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DAMM: Decoupled Adaptive Model Merging with
Coordinate-Wise Trust Regions

Anonymous Authors1

Abstract
Merging task-specific experts from a shared back-
bone enables efficient multi-task deployment, yet
existing methods often underperform due to cross-
task parameter conflicts. We propose DAMM (De-
coupled Adaptive Model Merging), a high-fidelity
model merging framework that partitions the pa-
rameter space into a shared mergeable subspace
and task-specific residuals, thereby reducing in-
terference while preserving task functionality. At
test time, DAMM employs a distillation-based
procedure to jointly learn an adaptive mask and
a shared subspace. The resulting shared update
is constrained by coordinate-wise trust regions
defined by the task-specific experts, which sup-
presses harmful extrapolation and stabilizes merg-
ing across diverse tasks. This decoupling also
makes the remaining task-specific residuals easy
to store: although DAMM keeps residuals for
each task, they are highly quantization-resilient.
On a 20-task ViT-B/32 merge, 2-bit residual quan-
tization retains 96.4% of full-precision perfor-
mance (86.3% vs. 89.5%) at a cost of only 26.0
MB in extra storage. Across 20 vision and 7
NLP tasks spanning ViT, RoBERTa, and GPT-
2, DAMM matches over 98% of the correspond-
ing task-specific accuracy and outperforms strong
merging baselines by up to 11% in absolute accu-
racy. Code will be released upon acceptance.

1. Introduction
In recent years, large-scale pretrained models have provided
general-purpose representations and strong initialization,
enabling the community to obtain high-performing task-
specific expert models at relatively low cost via fine-tuning
(Ilharco et al., 2022b; Wortsman et al., 2022b; Paul & Chen,
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2022; Zhou et al., 2025). As the number of tasks continues
to grow, the paradigm of “one fine-tuned expert per task,
stored and deployed separately” imposes an increasingly
pronounced systemic burden: many task experts share the
same pretrained backbone capability, yet exist as indepen-
dent parameter copies, causing the costs of model storage,
distribution, and version maintenance to grow with task
scale, and fragmenting capabilities across multiple isolated
experts, which hinders efficient reuse.

Against this backdrop, model merging provides a direct
path: it aims to integrate multiple task experts into a single
model, thereby reusing existing expert capabilities without
retraining and reducing the storage and deployment over-
head of maintaining many models in parallel (Wortsman
et al., 2022a; Matena & Raffel, 2022; Ortiz-Jimenez et al.,
2023; Dimitriadis et al., 2023). In common settings, task-
specific capability can be represented as the parameter delta
of a fine-tuned model relative to the pretrained model (i.e.,
a task vector). However, when multiple task vectors are
aggregated directly, parameter conflicts often arise: dif-
ferent tasks produce inconsistent or even opposite updates
along certain parameter dimensions, pushing the merged
weights away from the low-loss basin around the pretrained
solution and leading to substantial performance degradation
(Ainsworth et al., 2022; Xu et al., 2024; Stoica et al., 2023).

To mitigate parameter conflicts, prior work follows two main
directions. Conflict-aware pruning improves robustness by
removing conflict parameters (Yadav et al., 2023; Yu et al.,
2024; Huang et al., 2024; Du et al., 2024; Wang et al., 2024).
Coefficient-based fusion learns task- or layer-wise weights,
enabling more flexible composition in a data-free scenario
(Matena & Raffel, 2022; Jin et al., 2022; Yang et al., 2023;
Akiba et al., 2025).

Building on these paradigms, several recent studies in the
supplementary material have proposed more specialized
strategies to further refine the merging process. For instance,
SASA enhances representation capacity by generating high-
rank updates through sparse fine-tuning in the spectral do-
main, while CASS adopts a pruning-centric perspective, uti-
lizing contribution-based metrics to mask specific functional
units like attention heads. However, when tasks are highly
heterogeneous, stronger suppression typically stabilizes ag-
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gregation but can also attenuate task-specific knowledge
(Marczak et al., 2025; Stoica et al., 2023; Qu & Horvath,
2024). Moreover, when labeled data are unavailable, adap-
tation merging without explicit geometric constraints can
drift away from the low-loss region near experts, leading
to performance drops (Frankle et al., 2020; Ortiz-Jimenez
et al., 2023; Sun et al., 2025b). This leaves an open gap for
approaches that preserve expert specialization while main-
taining stable merging under data-free constraints.

To address these challenges, we propose DAMM, which
formulates model merging as a dual process of structured
parameter selection and constrained updates. DAMM learns
a structural mask to partition parameters into two distinct
components: a shared subspace for cross-task fusion and a
task-specific residual for isolating non-mergeable features.
This decomposition aggregates cross-task consensus while
shielding conflict-prone dimensions, effectively mitigating
the interference caused by indiscriminate mixing (Marczak
et al., 2025; Stoica et al., 2023; Qu & Horvath, 2024). Fur-
thermore, we introduce an expert-induced coordinate-wise
trust region (CWTR) to stabilize the merging process. By
limiting update magnitudes within the mergeable space, this
constraint prevents the model from drifting away from the
low-loss regions of individual experts (Frankle et al., 2020;
Ortiz-Jimenez et al., 2023; Sun et al., 2025b). Finally, we
observe that the task-private residuals exhibit a highly com-
pact distribution. This property allows for high-fidelity per-
formance even under low-bit representations, significantly
reducing the incremental storage cost for multi-task scaling.

In summary, our main contributions are three-fold:

• We propose DAMM, a high-fidelity merging frame-
work that decomposes expert updates into a shared
mergeable component and task-specific residuals.
This structured decoupling explicitly isolates conflict-
prone dimensions during aggregation, mitigating cross-
task parameter conflicts while better preserving task-
specialized functionality.

• We introduce an expert-induced CWTR constraint to
guide the optimization of the shared mergeable up-
date. By restricting updates to remain within the range
supported by the input experts, the constraint reduces
uncontrolled drift from the expert low-loss region, im-
proving stability under substantial task heterogeneity.

• On 27 tasks (20 vision, 7 NLP) across ViT, RoBERTa,
and GPT-2, DAMM attains > 98% expert-relative ac-
curacy on average and improves over strong merging
baselines by up to 11% in absolute accuracy.

2. Related Work
Weight Aggregation and Conflict Mitigation. Early model
merging mainly uses weighted averaging to balance tasks
(Wortsman et al., 2022a; Ilharco et al., 2022a). Later
work improves robustness via importance-aware weight-
ing (Matena & Raffel, 2022) and fine-grained adaptation
at the layer/sample/parameter level (Yang et al., 2023; Lee
et al., 2025; Ye et al., 2025; Jin et al., 2022; Camacho et al.,
2024). To further mitigate interference, pruning and sign-
consensus methods have been proposed to filter conflicting
parameters (Yadav et al., 2023; Yu et al., 2024; Huang et al.,
2024; Du et al., 2024; Sun et al., 2025a). However, these
approaches still yield a single merged model. Under sys-
tematic conflicts, they enforce stronger compromises and
may discard task-specific parameters, degrading fidelity. Re-
cent work therefore separates task updates in weight space:
AWD (Xiong et al., 2024) extracts a redundant component
to encourage task-vector orthogonality. In contrast, DAMM
decomposes experts into a mergeable shared subspace and
task-specific residuals, isolating interference without irre-
versible parameter removal.

Representation Shift. Model merging can perturb fine-
tuned representation distributions, leading to representation
bias and performance degradation (Du et al., 2024; Yan
et al., 2025; Nobari et al., 2025). Existing solutions typically
fall into two categories: (i) post-hoc repair methods that
recalibrate statistics or add alignment steps (e.g., REPAIR
(Jordan et al., 2022) and Surgery (Yang et al., 2024a;b)), and
(ii) procedural interventions that suppress conflicts during
merging (e.g., MaTS (Tam et al., 2023) and APGD (Wei
et al., 2025)). Unlike pipelines that depend on separate
repair/alignment stages, DAMM internalizes representation
stability within a test-time adaptation objective (Wang et al.,
2020; 2022; Du et al., 2025; Tan et al., 2025). Concretely, it
adapts the merged model on unlabeled streams by aligning
task-general knowledge into the shared space while limiting
unnecessary changes to task-specific components, thereby
mitigating representation drift with low overhead.

Geometric Constraints. From a loss-landscape perspec-
tive, merging succeeds when the merged solution lies in a
low-loss region supported by the expert models. Re-basin
(Ainsworth et al., 2022) and its variants (Imfeld et al., 2023;
Xu et al., 2024; Rinaldi et al., 2025) remove geometric
barriers via permutation alignment, while FW Merging
(Chen et al., 2025) uses the Frank-Wolfe algorithm to it-
eratively search for feasible solutions in restricted model
spaces. Building on this line of work, DAMM introduces
expert-defined feasible regions and enforces per-parameter
convex-hull constraints, so that test-time adaptation updates
remain within expert-induced parameter regions by construc-
tion. Compared to coarse-grained global constraints, this
fine-grained geometric control improves merging stability
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and robustness under strong distribution shifts.

3. Decoupled Adaptive Model Merging
3.1. Problem Setup and Task Vectors

Consider a pretrained model with parameters θ0 ∈ Rd. Fine-
tuning θ0 on T downstream tasks yields a set of task-specific
experts {θt}Tt=1. We define the task vector for task t as:

τt = θt − θ0. (1)

Task-conditional setting. We focus on a task-conditional
scenario where each unlabeled test stream is associated
with a known task identity t. Consequently, our objective
is not to derive a single unified parameter vector θmerged,
but rather to construct a family of task-conditional models
{θDAMM

t }Tt=1 with a shared subspace. While task identity
acquisition is a critical component of end-to-end systems, it
remains orthogonal to our proposed parameterization and
adaptation mechanisms. To isolate the intrinsic effects of
model merging and test-time adaptation, we follow the stan-
dard convention of assuming task identities are provided at
inference time.

Task-agnostic linear merging baseline. A common task-
agnostic baseline merges multiple experts into a single pa-
rameter vector θmerged, which is defined as follows:

θmerged = θ0 +

T∑
t=1

λtτt,

T∑
t=1

λt = 1, λt ≥ 0. (2)

This formulation compresses disparate task updates into a
unified parameter space, often leading to suboptimal perfor-
mance when tasks conflict.

3.2. Decoupled Parameterization

A key challenge in cross-task merging is that task vectors
{τt}Tt=1 may conflict in the parameter space. As a result,
naive averaging can cancel useful information and degrade
expert performance. To mitigate this issue, we decompose
each task vector, coordinate-wise, into a mergeable shared
component and a non-mergeable task-specific residual.

We introduce a learnable binary mask M ∈ {0, 1}d to select
which coordinates are shared. When Mi = 1, the i-th
coordinate is assigned to the shared component; when Mi =
0, it remains task-specific. For task t, DAMM defines the
task-conditional parameters as follows:

θDAMM
t = θ0 +M ⊙ Vshared + (1−M)⊙ τt, (3)

where Vshared ∈ Rd is a shared space and ⊙ denotes
element-wise multiplication. To provide a warm start,
Vshared is initialized as the mean of the task vectors,
1
T

∑T
t=1 τt, and is subsequently refined on the unlabeled

target stream.

Parameter efficiency To achieve coordinate-wise control,
a straightforward alternative involves maintaining per-task
gating vectors ut ∈ Rd, which is expressed as follows:

θ = θ0 +

T∑
t=1

ut ⊙ τt. (4)

This strategy incurs an additional parameter cost of O(Td)
along with substantial adaptation overhead. In contrast,
DAMM utilizes a single shared vector Vshared and mask
logits as detailed in Section 3.3. This design yields a total
overhead of O(d) that remains independent of the number
of tasks T .

3.3. Adaptive Mask Learning with STE

Since binary masks are non-differentiable, we parameterize
the selection process using learnable logits ϕ ∈ Rd. We
first compute a continuous approximation of the mask by
applying the sigmoid function σ to these logits. The soft
mask is defined as:

Ms = σ(ϕ). (5)

Based on this continuous representation, we derive a discrete
hard mask through a fixed thresholding operation. This
transformation is expressed as:

Mh = I (Ms > 0.5) , (6)

where I denotes the indicator function. To facilitate discrete
selection in the forward pass while maintaining gradient
flow for backpropagation, we employ the straight-through
estimator (STE), and the resulting mask is formulated as:

M = Ms + sg [Mh −Ms] , (7)

where sg[·] denotes the stop-gradient operation which pre-
vents gradient updates from flowing through the Mh.

3.4. Coordinate-Wise Trust Regions

Unlabeled test-time adaptation can cause drift in Vshared,
which may degrade the fidelity of {θDAMM

t }Tt=1. To miti-
gate this effect, we impose a CWTR induced by {τt}Tt=1

and project each update back to the region. For each coordi-
nate i ∈ {1, . . . , d}, we first aggregate the extrema across
{τt}Tt=1 as follows:

τmin
i = min

t
τt,i, τmax

i = max
t

τt,i. (8)

We then define the center and radius as follows:

ci =
τmin
i + τmax

i

2
, ri =

τmax
i − τmin

i

2
, (9)

Based on these, we construct an α-scaled interval:

Ci(α) =
[
ci−αri, ci+αri

]
, C(α) =

d∏
i=1

Ci(α). (10)
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Figure 1. Overview of the DAMM framework. (a) A learned binary mask M partitions parameters into shared and task-specific regions to
mitigate inter-task interference. (b) The shared space Vshared is optimized subject to expert constraints, facilitating cross-task transfer.

Here, α > 0 scales the trust region, with α < 1 shrinking
the region and α > 1 expanding it.

Motivation and advantages. This construction is moti-
vated by two considerations. First, any coordinate-wise
convex combination of {τt}Tt=1 with non-negative weights
summing to one must lie between the per-coordinate min-
imum and maximum across tasks. Therefore, C contains
the coordinate-wise convex hull and provides a conserva-
tive safe set for unlabeled adaptation. Second, unlike task-
or layer-level merging with a single coefficient per task or
layer, CWTR allow parameter-level flexibility. They en-
able sharing and adapting transferable coordinates while
constraining conflicting ones within expert-induced bounds,
thereby reducing negative transfer.

Projected update. Given the current Vshared, the opti-
mization process begins with an unconstrained gradient step
as follows:

Ṽ = Vshared − η∇L(Vshared) , (10)

and the resulting intermediate vector is subsequently pro-
jected onto C(α) in the following manner:

Vshared ← ΠC(α)(Ṽ ), (11)[
ΠC(α)(v)

]
i
= min{max{vi, ci − αri}, ci + αri}. (12)

This projection is a closed-form element-wise clipping op-
eration with a computational complexity of O(d).

3.5. Objective: Distillation and Regularization

On the unlabeled target stream, the shared parameters
Vshared and the mask logits ϕ are jointly optimized.

Efficient teacher selection. Under the task-conditional
setting, the corresponding task expert θt serves as the teacher
for distillation. Consequently, each update step requires only
a single teacher forward pass. This approach ensures that
the teacher computation remains constant and independent
of the total number of tasks T .

Feature distillation. To enable Vshared to effectively ac-
quire and integrate shared knowledge across multiple tasks,
the model is trained to mimic the feature representations
of task-specific experts. Let g(x; θ) ∈ Rm denote the final
output feature of the visual encode. The distillation process
is performed by matching these features through an ℓ1 loss
as follows:

Ldistill =
∥∥g(x; θDAMM

t )− g(x; θt)
∥∥
1
, (13)

where the teacher feature g(x; θt) is treated as a constant
during optimization to prevent gradient propagation through
the teacher network.

Density regularization. The mask density determines the
capacity of the shared subspace. Specifically, an insuffi-
cient number of shared coordinates leads to the incomplete
utilization of shared knowledge across tasks, whereas an
excessive number may result in parameter interference and
compromise the fidelity of specific tasks. To balance these
competing factors, the expected shared ratio is encouraged
to remain near a target density ρ as follows:

Ldens = (mean(Ms)− ρ)
2
. (14)

Entropy regularization. In single-stage joint optimiza-
tion, Msoft may saturate too early toward 0/1, degrading
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STE gradients and leading to suboptimal collapsed masks.
To keep sufficient uncertainty and plasticity during opti-
mization, a binary entropy regularizer is incorporated in the
following manner:

Lent = −
1

d

d∑
i=1

(
Ms,i logMs,i+(1−Ms,i) log(1−Ms,i)

)
.

(15)

Overall objective. The final optimization objective is de-
fined as the weighted sum of the aforementioned compo-
nents as follows:

Ltotal = Ldistill + λdensLdens + λentLent. (16)

where λdens and λent are hyperparameters controlling the
regularization strength.

4. Experiments
We evaluate DAMM across diverse NLP and CV bench-
marks to verify its efficacy across various architectures and
task scales. We compare our approach against two cate-
gories of baselines: (i) Static Merging (e.g., Weight Averag-
ing (Wortsman et al., 2022a), Task Arithmetic (TA) (Ilharco
et al., 2022a), and Ties-Merging (Yadav et al., 2023), CART
(Choi et al., 2024), Consensus (Wang et al., 2024), TSV-M
(Gargiulo et al., 2025)); and (ii) Adaptive Merging (e.g.,
AdaMerging (Yang et al., 2023) and AdaRank (Lee et al.,
2025)). Due to space constraints, we report additional com-
parisons to Fisher Merging (Matena & Raffel, 2022) and
RegMean (Jin et al., 2022) in Appendix A. Comprehen-
sive details regarding task setups, the full suite of baselines,
and hyperparameter configurations are also deferred to Ap-
pendix A.

4.1. Main Results on Natural Language Processing

Setup. We evaluate DAMM on two model families:
RoBERTa-base (encoder-only) (Liu et al., 2019) and GPT-2
(decoder-only) (Radford et al., 2019). Following Fusion-
Bench (Tang et al., 2024), we select 7 GLUE tasks and use
the publicly released single-task fine-tuned checkpoints as
experts under a unified data-free protocol. More experimen-
tal details are provided in the appendix.

Results and Analysis. Table 1 shows that DAMM
achieves the highest average among the compared methods
on both backbones (84.0% on RoBERTa; 75.9% on GPT-
2), close to the per-task expert oracle (84.8% and 76.8%,
respectively). The largest gains appear on CoLA, where
baselines can collapse (e.g., AdaMerging drops to -3.6% on
RoBERTa), while DAMM reaches 60.7%, comparable to

the individual expert (60.2%). Relative to the strongest
adaptive baseline, CART+AdaRank (Choi et al., 2024),
DAMM improves the average by +9.8 percentage points
(pp) on RoBERTa (74.2%→84.0%) and +11.0 pp on GPT-2
(64.9%→75.9%), indicating consistent benefits across two
different architectures. DAMM remains slightly below per-
task experts on a few tasks (e.g., GPT-2 QQP/RTE), but
produces a more balanced merged model.

4.2. Main Results on Computer Vision

Setup. We evaluate DAMM on two ViT backbones, ViT-
B/32 and ViT-L/14 (Dosovitskiy, 2020). Following the
standard multi-task model merging protocol (Wang et al.,
2020), we merge expert checkpoints independently fine-
tuned on diverse downstream classification tasks. To vary
task diversity and merging difficulty, we consider task suites
of 8, 14, and 20 tasks.

Results and Analysis. Table 2 shows that DAMM
achieves the best average performance among merged mod-
els across all settings and remains close to the individual-
expert. In the 20-task suite, DAMM preserves 98.7% and
99.6% of the oracle average accuracy (ViT-B/32: 89.5 vs.
90.7; ViT-L/14: 93.3 vs. 93.7), indicating strong scalability
as the number of tasks grows. In contrast, static merging
degrades substantially as the number of tasks increases. For
example, on ViT-B/32, CART drops by 7.9 pp from 8 to 20
tasks (84.7%→76.8%). In the same setting, DAMM remains
stable and widens its margin over CART from 5.9 pp to 12.7
pp. Among adaptive baselines, DAMM also improves over
CART+AdaRank, with a 3.1 pp gain on ViT-B/32 in the
20-task setting (89.5% vs. 86.4%). Per-task results and
additional comparisons are provided in Appendix B (Ta-
bles 7–12).

4.3. Hold-out Compositional Generalization

A central goal of DAMM is to learn a task-agnostic shared
space Vshared from in-distribution (ID) experts. This space
is then transferred to out-of-distrbution (OOD) tasks un-
seen during the construction of Vshared. We evaluate this
capability via task hold-out generalization.

Setup. For any task t, the merged task vector is given by
∆Wt = M ⊙ Vshared + (1 − M) ⊙ τt, where M is the
mask learned in Eq. 7, and (1−M)⊙ τt is the ID or OOD
task-specific residual associated with the current inference
task. For ViT-B/32, we run 6 random 8-of-20 splits (8 ID /
12 OOD). For GPT-2, we run 7 random 4-of-7 splits (4 ID
/ 3 OOD). We further evaluate the effect of CWTR in the
hold-out compositional generalization (Tables 13 and 14)).

ViT-B/32: CWTR is critical for held-out compositional
generalization. On ViT-B/32, CWTR is essential for

5
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Table 1. Multi-task performance on 7 NLP tasks with RoBERTa (R) and GPT-2 (G) backbones. Individual denotes single-task experts.
The best results are marked in bold.

Method CoLA SST2 MRPC QQP MNLI QNLI RTE Average

R G R G R G R G R G R G R G R G

Individual 60.2 40.8 94.0 91.2 89.2 80.4 91.4 89.6 87.2 82.0 92.7 88.3 79.1 65.3 84.8 76.8

Weight Averaging 18.1 12.1 81.9 52.5 77.9 51.0 79.6 76.7 43.8 59.3 71.1 57.6 61.7 44.8 62.0 50.6
TA 23.3 -0.2 86.6 83.6 78.7 69.6 84.0 81.8 63.7 71.9 73.0 70.5 61.0 47.3 67.2 60.6
Ties-Merging 25.0 3.3 83.5 81.8 78.7 68.4 85.2 82.8 60.7 74.3 75.8 69.6 42.2 47.7 64.4 61.1
CART 30.9 11.4 92.0 86.2 80.9 54.7 79.5 81.8 57.7 70.1 77.7 76.2 71.1 52.4 70.0 61.8

AdaMerging -3.6 5.9 92.7 79.8 77.2 70.8 82.2 81.0 78.8 68.5 79.6 67.6 66.4 46.2 67.6 60.0
TA+AdaRank 14.0 6.2 91.5 88.2 77.7 62.8 79.6 79.4 78.1 75.4 84.1 81.3 67.2 49.8 70.3 63.3
CART+AdaRank 36.4 11.5 92.8 88.5 77.2 64.7 79.6 79.8 77.5 74.5 87.5 84.7 68.2 50.2 74.2 64.9
DAMM (Ours) 60.7 38.6 94.0 91.2 89.0 80.2 88.4 88.2 86.4 81.0 92.2 88.2 77.3 64.3 84.0 75.9

Table 2. Average multi-task performance on 8, 14, 20 vision tasks
with merged ViT-B/32 and ViT-L/14. The best results are marked
in bold

Method ViT-B/32 ViT-L/14

8 14 20 8 14 20

Pretrained 48.0 59.6 56.0 65.0 68.4 65.4
Individual 91.1 89.9 90.7 94.4 93.5 94.2

Static Merging Methods

Weight Averaging 65.9 64.3 60.9 79.6 76.8 71.7
TA 69.2 65.4 61.0 84.5 79.6 74.2
Ties-Merging 72.4 65.2 62.9 86.1 79.5 75.8
Consensus-Ties 74.8 68.2 62.9 87.2 81.5 78.8
Consensus-TA 75.2 70.0 65.0 86.6 81.9 77.6
TSV-M 83.8 79.5 76.7 91.2 88.3 87.3
CART 84.7 79.5 76.8 92.6 88.0 87.9

Adaptive Merging Methods

AdaMerging 80.1 76.7 69.2 90.8 88.0 86.8
TA+AdaRank 87.9 82.1 81.4 92.9 89.4 89.1
CART+AdaMerging 85.9 82.3 82.7 93.1 90.4 91.3
CART+AdaRank 89.2 86.2 86.4 93.4 91.4 91.8
DAMM (Ours) 90.6 89.0 89.5 94.0 93.0 93.2

OOD composition ((Table 3)). Across 6 splits, the mean
OOD accuracy increases from 24.0± 6.5 without CWTR
(17.1–31.3%) to 80.3± 3.8 with CWTR (76.3–85.7%). For
example, in Exp1, OOD accuracy improves from 30.9%
to 82.9%. The gains are also consistent for the mean ac-
curacy over all 20 tasks, which rises from 42.5 ± 6.2 to
84.2±2.0, and for ID tasks, which improve from 70.3±10.0
to 90.0± 1.4. A likely cause of these sharp OOD failures
without CWTR is that an unconstrained Vshared can drift
away from expert-supported regions, leading to represen-

tation shift when it is composed with τt under the fixed
mask M . By constraining Vshared coordinate-wise to stay
at the expert-induced envelope, CWTR makes the resulting
composition more stable on held-out tasks.

Table 3. Hold-out generalization performance on ViT-B/32. Mean
accuracy (%) for ID, OOD, and all tasks over 6 random splits, with
and without CWTR. The best results are marked in bold.

DAMM Sp.1 Sp.2 Sp.3 Sp.4 Sp.5 Sp.6 Mean±Std

8 ID, w/o 76.6 80.2 70.3 63.7 76.5 54.2 70.3±10.0
8 ID, w/ 90.1 90.5 88.6 92.2 88.9 89.9 90.0±1.4

12 OOD, w/o 30.9 20.0 19.9 31.3 24.9 17.1 24.0±6.5
12 OOD, w/ 82.9 76.3 85.7 76.6 82.2 78.1 80.3±3.8

All 20, w/o 49.2 44.0 40.0 44.2 45.5 32.0 42.5±6.2
All 20, w/ 85.8 82.0 86.9 82.8 84.9 82.8 84.2±2.0

GPT-2: CWTR yields minor gains and mainly improves
robustness. On GPT-2, CWTR has a small effect (Ta-
ble 4). The mean OOD accuracy is essentially unchanged
(75.5 ± 1.9 without CWTR vs. 75.6 ± 1.9 with CWTR),
with ranges of 72.3–77.6% and 72.1–77.7%, respectively.
The mean accuracy over all 7 tasks also differs only slightly,
increasing from 73.5± 1.7 to 73.8± 1.3. Consistent with
our experimental observations, GPT-2 fusion relies more on
a high-density shared component across most layers, while
residuals contribute little in many layers; consequently,
Vshared tends to stay near a good solution region in the
full parameter space even without CWTR, so CWTR mainly
provides a mild robustness constraint.

4.4. Effect of Decoupling on Merging

We ablate decoupling to assess how removing the explicit
residuals affects merging, and we also examine the role of
CWTR in stabilizing this non-decoupled variant.
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Table 4. Hold-out generalization performance on GPT-2. Mean
accuracy (%) for ID, OOD, and all tasks over 7 random splits, with
and without CWTR. The best results are marked in bold.

DAMM Sp.1 Sp.2 Sp.3 Sp.4 Sp.5 Sp.6 Sp.7 Mean±Std

4 ID w/o 74.8 67.2 74.1 72.0 68.8 73.7 73.7 72.0±2.9
4 ID w/ 74.2 68.0 74.0 72.6 71.5 73.5 73.7 72.5±2.2

3 OOD w/o 76.5 76.8 74.1 72.3 76.6 74.6 77.6 75.5±1.9
3 OOD w/ 76.3 77.1 74.2 72.1 76.5 75.0 77.7 75.6±1.9

All 7 w/o 75.5 71.3 74.1 72.2 72.1 74.1 75.4 73.5±1.7
All 7 w/ 75.1 71.9 74.1 72.4 73.6 74.2 75.4 73.8±1.3

Non-decoupled merging. We consider a baseline without
decoupling that applies the shared space Vshared alone and
does not use the task-specific residuals (1−M)⊙τt. Table 5
reports mean accuracy (%) over 6 random 8-of-20 splits,
and per-task results are provided in Appendix B (Table 15).
Merging without decoupling is unstable on held-out tasks.
Without CWTR, the mean OOD accuracy is 14.4± 5.9, and
All 20 drops to 22.0% in Exp6. Adding CWTR substantially
improves robustness, increasing the mean OOD accuracy
to 49.6± 6.5 and the All 20 mean to 59.8± 3.7, with Exp6
improving from 22.0% to 58.6%. The per-task results in
Appendix B further show that CWTR mitigates severe fail-
ures on multiple OOD tasks. Despite these gains, merging
without decoupling remains far below the complete DAMM
model under the same split protocol (Table 3: 82.0–86.9%
on All 20). This gap suggests that CWTR mainly prevents
degenerate merged solutions, while decoupling and task-
specific residuals are critical for reliable composition across
diverse experts.

Table 5. Hold-out generalization performance on ViT-B/32. Mean
accuracy (%) for ID, OOD, and all tasks over 6 random splits,
evaluated under non-decoupled configurations with and without
CWTR. The best results are marked in bold.

Non-decoupled Sp.1 Sp.2 Sp.3 Sp.4 Sp.5 Sp.6 Mean±Std

8 ID, w/o 62.1 64.5 58.6 42.4 65.8 37.1 55.1±12.5
8 ID, w/ 73.1 78.9 68.2 78.1 78.3 74.2 75.1±4.4

12 OOD, w/o 23.0 9.9 12.6 19.4 9.4 12.0 14.4±5.9
12 OOD, w/ 55.4 38.3 50.7 49.4 55.6 48.1 49.6±6.5

All 20, w/o 38.6 31.7 31.0 28.6 32.0 22.0 30.6±5.4
All 20, w/ 62.5 54.5 57.7 60.9 64.7 58.6 59.8±3.7

4.5. Sensitivity Analysis of Fusion Hyperparameters

To understand the stability of our fusion procedure and
guide hyperparameter selection, we conduct a sensitivity
analysis on the two key controls: the density target p and
the trust-region scale α. Figure 3 analyzes how p and α

affect both the average accuracy (Avg Acc) and the mean
fusion ratio on ViT-B/32 across eight tasks (SUN397, Cars,
RESISC45, EuroSAT, SVHN, GTSRB, MNIST, and DTD).
Decreasing p steadily improves Avg Acc, reaching its best
performance around p ∈ [0.4, 0.7], but it simultaneously
suppresses fusion: the Mean Fusion Ratio remains high for
p ≥ 0.6 and drops sharply once p ≤ 0.5. Varying α reveals
a more pronounced trade-off: while larger α monotonically
increases the Mean Fusion Ratio toward saturation (≈ 99%),
Avg Acc is stable for α ≤ 1 and then degrades rapidly for
α > 10. Overall, these trends indicate a clear performance–
fusion trade-off, with a robust operating region around p ≈
0.6–0.7 and α ≤ 1 that maintains near-peak accuracy while
preserving substantial fusion. Unless otherwise specified,
we use p = 0.8 and α = 1 in all experiments.
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Figure 3. Hyperparameter sensitivity of the density target p and
trust-region scale α

4.6. Analyzing Fusion Ratios and Sensitive Layers

To identify where task-specific capacity is most critical,
we examine layer-wise fusion amenability as task density
increases. We define the fusion ratio as the fraction of
fusible coordinates per layer, and the mean fusion ratio as
its average across all layers.

Figure 2 shows that ViT-B/32 exhibits extensive sharing,
with the mean fusion ratio consistently exceeding 93%.
However, increasing task density induces a steady decline
in fusibility (94.47%→ 93.97%), primarily driven by MLP
and projection modules. For instance, resblocks.7.
mlp_proj exhibits a significant drop of ∆ = −7.7%,
identifying it as a primary bottleneck for reliable merging.
Notably, this sensitivity is capacity-dependent: comparative
analysis with ViT-L/14 (see Appendix B) reveals that larger
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Figure 2. Fusion dynamics of ViT-B/32 across task densities: (a) layer-wise fusion-ratio distribution; (b) decreasing mean fusion ratio as
task density increases; (c) the most sensitive layers with significant shifts, ∆ denotes the ratio change from 8 to 20 tasks (red for decrease).

models maintain a more robust and expansive shared sub-
space (M ⊙ Vshared) under high task density. This suggests
that increased model capacity inherently mitigates parame-
ter conflicts through more flexible overlap, whereas smaller
models require more structured task-specific isolation to
maintain stability.

4.7. Quantization of Task Vectors and Residuals

DAMM stores a task-specific residual for each task. This
makes per-task storage a scalability bottleneck. To mitigate
this issue, we quantize the task representation using uniform
per-tensor asymmetric min–max quantization. We evaluate
ViT-B/32 on 8, 14, and 20 tasks. We compare Full Quantiza-
tion (FQ) of task vectors with Residual Quantization (RQ)
of task-specific residuals. As shown in Table 6, RQ is more
robust at 2-bit. It improves over FQ by 0.22, 0.29, and 0.32
pp in average accuarcy. This is expected because residuals
typically have a narrower effective range, which reduces
distortion under aggressive quantization. The gap vanishes
at 3-bit and above. Quantizing residuals to 2-bit gives a the-
oretical 16× reduction in per-task residual storage relative
to FP32, excluding quantization metadata. It also remains
close to CART+AdaRank. The gaps are 0.40, 0.03, and
0.15 pp for 8, 14, and 20 tasks. For ViT-B/32 (≈344 MB
FP32), using mean fusion ratios of 94.47%/94.17%/93.97%,
the 2-bit residual overhead totals only 9.5/17.6/26.0 MB for
8/14/20 tasks, which is negligible relative to the backbone.

5. Conclusion
In this paper, we propose DAMM, a high-fidelity model
merging framework. To mitigate cross-task interference,
DAMM decomposes model parameters into a mergeable

Table 6. Quantization performance (Avg. Acc %) on ViT-B/32.
FQ and RQ denote Full and Residual Quantization, respectively.

Tasks Method 2-bit 3-bit 4-bit 8-bit

8 FQ 88.58 90.66 90.61 90.59
RQ 88.80 90.66 90.60 90.59

14 FQ 85.88 89.04 89.02 89.00
RQ 86.17 89.04 89.02 89.01

20 FQ 85.93 89.49 89.48 89.47
RQ 86.25 89.48 89.50 89.47

shared subspace and lightweight task-specific residuals.
Evaluated on 20 vision and 7 NLP tasks across architectures,
DAMM achieves performance close to task-specific experts
and outperforms strong baselines. Our analysis shows that
most layers exhibit high fusion ratios, while a small set of
MLP modules becomes increasingly sensitive as the num-
ber of tasks grows, indicating that task-specific corrections
are localized. Ultimately, DAMM establishes a practical
roadmap for continual model merging, demonstrating that a
shared subspace augmented with task-specific residuals can
effectively sustain high performance on new, OOD tasks.

Impact Statement
The DAMM framework enhances multi-task integration
in both performance and resource efficiency by reframing
model merging as a structured decoupling process. By isolat-
ing a universal shared subspace and retaining only minimal
task-specific residuals, our approach achieves strong per-
formance recovery while substantially reducing the storage
overhead associated with large-scale model ensembles. This
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supports broader goals in environmental sustainability and
Green AI. Moreover, this “shared-plus-residual” paradigm
provides a robust foundation for continual model merging,
enabling foundation-model systems to evolve and integrate
new functionalities at minimal resource cost. As a founda-
tional study focused on architectural optimization, we do
not anticipate any immediate negative societal impacts.
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DAMM: Decoupled Adaptive Model Merging with Coordinate-Wise Trust Regions

A. Experimental Details
A.1. Implementation Details

All experiments are conducted on a single NVIDIA RTX A6000 GPU (48GB) using a unified codebase. All task experts
directly utilize publicly available fine-tuned checkpoints. Each task is represented by a task vector, defined as the parameter
difference between the expert and a shared pre-trained backbone. During the optimization process, all task-specific
classification heads are frozen; we only optimize the adaptive masks and shared subspaces following the objective in Eq. 16.
We set the regularization strengths to λdens = 10−2 and λent = 10−4, with a target density of ρ = 0.8. Optimization is
performed using the Adam optimizer (β = (0.9, 0.999)) for 6000 iterations, with distinct learning rates of 1 × 10−4 for
shared parameters and 1× 10−3 for mask parameters. We employ a batch size of 8 per task, a validation batch size of 64,
and automatic mixed precision (bfloat16) to improve throughput.

A.2. Benchmarks and Evaluation Protocol

Computer Vision. For vision benchmarks, we follow standard model merging evaluation protocols using CLIP Vision
Transformer backbones (ViT-B/32 and ViT-L/14) (Radford et al., 2021). We evaluate across three scaling scenarios, ensuring
fair comparison by adopting benchmark configurations from prior work (Lee et al., 2025):

• 8-task benchmark: Consists of Cars (Krause et al., 2013), DTD (Cimpoi et al., 2014), EuroSAT (Helber et al., 2019),
SVHN (Netzer et al., 2011), GTSRB (Stallkamp et al., 2011), MNIST (Yann, 1998), SUN397 (Xiao et al., 2016), and
RESISC45 (Cheng et al., 2017).

• 14-task benchmark: Extends the 8-task benchmark with CIFAR100 (Krizhevsky et al., 2009), STL10 (Coates et al.,
2011), Flowers102 (Nilsback & Zisserman, 2008), OxfordIIITPet (Parkhi et al., 2012), PCAM (Veeling et al., 2018),
and FER2013 (Goodfellow et al., 2013).

• 20-task benchmark: Further incorporates EMNIST (Cohen et al., 2017), CIFAR10 (Krizhevsky et al., 2009), Food101
(Bossard et al., 2014), FashionMNIST (Xiao et al., 2017), RenderedSST2 (Socher et al., 2013), and KMNIST (Clanuwat
et al., 2018).

Natural Language Processing. Following the setting from FusionBench (Tang et al., 2024), we merge seven fine-tuned
weights for text classification tasks: CoLA (Warstadt et al., 2019), SST-2 (Socher et al., 2013), MRPC (Dolan & Brockett,
2005), QQP (Sharma et al., 2019), MNLI (Williams et al., 2018), QNLI (Rajpurkar et al., 2016), and RTE (Dagan et al.,
2005). We report the Matthews correlation coefficient for CoLA and accuracy for all other tasks.

B. Detailed Experimental Results
A comparative analysis of Figure 2 and Figure 4 shows a clear capacity-dependent difference in merging dynamics between
ViT-B/32 (86M) and ViT-L/14 (304M). For ViT-B/32, the mean merging ratio decreases monotonically as task density
increases (94.47%→ 94.17%→ 93.97%), and the most sensitive layers exhibit consistently negative changes from 8 to
20 tasks (e.g., resblocks.7.mlp proj: ∆ = −7.7%; resblocks.5.mlp proj: ∆ = −5.4%). In contrast, ViT-L/14 maintains a
higher and more robust merging ratio with a non-monotonic trend (93.32%→ 95.7%→ 94.62%). This spike at 14 tasks
is likely influenced by the particular task set composition, but the overall behavior remains more robust as task density
increases. ViT-L/14 also shows both negative and positive shifts in sensitive layers, most notably token embedding with
∆ = +49.8%. Overall, these results suggest that increased model capacity supports a larger Vshared, making merging less
sensitive to higher task density.
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DAMM: Decoupled Adaptive Model Merging with Coordinate-Wise Trust Regions

Table 7. Multi-Task performance comparison on 8 Vision Tasks with Merged ViT-B/32.

Method SUN397 Cars RESISC45 EuroSAT SVHN GTSRB MNIST DTD Avg.

Pretrained 62.3 59.7 60.7 45.5 31.4 32.6 48.5 43.8 48.1
Individual 79.5 78.2 95.9 99.9 97.6 99.1 99.7 79.0 91.1
Traditional MTL 73.9 74.4 93.9 98.2 95.8 98.9 99.5 77.9 89.1

Weight Averaging 65.2 63.4 71.5 71.9 64.2 52.8 87.5 50.7 65.9
Fisher Merging 68.6 69.2 70.7 66.4 72.9 51.1 87.9 59.9 68.3
RegMean 65.3 63.5 75.6 78.6 78.1 67.4 93.7 52.0 71.8
Task Arithmetic 55.2 54.9 66.7 78.9 80.2 69.7 97.3 50.4 69.2
Ties-Merging 59.8 58.6 70.7 79.7 86.2 72.1 98.3 54.2 72.5
Consensus-Ties 62.5 61.8 76.3 81.6 82.0 80.5 97.3 56.0 74.8
Consensus-TA 63.9 62.2 76.1 84.2 84.2 76.6 97.4 57.5 75.2
TSV-M 67.2 70.8 86.3 94.6 91.0 92.3 99.3 68.9 83.8
CART 68.5 73.0 88.3 95.8 87.8 93.4 99.1 72.1 84.7

AdaMerging 64.5 68.1 79.2 93.8 87.0 91.9 97.5 59.1 80.1
AdaMerging++ 66.6 68.3 82.2 94.2 89.6 89.0 98.3 60.6 81.1
TA+AdaRank 71.1 79.1 91.3 97.2 94.2 98.3 99.2 72.7 87.9
CART+AdaMerging 69.5 75.1 89.3 95.7 93.0 96.8 98.9 68.4 85.8
CART+AdaRank 72.1 78.9 93.3 98.4 95.6 98.8 99.4 76.9 89.2
DAMM (Ours) 78.1 76.0 95.3 99.8 97.5 99.2 99.7 79.2 90.6

Table 8. Multi-Task performance comparison on 14 Vision Tasks with Merged ViT-B/32. The best results are highlighted in bold.

Method SUN397 Cars RESISC45 EuroSAT SVHN GTSRB MNIST

Pretrained 62.3 59.7 60.7 45.5 31.4 32.6 48.5
Individual 79.5 78.2 95.9 99.9 97.6 99.1 99.7

Weight Averaging 64.2 60.7 67.2 64.6 49.4 43.5 76.2
Task Arithmetic 63.9 59.5 67.5 67.7 52.9 47.0 80.8
Ties-Merging 65.1 61.8 68.3 63.7 51.3 45.9 80.0
Consensus-Ties 63.6 58.8 69.7 71.9 56.2 61.2 88.3
Consensus-TA 62.8 54.8 68.5 76.0 69.3 63.0 93.5
TSV-M 66.3 62.1 81.2 91.7 82.4 83.6 98.8
CART 68.3 60.6 86.1 91.3 72.7 82.6 98.1

AdaMerging 64.3 68.5 81.7 92.6 86.6 90.8 97.5
TA+AdaRank 69.2 77.3 91.3 95.9 94.1 97.1 99.1
CART+AdaMerging 67.4 72.5 87.8 96.0 90.9 95.6 98.6
CART+AdaRank 70.7 77.0 91.1 98.7 94.4 97.8 99.3
DAMM (Ours) 77.1 75.2 94.6 99.6 97.4 99.2 99.7

Method DTD CIFAR100 FER2013 Flowers102 OxfordIIITPet PCAM STL10

Pretrained 43.8 64.2 39.0 66.3 87.4 60.6 97.1
Individual 79.0 89.3 72.9 90.4 91.3 87.9 98.0

Weight Averaging 47.2 69.8 41.6 68.2 88.1 61.9 97.2
Task Arithmetic 48.2 69.6 42.9 67.6 87.5 63.2 96.7
Ties-Merging 48.7 69.7 42.4 68.1 88.0 62.1 97.2
Consensus-Ties 51.8 67.9 45.4 65.7 86.2 72.3 45.3
Consensus-TA 52.4 66.6 45.3 68.3 86.9 77.0 95.6
TSV-M 64.6 72.0 62.3 75.3 90.4 84.5 97.2
CART 67.7 75.6 60.9 81.6 90.2 79.7 97.6

AdaMerging 60.2 67.3 53.1 73.8 87.9 53.8 96.3
TA+AdaRank 72.5 75.6 45.4 82.1 92.2 59.5 97.5
CART+AdaMerging 71.2 71.5 60.0 80.5 87.8 75.6 96.3
CART+AdaRank 75.6 79.4 61.4 89.1 91.7 83.0 97.7
DAMM (Ours) 78.6 88.0 70.4 87.9 91.4 88.8 98.2
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Table 9. Multi-Task performance comparison on 20 Vision Tasks with Merged ViT-B/32. The best results are highlighted in bold.

Method SUN397 Cars RESISC
45 EuroSAT SVHN GTSRB MNIST DTD CIFAR

100
FER
2013

Pretrained 62.3 59.7 60.7 45.5 31.4 32.6 48.5 43.8 64.2 39.0
Individual 79.5 78.2 95.9 99.9 97.6 99.1 99.7 79.0 89.3 72.9

Weight Averaging 59.6 46.0 56.3 41.3 70.0 64.6 64.0 69.3 66.9 66.5
Task Arithmetic 64.1 59.4 64.6 56.6 47.3 41.4 70.5 46.2 69.2 41.0
Ties-Merging 64.5 57.0 68.8 59.4 48.7 48.0 78.3 49.5 70.6 43.3
Consensus-Ties 64.4 58.9 67.2 54.4 51.1 47.9 77.5 48.4 67.6 96.3
Consensus-TA 63.6 52.5 65.3 64.1 63.1 52.6 88.0 49.1 65.6 42.0
TSV-M 64.3 52.0 75.9 87.1 75.2 76.8 94.6 61.1 68.1 58.2
CART 65.3 38.1 81.3 88.7 70.0 77.4 96.2 64.6 73.7 59.9

AdaMerging 62.1 66.3 78.7 92.1 72.7 90.6 93.6 57.6 66.3 48.4
TA+AdaRank 68.1 74.4 90.7 95.6 92.0 96.0 96.9 68.5 75.6 43.8
CART+AdaMerging 67.3 71.2 86.3 96.6 88.3 95.0 96.4 71.2 72.4 54.4
CART+AdaRank 69.5 75.7 91.7 97.6 93.6 96.8 97.4 73.4 77.6 61.2
DAMM (Ours) 76.3 74.5 93.9 99.0 97.4 99.1 99.7 78.4 87.7 69.4

Method Flowers
102

Oxford
IIITPet PCAM STL10 EMNIST CIFAR10 Food101 Fashion

MNIST
Rendered

SST2 KMNIST

Pretrained 66.3 87.4 60.6 97.1 17.2 89.8 82.6 63.0 58.6 9.8
Individual 90.4 91.3 87.9 98.0 99.8 97.9 89.1 95.3 74.4 98.6

Weight Averaging 87.6 62.2 40.8 31.6 92.8 81.1 70.8 60.5 8.5 47.5
Task Arithmetic 66.7 87.7 62.4 96.9 32.9 92.7 81.1 70.7 60.4 8.7
Ties-Merging 71.6 85.3 64.4 96.0 39.9 93.5 75.9 72.7 64.7 12.4
Consensus-Ties 67.1 86.9 67.0 42.8 41.0 92.4 79.4 74.9 60.8 11.4
Consensus-TA 66.4 85.9 72.6 95.4 53.4 92.3 75.1 74.7 62.7 15.6
TSV-M 71.2 88.6 84.5 96.4 95.3 93.8 77.3 85.4 70.2 57.2
CART 77.6 87.7 74.8 97.0 93.1 94.8 77.1 86.5 68.6 63.4

AdaMerging 65.7 87.0 54.6 96.6 21.5 90.5 80.7 82.9 65.0 10.8
TA+AdaRank 75.5 91.9 60.7 97.3 95.9 94.6 83.8 91.0 69.3 66.3
CART+AdaMerging 79.6 86.4 80.0 96.9 95.1 91.5 79.8 82.7 70.0 92.5
CART+AdaRank 85.6 91.7 83.8 97.5 96.6 94.8 83.6 91.0 73.5 96.0
DAMM (Ours) 86.5 91.6 88.1 98.3 99.7 97.9 88.1 94.4 71.2 98.3
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Figure 4. Fusion dynamics of ViT-L/14 across task densities: (a) layer-wise fusion-ratio distribution; (b) decreasing mean fusion ratio as
task density increases; (c) the most sensitive layers with significant shifts, ∆ denotes the ratio change from 8 to 20 tasks (red for decrease,
green for increase).
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Table 10. Multi-Task performance comparison on 8 Vision Tasks with Merged ViT-L/14. The best results are highlighted in bold.

Method SUN397 Cars RESISC45 EuroSAT SVHN GTSRB MNIST DTD Avg.

Pretrained 68.3 77.8 71.0 62.4 58.4 50.6 76.4 55.3 65.0
Individual 84.4 92.2 97.3 99.9 98.1 99.2 99.8 84.4 94.4
Traditional MTL 80.8 90.6 96.3 96.3 97.6 99.1 99.6 84.4 93.1

Weight Averaging 72.1 81.6 82.6 91.9 78.2 70.7 97.1 62.8 79.6
Fisher Merging 69.2 88.6 87.5 93.5 80.6 74.8 93.3 70.0 82.2
RegMean 73.3 81.8 86.1 97.0 88.0 84.2 98.5 60.8 83.7
Task Arithmetic 73.9 82.1 86.6 94.1 87.9 86.7 98.9 65.6 84.5
Ties-Merging 76.5 85.0 89.3 96.3 90.3 83.3 99.0 68.9 86.1
Consensus-Ties 74.9 83.6 88.7 96.6 90.5 93.2 99.1 71.1 87.2
Consensus-TA 74.5 82.2 88.8 94.2 92.6 93.3 99.2 67.8 86.6
TSV-M 78.0 90.0 93.4 99.0 94.8 96.3 99.5 78.8 91.2
CART 79.3 90.4 95.4 99.3 96.1 98.3 99.6 82.5 92.6

AdaMerging 79.0 90.3 90.8 96.2 93.4 98.0 99.0 79.9 90.8
AdaMerging++ 79.4 90.3 91.6 97.4 93.4 97.5 99.0 79.2 91.0
TA+AdaRank 80.4 92.4 94.5 98.8 96.6 99.1 99.4 82.3 92.9
CART+AdaMerging 80.1 91.5 94.7 99.3 96.8 98.9 99.5 83.6 93.1
CART+AdaRank 80.6 92.1 96.0 99.7 97.0 98.8 99.4 83.8 93.4
DAMM (Ours) 83.5 91.3 96.7 99.8 98.1 99.3 99.8 83.5 94.0

Table 11. Multi-Task performance comparison on 14 Vision Tasks with Merged ViT-L/14. The best results are highlighted in bold.

Method SUN397 Cars RESISC45 EuroSAT SVHN GTSRB MNIST

Pretrained 68.3 77.8 71.0 62.4 58.4 50.6 76.4
Individual 84.4 92.2 97.3 99.9 98.1 99.2 99.8

Weight Averaging 70.9 79.7 78.0 84.1 72.8 61.7 93.9
Fisher Merging 69.2 88.6 87.5 93.5 80.6 74.8 93.3
RegMean 73.3 81.8 86.1 97.0 88.0 84.2 98.5
Task Arithmetic 72.1 76.4 81.1 89.3 81.7 75.4 97.9
Ties-Merging 74.0 78.8 83.7 90.7 83.0 70.7 98.1
Consensus-Ties 72.1 75.6 84.6 95.4 87.8 83.4 97.9
Consensus-TA 73.5 76.8 85.4 91.4 87.3 84.7 98.7
TSV-M 75.8 86.1 92.3 98.0 93.6 94.3 99.5
CART 77.9 86.0 94.1 98.8 92.8 95.9 99.5

AdaMerging 76.4 91.2 91.0 97.7 94.5 97.2 98.9
AdaMerging++ 79.4 90.3 91.6 97.4 93.4 97.5 99.0
TA+AdaRank 78.7 92.6 94.8 98.4 95.7 98.5 99.0
CART+AdaMerging 79.8 91.8 94.5 98.2 95.2 98.1 99.1
CART+AdaRank 79.7 92.0 95.0 98.8 96.5 98.6 99.3
DAMM (Ours) 82.5 91.1 96.9 99.7 98.1 99.1 99.8

Method DTD CIFAR100 FER2013 Flowers102 OxfordIIITPet PCAM STL10

Pretrained 55.3 75.8 38.2 79.1 93.6 51.2 99.4
Individual 84.4 93.3 77.0 98.0 95.6 90.3 99.5

Weight Averaging 59.7 82.7 42.5 80.5 94.7 74.2 99.4
Fisher Merging 70.0 72.5 45.0 74.2 89.5 65.4 97.5
RegMean 60.8 75.6 52.4 81.6 90.2 79.7 97.6
Task Arithmetic 60.1 81.1 46.7 77.5 95.1 81.1 98.8
Ties-Merging 62.1 82.7 49.6 66.6 94.7 80.1 98.9
Consensus-Ties 65.5 80.4 47.5 76.7 94.4 80.7 98.5
Consensus-TA 62.9 80.7 51.4 76.9 95.3 82.6 98.6
TSV-M 74.5 85.6 69.0 87.9 96.1 83.9 99.5
CART 78.7 87.2 66.1 90.3 96.0 79.0 99.6

AdaMerging 79.5 84.3 49.5 95.1 95.5 82.4 99.1
AdaMerging++ 79.2 87.1 66.0 89.2 92.5 87.0 98.9
TA+AdaRank 79.9 86.9 52.1 93.3 96.1 86.8 99.4
CART+AdaMerging 82.0 86.8 75.2 94.5 96.5 74.7 99.4
CART+AdaRank 81.9 86.0 71.8 94.4 96.4 89.9 99.5
DAMM (Ours) 83.5 92.7 75.4 96.6 95.7 91.1 99.6

16



880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917
918
919
920
921
922
923
924
925
926
927
928
929
930
931
932
933
934

DAMM: Decoupled Adaptive Model Merging with Coordinate-Wise Trust Regions

Table 12. Multi-Task performance comparison on 20 Vision Tasks with Merged ViT-L/14. The best results are highlighted in bold.

Method SUN397 Cars RESISC
45 EuroSAT SVHN GTSRB MNIST DTD CIFAR

100
FER
2013

Pretrained 68.3 77.8 71.0 62.4 58.4 50.6 76.4 55.3 75.8 38.2
Individual 84.4 92.2 97.3 99.9 98.1 99.2 99.8 84.4 93.3 77.0

Weight Averaging 70.3 78.6 76.2 79.0 70.8 59.0 92.6 58.1 82.6 40.6
Task Arithmetic 71.3 76.6 77.8 82.9 75.6 65.4 95.8 59.3 81.8 41.9
Ties-Merging 72.5 75.4 79.3 82.6 78.8 64.7 96.6 60.2 80.7 44.8
Consensus-TA 72.6 76.2 82.4 86.9 82.1 76.7 97.4 61.6 80.5 45.4
Consensus-Ties 72.1 71.5 80.6 85.1 82.5 78.5 96.1 63.1 77.4 44.5
TSV-M 74.4 81.1 90.6 96.3 90.0 90.8 97.3 71.4 82.4 63.9
CART 76.3 75.3 92.4 97.9 89.9 94.1 98.5 76.1 84.8 62.5

AdaMerging 75.2 90.7 91.4 97.6 88.6 97.0 97.7 74.0 83.2 47.9
TA+AdaRank 77.3 91.7 94.7 97.4 93.2 98.1 98.0 75.9 85.0 54.4
CART+AdaMerging 79.3 91.1 93.8 98.4 93.9 97.5 97.7 81.4 85.9 74.1
CART+AdaRank 79.9 91.5 94.7 98.6 94.8 98.2 97.4 80.4 86.5 70.7
DAMM (Ours) 82.2 90.7 96.4 99.7 98.0 99.2 99.7 82.8 92.6 73.9

Method Flowers
102

Oxford
IIITPet PCAM STL10 EMNIST CIFAR10 Food101 Fashion

MNIST
Rendered

SST2 KMNIST

Pretrained 79.1 93.6 51.2 99.4 15.6 95.6 92.3 66.9 68.9 10.4
Individual 98.0 95.6 90.3 99.5 99.8 99.2 95.5 95.8 85.4 98.8

Weight Averaging 80.0 94.5 71.0 99.4 36.3 97.3 92.5 76.3 67.4 11.5
Task Arithmetic 78.2 94.9 76.1 99.0 55.2 97.4 90.9 80.5 66.8 17.5
Ties-Merging 69.1 94.7 75.4 98.7 75.5 97.3 90.3 82.6 69.1 28.8
Consensus-TA 77.8 95.4 81.5 98.9 82.7 97.1 90.9 84.5 70.6 34.4
Consensus-Ties 74.8 94.6 78.9 98.3 79.7 96.3 87.5 81.6 65.9 43.9
TSV-M 85.6 95.9 85.0 99.3 99.3 97.9 92.3 91.0 82.9 77.7
CART 87.9 95.8 80.7 99.3 98.5 98.3 92.6 91.8 80.0 85.8

AdaMerging 95.1 95.4 50.3 99.1 96.3 97.2 92.7 89.7 82.5 94.3
TA+AdaRank 92.0 95.9 66.3 99.3 97.5 97.8 93.8 91.6 85.7 97.0
CART+AdaMerging 95.7 96.5 79.2 99.4 98.1 97.8 93.4 91.5 85.4 96.7
CART+AdaRank 93.1 96.4 89.8 99.4 98.3 98.2 94.0 92.1 85.0 97.5
DAMM (Ours) 95.9 95.8 87.8 99.6 99.8 99.3 95.1 95.2 81.7 98.5
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DAMM: Decoupled Adaptive Model Merging with Coordinate-Wise Trust Regions

Table 13. Performance comparison of DAMM on ViT-B/32 over 6 random 8-of-20 task selections. We report accuracy of Vshared, without
(w/o) and with (w/) projecting it onto the expert-defined per-parameter convex hull induced by the 8 fused experts. Gray-shaded cells
denote the 8 ID expert tasks used to learn the structured mask and shared subspace, while the remaining 12 tasks are held out to evaluate
OOD generalization.

Task Name
Exp. 1 Exp. 2 Exp. 3 Exp. 4 Exp. 5 Exp. 6

w/o w/ w/o w/ w/o w/ w/o w/ w/o w/ w/o w/
Cars 2.6 61.2 4.0 56.0 60.3 76.4 2.3 59.4 1.7 58.6 49.7 75.9
DTD 76.1 79.2 14.2 62.5 73.9 79.2 11.8 62.6 13.8 61.7 8.8 62.1
EuroSAT 26.7 96.0 15.6 92.8 63.0 99.8 31.5 96.1 6.8 90.9 51.1 99.8
GTSRB 97.5 99.1 9.1 82.4 95.4 99.1 8.7 85.5 11.1 85.0 9.3 80.1
MNIST 70.4 98.6 21.6 95.0 30.3 97.3 98.6 99.7 25.2 97.0 93.5 99.7
RESISC45 58.3 95.4 11.6 82.6 12.0 86.5 46.3 95.3 7.0 82.8 12.8 84.1
SUN397 9.8 71.2 11.9 69.8 4.9 71.3 15.3 78.0 3.8 69.6 8.9 77.8
SVHN 94.9 97.5 20.4 80.8 20.0 88.8 91.5 97.5 10.2 82.5 20.1 85.0
CIFAR100 78.6 88.5 79.9 88.5 9.7 80.1 70.6 88.5 17.8 82.2 7.0 79.1
STL10 95.9 98.1 96.4 98.1 29.4 98.2 95.3 98.1 69.5 97.7 31.3 98.2
Flowers102 13.4 79.3 67.3 89.0 7.3 80.6 51.4 89.1 7.2 78.0 44.5 89.2
OxfordPet 55.0 91.3 59.8 91.1 8.5 91.8 40.6 91.3 25.0 90.8 3.7 91.1
PCAM 54.6 84.4 86.7 88.3 60.3 84.7 50.2 81.9 84.8 88.3 84.6 88.3
FER2013 56.3 71.2 57.2 71.1 17.6 54.1 13.0 52.2 59.8 71.1 15.5 51.4
EMNIST 22.6 95.9 98.3 99.8 10.5 98.6 19.6 89.9 99.4 99.8 94.3 99.7
CIFAR10 67.6 97.5 95.6 98.0 27.8 96.4 60.6 97.4 95.5 97.9 23.7 96.2
Food101 9.2 85.9 8.6 85.2 13.5 88.5 6.4 85.6 16.8 88.4 7.3 88.5
FashMNIST 33.4 86.8 21.8 86.4 93.5 94.9 29.6 85.7 93.2 94.8 14.3 82.5
SST2 49.9 70.2 50.0 70.1 64.8 72.8 49.9 71.1 65.0 72.7 49.9 70.1
KMNIST 10.5 67.8 11.0 52.0 98.0 98.5 11.5 52.0 97.6 98.5 9.2 46.6
Avg. (8 ID) 76.6 90.1 80.2 90.5 70.3 88.6 63.7 92.2 76.5 88.9 54.2 89.9
Avg. (12 OOD) 30.9 82.9 20.0 76.3 19.9 85.7 31.3 76.6 24.9 82.2 17.1 78.1
Avg. (All 20) 49.2 85.8 44.0 82.0 40.0 86.9 44.2 82.8 45.5 84.9 32.0 82.8
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DAMM: Decoupled Adaptive Model Merging with Coordinate-Wise Trust Regions

Table 14. Performance comparison of DAMM on GPT-2 over 7 random 4-of-7 task selections. We report accuracy of Vshared, without
(w/o) and with (w/) projecting it onto the expert-defined per-parameter convex hull induced by the 4 fused experts. Gray-shaded cells
denote the 4 ID expert tasks used to learn the structured mask and shared subspace, while the remaining 3 tasks are held out to evaluate
OOD generalization.

Task Name Exp. 1 Exp. 2 Exp. 3 Exp. 4 Exp. 5 Exp. 6 Exp. 7

w/o w/ w/o w/ w/o w/ w/o w/ w/o w/ w/o w/ w/o w/

CoLA 41.3 39.1 27.3 27.6 41.9 42.0 28.4 30.4 40.8 41.9 33.1 32.9 40.0 41.6
SST-2 90.0 89.5 91.2 91.1 91.1 91.1 90.0 90.1 91.2 91.3 91.4 90.9 89.7 89.6
MRPC 80.2 80.6 61.0 63.7 74.0 73.3 80.4 80.6 55.9 65.4 80.6 80.6 75.7 74.3
QQP 87.5 87.7 89.4 89.5 89.5 89.5 89.3 89.4 87.3 87.3 89.5 89.6 89.4 89.4
MNLI 81.0 81.6 77.5 77.6 81.1 81.3 81.2 81.3 76.1 76.3 77.1 77.3 81.1 81.2
QNLI 82.8 83.2 88.2 88.2 80.7 80.6 88.1 88.3 87.6 88.1 82.1 82.3 88.4 88.1
RTE 65.7 64.3 64.6 65.7 60.3 60.7 47.6 46.6 66.1 65.0 64.6 65.3 63.5 63.9

Avg. (4ID) 74.8 74.2 67.2 68.0 74.1 74.0 72.0 72.6 68.8 71.5 73.7 73.5 73.7 73.7
Avg. (3OOD) 76.5 76.3 76.8 77.1 74.1 74.2 72.3 72.0 76.6 76.5 74.6 75.0 77.6 77.7
Avg. (All7) 75.5 75.1 71.3 71.9 74.1 74.1 72.2 72.4 72.1 73.6 74.1 74.1 75.4 75.4
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DAMM: Decoupled Adaptive Model Merging with Coordinate-Wise Trust Regions

Table 15. Performance comparison of full-parameter merging on ViT-B/32 over 6 random 8-of-20 task selections. We report accuracy
of Vmerged, without (w/o) and with (w/) projecting it onto the expert-defined per-parameter convex hull induced by the 8 fused experts.
Gray-shaded cells denote the 8 ID expert tasks used for merging, while the remaining 12 tasks are held out to evaluate OOD generalization.

Task Name
Exp. 1 Exp. 2 Exp. 3 Exp. 4 Exp. 5 Exp. 6

w/o w/ w/o w/ w/o w/ w/o w/ w/o w/ w/o w/

Cars 1.2 22.6 1.3 21.8 33.7 58.7 0.7 24.4 1.1 19.2 3.1 58.1
DTD 58.5 55.1 8.0 38.7 55.3 55.5 6.3 38.9 5.1 35.0 3.2 36.9
EuroSAT 22.3 37.3 14.6 24.2 39.3 62.2 25.4 35.3 13.9 35.0 25.7 58.3
GTSRB 98.3 85.3 5.9 29.8 98.4 84.0 5.2 29.2 3.8 29.2 3.5 24.3
MNIST 34.9 80.9 18.4 30.5 12.1 29.6 89.8 98.5 19.1 36.9 84.8 97.2
RESISC45 34.7 61.9 8.5 40.4 4.5 38.4 23.3 62.2 6.9 47.9 3.8 35.7
SUN397 2.5 54.5 3.3 55.3 1.1 52.8 3.5 61.3 0.9 55.2 1.1 62.1
SVHN 94.8 92.7 14.9 28.5 16.9 35.0 85.2 93.2 10.0 27.0 14.4 38.8
CIFAR100 56.2 75.7 57.2 76.4 4.0 42.2 26.4 73.3 5.8 59.1 3.1 44.2
STL10 89.2 97.0 92.5 97.2 17.5 91.5 78.7 96.8 41.9 91.0 14.8 90.9
Flowers102 4.2 50.3 29.1 59.2 2.4 57.6 17.3 54.6 1.0 56.3 8.9 56.6
OxfordPet 22.8 85.3 22.5 85.6 3.0 83.9 14.8 84.8 3.8 75.2 2.4 83.7
PCAM 63.1 58.0 84.1 83.1 49.8 59.9 51.5 59.6 81.6 84.6 82.7 85.0
FER2013 42.0 31.7 42.0 34.4 14.4 34.4 11.6 35.9 32.0 38.2 15.6 34.0
EMNIST 6.9 23.7 98.0 99.2 4.8 14.2 18.8 22.8 96.9 99.1 89.1 97.5
CIFAR10 54.1 91.4 90.9 96.3 20.4 72.6 42.4 90.5 83.4 96.2 13.6 71.9
Food101 3.6 69.9 3.8 68.2 2.5 78.0 2.5 69.4 1.4 79.4 1.1 78.5
FashMNIST 24.7 63.5 19.1 61.7 92.2 89.6 10.0 60.2 89.8 90.8 10.6 51.5
SST2 49.9 51.9 49.9 54.0 50.0 58.2 49.9 53.9 50.1 67.4 49.9 54.4
KMNIST 8.4 10.3 10.7 6.4 97.5 59.1 8.6 12.5 91.1 71.1 9.7 10.2

Avg. (8 ID) 62.1 73.1 64.5 78.9 58.6 68.2 42.4 78.1 65.8 78.3 37.1 74.2
Avg. (12 OOD) 23.0 55.4 9.9 38.3 12.6 50.7 19.4 49.4 9.4 55.6 12.0 48.1
Avg. (All 20) 38.6 62.5 31.7 54.5 31.0 57.7 28.6 60.9 32.0 64.7 22.0 58.6
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