∥∥
2
, (8)

where I ∈ Rd×d denotes the identity matrix. The task ID estimate satisfies

t̂ = argmin
t∈{1,...,T}

Rt(z). (9)

4.2 Task expert recovery

Given the task ID estimate t̂ from Sec. 4.1, ReTeX recovers the correspond-
ing task-expert performance by predicting low-rank offsets that would “undo”
parameter interference as follows: ReTeX defines inference parameters as

θt̂ := θmerge + βt̂, (10)

where βt̂ denotes the offset predicted, conditioned on estimated task ID t̂.
Task embedding. Each task t is represented with a learnable embedding et ∈
Rdemb , where demb is the dimension of task embedding. A one-hot task indicator
for t̂ maps to the embedding et̂, which serves as input to the offset generator.
Low-rank offset prediction. ReTeX adopts a low-rank factorization for off-
sets independently for each layer l. Let θ(l)

merge ∈ Ra×b denote merged parameters
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at layer l, and choose rank r < min(a, b). For the further efficiency, we decompose
an offset as follows:

β
(l)

t̂
= β

(l)

t̂,g
β(l)
s , (11)

where β
(l)
s ∈ Rr×b is a learnable offset shared across all task experts, and

β
(l)

t̂,g
∈ Ra×r is a task-specific offset predicted by single-layer offset generator

h(l) conditioned on et̂. Thus, for each layer, task-expert parameters at layer l

are approximated as θ(l)

t̂
= θ

(l)
merge+β

(l)

t̂
. Stacking layers yields θt̂ = θmerge+βt̂,

consistent with Eq. (10).
Optimization. We note that the training of the offset prediction module only
uses parameter supervision, without the need for task datasets of input-output
samples or test samples. The training process of ReTeX only requires a ran-
domly sampled task ID t and its corresponding task expert parameters. In other
words, the training objective for ReTeX is

L = Et∼U(1,T )

[∥∥∥(θmerge + β̂t)− θt

∥∥∥2
2

]
, (12)

where U(1, T ) denotes a uniform distribution over task indices; β̂t denotes the
predicted task-specific offset for the sampled task t; and θt acts as ground-truth.

At inference, ReTeX does not require storage of task experts: ReTeX pre-
dicts a task ID t̂ and recovers θt̂ on demand from θmerge.

5 Experiments

We evaluate ReTeX in a task-agnostic multi-task deployment, where test inputs
arrive as a mixed-task stream and per-sample task identity is not provided.
Accordingly, we do not assume task-specific validation or calibration at inference;
ReTeX predicts task identity and recovers the corresponding expert behavior
on demand from a single merged checkpoint. We report results on vision, NLP,
and additionally study unseen-task generalization and efficiency.
Baselines and comparison scope. We group baselines by inference-time com-
ponent requirements. Static model merging produces a single merged checkpoint
and applies it to all inputs, without storing expert checkpoints at inference. This
group includes Weight Averaging, Task Arithmetic [34], TIES-Merging [75], Con-
sensus TA [71] and AdaMerging [76]. Dynamic model merging performs input-
adaptive merging at inference and typically requires access to task-specific com-
ponents (e.g., expert checkpoints or equivalent representations) during infer-
ence. This group includes Twin-Merging [47], DaWin [53], MoW-Merging [78],
and WEMoE [68]. We also report Zero-shot (pre-trained model) and Individ-
ual experts (original task experts) as lower and upper reference points. Detailed
baseline configurations and protocols are provided in Appendix Sec. C.
Implementation details. Unless specified otherwise, the base merged model
θmerge is constructed via simple Weight Averaging of task experts, to highlight
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Table 1: Multi-task performance of merged models across different CLIP
backbones and numbers of tasks. Values in parentheses (·) indicate normalized
accuracy (merged / individual). All methods are evaluated on 8, 14, and 20 computer
vision tasks.

Method ViT-B/32 ViT-B/16 ViT-L/14

8 tasks 14 tasks 20 tasks 8 tasks 14 tasks 20 tasks 8 tasks 14 tasks 20 tasks

Zero-shot 48.3 57.2 56.1 55.3 61.3 59.7 64.7 68.2 65.2
Individual 92.9 90.9 91.4 94.7 92.8 92.8 95.9 94.3 94.8

(Static model merging)
Weight Averaging 66.3(72.1) 64.3(71.1) 61.0(67.5) 72.2(76.6) 69.5(74.8) 65.3(70.4) 79.6(83.2) 76.7(81.1) 71.6(75.6)

Task Arithmetic [34] 70.6(76.3) 65.3(72.0) 60.5(66.7) 75.9(74.4) 70.5(75.9) 65.8(70.7) 85.0(88.6) 79.4(83.9) 74.1(78.1)

TIES-Merging [75] 74.5(80.3) 65.1(71.9) 62.3(68.8) 79.4(83.8) 70.1(75.5) 66.6(71.7) 85.8(89.5) 77.3(81.6) 72.9(76.9)

Consensus TA [71] 75.0(80.8) 70.4(77.4) 65.4(72.0) 79.4(83.9) 74.4(79.9) 69.8(74.9) 86.3(90.1) 82.2(86.9) 79.0(83.2)

AdaMerging [76] 75.9(81.7) 70.5(77.3) 66.2(72.7) 79.5(83.8) 73.8(79.2) 69.6(74.6) 87.4(94.6) 82.6(87.2) 77.8(82.0)

(Dynamic model merging)
Twin-Merging [47] 84.0(90.3) 70.0(76.7) 57.5(61.8) 91.4(96.2) 78.4(83.9) 63.1(67.0) 93.7(97.7) 86.2(91.2) 74.8(78.6)

DaWin [53] 89.0(95.3) 73.8(80.3) 52.8(57.7) 87.1(91.9) 77.8(83.5) 62.8(67.3) 91.6(95.5) 82.6(87.2) 77.5(81.8)

MoW-Merging [78] 88.1(94.8) 83.2(91.5) 79.3(86.8) 93.7(98.9) 79.3(85.5) 78.2(84.3) 94.9(99.0) 78.8(83.6) 81.8(86.3)

WEMoE [68] 90.4(97.3) 83.1(90.7) 74.4(81.2) 93.1(98.2) 85.6(92.9) 78.8(84.1) 94.8(98.8) 87.0(91.6) 75.7(79.5)

ReTeX (Ours) 92.2(99.3) 89.8(98.8) 89.8(98.3) 94.2(99.4) 91.9(99.0) 91.7(98.4) 95.4(99.5) 93.5(99.1) 93.6(98.9)

that ReTeX can recover high-fidelity experts even from a simple static merge.
We train the task-conditioned offset predictor for 5000 iterations using Adam [39]
with learning rate 2× 10−4 and a cosine schedule with 600 warm-up steps. We
note that the training of the offset predictor in ReTeX does not require original
task datasets of input-output examples. ReTeX training requires parameter
supervision only: given any task ID, it predicts a task-conditioned parameter
offset to approximate the task expert parameters, which are used as ground-
truth.

5.1 Vision tasks

Setting. We follow the multi-task CLIP merging protocol in [71]. We fine-tune
a separate expert per dataset on three CLIP [58] backbones (ViT-B/32, ViT-
B/16, ViT-L/14), and evaluate merged models under task-agnostic inference.
The 8-task suite includes SUN397 [74], Cars [40], RESISC45 [14], EuroSAT [31],
SVHN [51], GTSRB [65], MNIST [25], and DTD [19]. The 14-task suite fur-
ther adds CIFAR100 [41], STL10 [21], Flowers102 [52], Oxford-IIIT-Pet [55],
PCAM [70], and FER2013 [29]. The 20-task suite further adds EMNIST [22],
CIFAR10 [41], Food101 [12], FashionMNIST [73], RenderedSST2 [63], and KM-
NIST [20]. To study scalability in the number of tasks, we additionally evaluate
a 30-task suite on ViT-B/32 by augmenting the 20-task suite with ten more
datasets: Vegetables [2], Kvasir-v2 [57], Intel Images [9], Weather [72], Cats and
dogs [23], MangoLeafBD [3], Beans [42], Landscape Recognition [24], Garbage
Classification [13], and Fruits-360 [50]. We report classification accuracy (%) on
all datasets.
Results on 8/14/20 tasks. Tab. 1 reports multi-task accuracy across three
CLIP backbones and 8/14/20 task suites. Static merging baselines degrade sub-
stantially as the number of tasks increases, consistent with parameter inter-



10 J. Jung et al.

Table 2: Multi-task performance on ViT-B/32 across different numbers of
vision tasks. Values in parentheses (·) indicate normalized accuracy (merged / indi-
vidual).

Method 8 tasks 14 tasks 20 tasks 30 tasks

Zero-shot 48.3 57.2 56.1 55.5
Individual 92.9 90.9 91.4 93.1

(Static model merging)
Weight Averaging 66.3(72.1) 64.3(71.1) 61.0(67.5) 59.1(64.2)

Task Arithmetic [34] 70.6(76.3) 65.3(72.0) 60.5(66.7) 58.0(62.8)

TIES-Merging [75] 74.5(80.3) 65.1(71.9) 62.3(68.8) 59.6(64.7)

Consensus TA [71] 75.0(80.8) 70.4(77.4) 65.4(72.0) 63.4(68.5)

AdaMerging [76] 75.9(81.7) 70.5(77.3) 66.2(72.7) 56.8(61.3)

(Dynamic model merging)
Twin-Merging [47] 84.0(90.3) 70.0(76.7) 57.5(61.8) 60.1(65.2)

DaWin [53] 89.0(95.3) 73.8(80.3) 52.8(57.7) 40.3(42.9)

MoW-Merging [78] 88.1(94.8) 83.2(91.5) 79.3(86.8) 56.4(60.6)

WEMoE [68] 90.4(97.3) 83.1(90.7) 74.4(81.2) 67.1(72.4)

ReTeX (Ours) 92.0(99.1) 89.8(98.8) 89.4(97.9) 91.2(97.9)

ference under a single fixed checkpoint. Dynamic merging baselines mitigate
interference via input-adaptive composition, but still exhibit degradation un-
der larger suites and require inference-time access to task-specific components.
Across all backbones and task counts, ReTeX achieves the strongest perfor-
mance and closely matches Individual experts, reaching around 98–99% normal-
ized accuracy while using a single merged checkpoint plus lightweight recovery
parameters.
Results on 30 tasks. Tab. 2 shows that performance of both static and dy-
namic merging baselines deteriorates as the task suite scales to 30 tasks. In
contrast, ReTeX remains stable and continues to closely match Individual ex-
perts, indicating that offset-based expert recovery scales favorably to larger and
more diverse task collections.

5.2 Unseen-task generalization robustness

Setting. This section evaluates whether ReTeX maintains performance when
evaluation inputs include tasks that are not used to build the merged check-
point. Following the protocol in AdaMerging [76], the evaluation uses eight vision
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Table 3: Evaluation under OOD scenarios.

Method Seen Task Accuracy Unseen Task Accuracy

Weight Averaging 63.7 57.8
Weight Averaging + ReTeX 90.4 63.4

Task Arithmetic [34] 72.2 58.5
Task Arithmetic + ReTeX 90.4 66.0

TIES-Merging [75] 75.7 57.9
TIES-Merging + ReTeX 89.8 68.7

AdaMerging [76] 76.6 66.8
AdaMerging + ReTeX 90.2 69.1

datasets. MNIST [25] and EuroSAT [31] serve as unseen tasks, while the remain-
ing six datasets (Cars [40], DTD [19], GTSRB [65], RESISC45 [14], SUN397 [74],
and SVHN [51]) serve as seen tasks. The merged checkpoint construction and
ReTeX recovery training use only seen-task experts, and no unseen-task expert
checkpoint is available. Appendix Sec. C provides further details.
Soft recovery beyond one-hot task selection. The task identifier in Sec. 4.1
produces a hard task ID by nearest-subspace matching. For unseen tasks, a hard
assignment to a single seen task becomes a brittle approximation. To enable
interpolation across seen experts, this section replaces the one-hot task indica-
tor with a soft mixing vector over seen tasks. Concretely, projection residuals
{Rt(z)}Tt=1 are converted into mixture weights p(z) ∈ RT (for example, by apply-
ing a softmax to the negative residuals), and ReTeX conditions offset prediction
on p(z) instead of a one-hot task vector. To support this behavior without using
any task data, recovery training uses soft targets in parameter space: a mixing
vector is sampled from a Dirichlet distribution and defines a convex combination
of seen experts as the supervision target.
Results. Tab. 3 reports performance when ReTeX is applied on top of multiple
merged checkpoints. ReTeX consistently improves accuracy on both seen tasks
and unseen tasks across all merging baselines. Seen-task accuracy increases to
around 90% for every merged model. Unseen-task accuracy also improves for
every baseline, and the best unseen-task performance is obtained by combining
ReTeX with AdaMerging [76], reaching 69.1%. These results support the claim
in the introduction that offset-based recovery enables interpolation over seen
expertise and improves unseen-task generalization robustness.

5.3 NLP tasks

Setting. This section evaluates ReTeX on a multi-task NLP suite using T5-
large as a common pre-trained backbone. A separate task expert is obtained by
fine-tuning the backbone on each task, and merged methods are evaluated under
task-agnostic inference. The 7-task scenario comprises: (1) QASC [38], (2) Wik-
iQA [77], (3) QuaRTz [66] for question answering, (4) PAWS [80] for paraphrase
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Table 4: Multi-task performance of merged T5-large across seven NLP
tasks. Numbers in parentheses (·) denote normalized accuracy (merged / fine-tuned).
Bold values indicate the best performance among merged methods (excluding fine-
tuned).

Method PAWS QASC QuaRTz StoryCloze WikiQA Winogrande WSC Avg.

Fine-tuned 94.4 98.9 87.8 90.8 96.0 74.7 79.2 88.8

(Static model merging)
Weight Averaging 61.3(64.9) 82.6(83.5) 70.5(80.3) 53.7(59.1) 63.2(65.8) 49.7(66.5) 36.1(45.6) 59.6(67.1)

Task Arithmetic [34] 77.8(82.4) 96.0(97.1) 78.6(89.5) 86.4(95.2) 59.1(61.6) 62.3(83.4) 52.8(66.7) 73.3(82.5)

TIES-Merging [75] 81.5(86.3) 96.2(97.3) 80.1(91.2) 83.6(92.1) 64.9(67.6) 66.5(89.0) 65.3(82.4) 76.9(86.6)

Consensus TA [71] 77.7(82.3) 67.4(68.1) 65.5(74.6) 79.9(88.0) 90.3(94.1) 78.9(105.6) 56.0(70.7) 73.7(83.0)

AdaMerging [76] 58.5(62.0) 76.0(76.8) 75.5(86.0) 82.1(90.4) 93.5(97.4) 65.0(87.0) 64.4(81.3) 73.6(82.9)

(Dynamic model merging)
Twin-Merging [47] 93.2(98.7) 96.0(97.1) 87.1(99.2) 85.6(94.3) 77.1(80.3) 70.8(94.8) 69.7(88.0) 82.8(93.2)

DaWin [53] 85.6(90.7) 96.1(97.2) 81.4(92.7) 73.2(80.6) 70.2(73.1) 68.7(92.0) 57.9(73.1) 76.2(85.8)

WEMoE [68] 93.4(98.9) 95.4(96.5) 74.5(84.9) 79.6(87.7) 94.1(98.0) 90.4(121.0) 57.0(72.0) 83.4(93.9)

MoW-Merging [78] 94.7(100.3) 90.2(91.2) 79.0(90.0) 83.1(91.5) 56.6(59.0) 93.8(125.6) 51.0(64.4) 78.3(88.2)

ReTeX (Ours) 96.1(101.8) 97.4(98.5) 83.5(95.1) 90.3(99.4) 95.7(99.7) 95.0(127.2) 48.0(60.6) 86.6(97.5)

identification, (5) Story Cloze [62] for sentence completion, (6) Winogrande [61],
and (7) WSC [44] for coreference resolution. All numbers are reported as per-
centages, and values in parentheses denote normalized accuracy (merged / fine-
tuned), similar to Tab. 4.
Results. Tab. 4 reports multi-task performance of merged T5-large across the
seven NLP tasks. Static model merging baselines, including Task Arithmetic [34],
TIES-Merging [75], and TSV-M [28], show clear degradation relative to fine-
tuned experts under multi-task interference. Dynamic model merging baselines,
including Twin-Merging [47], DaWin [53], WEMoE [68], and MoW-Merging [78],
improve over static merging by using input-adaptive composition, but they still
fall short of expert-level performance on average.

Across the full suite, ReTeX achieves the strongest average performance
among merged methods, reaching 86.6 average accuracy and 97.5% normalized
accuracy relative to fine-tuned experts. ReTeX matches or exceeds fine-tuned
experts on several tasks such as PAWS and Winogrande, while WSC remains
challenging and some baselines obtain higher scores on that task. Overall, the
results indicate that ReTeX scales to multi-task NLP settings and recovers
expert-level performance from a single merged model with high fidelity.

5.4 Ablation study

We conduct ablation studies for further analysis. Unless specified otherwise, this
subsection follows the ViT-B/32 protocol from [71].
Integration of ReTeX with different base merged models. This abla-
tion evaluates whether recovery quality depends on the base merged checkpoint.
ReTeX is trained on top of Weight Averaging, Task Arithmetic [34], and TIES-
Merging [75], while keeping the base merge rule fixed during recovery training.
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Fig. 3: Performance and efficiency trade-offs of ReTeX. (a) Normalized accuracy
across ranks r for three base merged models (WA, TA, TIES). (b) Normalized ac-
curacy as a function of task embedding dimension demb for 8, 14, and 20 tasks with
ViT-B/32 and fixed r=256. (c) Normalized accuracy vs. normalized memory for Re-
TeX and ReTeX-E at fixed outer rank r while varying rg. Normalized memory is
computed as the storage of recovery parameters divided by the storage of all task ex-
perts.

Fig. 3a shows that using a stronger base merge improves normalized accuracy,
with larger gains at smaller recovery ranks r. This indicates that expert recov-
ery benefits from a better initialization in weight space, especially under tight
low-rank budgets.
Task embedding dimension. This ablation studies the effect of task em-
bedding dimension demb on recovery. We investigate the influence of the task
embedding dimension, demb, on the recovery performance of ReTeX. For this
analysis, we fix the rank r=256 and vary demb while evaluating on configurations
with 8, 14, and 20 tasks. Fig. 3b shows that normalized accuracy increases with
demb and then saturates. High recovery is achieved once demb is comparable to
the number of tasks, and increasing demb beyond this point yields diminishing
returns.

5.5 Efficient low-rank offset factorization

Two-stage offset generation. ReTeX uses a low-rank offset per layer, β(l)
t =

β
(l)
t,gβ

(l)
s , where β

(l)
t,g ∈ Ra×r is task-conditioned and β

(l)
s ∈ Rr×b is shared. The

dominant parameter cost comes from producing β
(l)
t,g.

ReTeX-E reduces this cost by factorizing the generator output: β
(l)
t,g =

β
(l)
t,gAβ

(l)
gB with β

(l)
t,gA ∈ Ra×rg , β(l)

gB ∈ Rrg×r, and rg < r. The final offset be-

comes β
(l)
t = (β

(l)
t,gAβ

(l)
gB)β

(l)
s .

Results. Fig. 3c fixes the outer rank r and varies rg. ReTeX-E improves the
memory–accuracy trade-off and maintains high recovery quality over a wide
range of rg. The corresponding inference memory usage is reported in Tab. 5.
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Table 5: Inference cost with CLIP ViT-B/32. Per-input inference latency and
peak VRAM usage in the 8-task vision setting with task-ID unknown, together with
average accuracy (Avg.) on ViT-B/32, measured on an NVIDIA GeForce RTX 3090.

Method Inference cost (per input) VRAM (GB) Avg.

(Static model merging)
Weight Averaging 0.0004s 1.3 66.3
Task Arithmetic [34] 0.0004s 1.3 70.8
TIES-Merging [75] 0.0004s 1.3 75.1
Consensus TA [71] 0.0004s 1.3 75.0

(Dynamic model merging)
Twin-Merging [47] 0.03s 3.2 84.0
DaWin [53] 0.63s 5.5 89.0
WEMoE [68] 0.02s 4.3 90.4
MoW-Merging [78] 0.008s 4.9 88.1

(Component selection)
ID-LoRA [32] 0.0009s 1.9 89.3
ID-EMR-Merging [33] 0.004s 1.9 90.5

ReTeX (Sample-wise) 0.05s 2.5 92.2
ReTeX (Group: B = 64) 0.0015s 2.7 92.2
ReTeX-E (Sample-wise) 0.07s 1.8 92.0
ReTeX-E (Group: B = 64) 0.0015s 2.0 92.0

5.6 Computational cost

Batch inference. ReTeX supports efficient batched execution by grouping
samples that share the same predicted task ID t̂ (Sec. 4.1). Given a batch of B
test inputs, task predictions {t̂i}Bi=1 are computed and then: (i) partition indices
by task ID, It = {i ∈ {1, . . . , B} : t̂i = t}, and for each t with |It| > 0 recover
the corresponding expert once from the single merged checkpoint; (ii) run each
sub-batch XIt through the recovered expert and scatter outputs back to the
original order. This reduces the number of recoveries to the number of unique
task IDs in the batch, K ≤ min(B, T ).
Component selection. Component-based multi-task deployment stores a shared
backbone together with task-specific components and selects components con-
ditioned on task identity. To test whether task identification plus component
selection is sufficient for a task-unknown stream, per-task LoRA adapters and
EMR-Merging components are evaluated by selecting components using pre-
dicted task IDs from Sec. 4.1. For a fair latency comparison, ID-LoRA and
ID-EMR-Merging are also evaluated under the same grouped inference protocol
as ReTeX. After predicting task IDs, samples with the same predicted task
ID are grouped and processed together with batch size B = 64. The reported
latency is the per-input inference cost, obtained by normalizing the measured
grouped latency by the batch size. In Tab. 5, these baselines use the prefix ID-.
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This comparison evaluates an alternative deployment path that combines
task identification with compact components, and clarifies when expert recovery
provides additional value beyond component selection.
Results. Tab. 5 reports latency and peak VRAM in the 8-task vision setting
without task IDs with CLIP ViT-B/32. Latency includes task identification,
offset generation, and the forward pass with the recovered parameters. Static
merging baselines are fastest (0.0004s per input) with low VRAM (1.3GB), but
accuracy remains low (66.3–75.1 Avg.). Dynamic merging baselines improve ac-
curacy (84.0–90.4) but incur higher VRAM (4.3–5.6GB) and additional latency
(0.008–0.63s) due to inference-time access to task components.

Component selection baselines reduce VRAM to 1.9GB and run quickly
(0.0009–0.004s), but accuracy remains below ReTeX (89.3–90.5 vs. 92.2 Avg.)
and deployment still depends on storing and selecting task-specific components.

ReTeX achieves the best accuracy (92.2 Avg.) with 2.5GB VRAM in the
sample-wise setting. With grouped inference at B=64, ReTeX reduces latency
to 0.0015s per input while maintaining accuracy, with a small VRAM increase to
2.7GB. ReTeX-E further reduces VRAM (1.8GB sample-wise; 2.0GB grouped)
with minor accuracy change.

6 Conclusion

In this work, instead of storing task experts during inference, we aim to recover
task experts directly from a merged model, retrieving task-expert-level perfor-
mance while removing the need for storing experts during inference. We note that
the task-specific offset between the task-expert parameters and the merged model
parameters can be recovered from the merged model. Building upon this, we in-
troduce a new model merging approach that learns to Recover Task eXperts
(ReTeX) from a merged model by predicting these offsets. Particularly, our
framework first estimates the task identity for a given input. Conditioned on the
estimated task identity, our framework generates a low-rank, task-dependent off-
set that maps the merged parameters to the corresponding expert for that input.
Experimental results across vision and NLP domains highlight the effectiveness
of ReTeX in recovering task-expert-level performance while reducing memory
overhead, compared to previous input-adaptive merging methods. We hope that
this work encourages future research on the relationship between a merged model
and task-specific models.
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