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CASS: Mitigating Parameter Interference for Model Merging via
Contribution-Aware Structured Sparsity

Abstract
Model merging has emerged as a pivotal tech-
nique for integrating task-specific experts into a
single multi-task model without expensive retrain-
ing. However, parameter interference remains a
critical bottleneck. Existing methods typically
mitigate conflicts by pruning task vectors based
on weight magnitude or random heuristics, treat-
ing Transformers as unstructured “bags of param-
eters” and overlooking their inherent modularity.
In this paper, we propose Contribution-Aware
Structured Sparsity (CASS), a unified framework
that disentangles task capabilities by identifying
and preserving functional subspaces. Drawing
on mechanistic interpretability, we reformulate
Transformer layers into a unified summation form,
establishing that masking heads and neurons is
physically equivalent to removing specific addi-
tive updates to the residual stream. Guided by
an activation-weighted metric, CASS generates
structural masks that isolate task-essential compo-
nents. This framework operates in two paradigms:
as a post-training filter to denoise task vectors
for existing methods (CASS-Merging), and as
a training-time constraint to proactively induce
orthogonality (CASS-Tuning). Extensive exper-
iments on Qwen (Language) and ViT (Vision)
architectures demonstrate that CASS consistently
enhances state-of-the-art baselines.

1. Introduction
The proliferation of Foundation Models has catalyzed a
paradigm shift in the deep learning community. Adapt-
ing a single pre-trained model to diverse downstream tasks,
ranging from natural language processing to computer vi-
sion, has become standard practice. However, deploying
independent fine-tuned checkpoints for every specific task
incurs prohibitive storage and memory costs. To address
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Figure 1. Sparsification-based methods for model merging.

this, Model Merging has emerged as a pivotal technique, en-
abling the integration of multiple task-specific expert models
into a single multi-task model without the need for expen-
sive retraining or access to original training data (Tang et al.,
2024; He et al., 2025b).

Despite its promise, current merging techniques face a fun-
damental challenge: parameter interference, where con-
flicting updates across tasks degrade multi-task perfor-
mance. Early approaches attempt to combine capabilities
through simple linear operations on weights or task vec-
tors (Wortsman et al., 2022; Ilharco et al., 2022). To re-
solve conflicts more effectively, distinct lines of research
have emerged. Optimization-based methods (Matena &
Raffel, 2022; Jin et al., 2022) and recent subspace-oriented
approaches (Gargiulo et al., 2025; Cheng et al., 2025) uti-
lize second-order information, inner product matrices, or
singular value decomposition to reweight parameters or
guide merging trajectories. While theoretically grounded,
these methods often incur significant computational over-
head or rely on implicit optimization in the full parameter
space. Conversely, sparsification-based heuristics aim for
efficiency by pruning conflicting updates, which rely on
weight magnitude (Yadav et al., 2023; Wang et al., 2024)
or random pruning (Yu et al., 2024) to mask parameters.
While effective to a degree, these methods treat the model
as an unstructured “bag of parameters.” As shown in Fig. 1,
they indiscriminately preserve large-magnitude updates or
randomly discard updates, failing to account for the model’s
internal modular structure and the actual functional contri-
bution of its components.
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To overcome these limitations, we draw inspiration from
Mechanistic Interpretability (Gao et al., 2025), specifically
the observations regarding functional specialization in Trans-
formers. Research indicates that Feed-Forward Networks
(FFN) operate as Key-Value memories with highly sparse
activation patterns (Geva et al., 2021; Xiao et al., 2024), and
Attention Heads perform distinct functional roles that vary
across tasks (Clark et al., 2019; Hanna et al., 2023; Michel
et al., 2019). This implies that task-specific knowledge is
not uniformly distributed but resides in distinct functional
subspaces. Consequently, merging conflicts largely arise
from the forced integration of disjoint functional modules.
We argue that the metric of a component’s importance is not
its static weight magnitude, but its dynamic contribution to
the residual stream, which can be effectively captured by the
interaction between activation norms and weight matrices.

Building on this insight, we propose Contribution-Aware
Structured Sparsity (CASS), a unified framework designed
to mitigate merging interference by explicitly identifying
and preserving task-specific functional subspaces. We first
formulate both Multi-Head Attention (MHA) and FFN lay-
ers into a unified summation form, establishing that masking
operations physically correspond to removing specific terms
from the residual stream. Guided by an activation-weighted
importance metric, CASS applies structured masks to task
vectors, ensuring that only heads and neurons critical to a
specific task are preserved. Crucially, CASS operates as a
versatile framework: it can serve as a post-training denois-
ing filter to clean up task vectors during merging, or as a
proactive constraint during the fine-tuning stage to enforce
orthogonality from the source.

Our main contributions are summarized as follows:

• We formulate a unified mathematical framework for
Transformer components, treating MHA and FFN lay-
ers as sums of independent functional vectors. This
provides a rigorous physical interpretation for struc-
tured masking: zeroing out a head or neuron is mathe-
matically equivalent to removing its additive update to
the residual stream.

• We propose CASS, a contribution-aware method that
identifies functional subspaces via activation-weighted
metrics. CASS unifies two paradigms: it operates as a
post-training denoising filter to resolve conflicts in ex-
isting models (CASS-Merging), and as a mask-guided
training constraint (CASS-Tuning) to proactively in-
duce task orthogonality during fine-tuning.

• We conduct extensive experiments across different ar-
chitectures (Qwen, ViT) and modalities (Language, Vi-
sion) to demonstrate the effectiveness of the proposed
CASS.

2. Related Work
2.1. Model Merging

Model merging aims to integrate the capabilities of multiple
task-specific models into a single entity. Early approaches,
such as Model Soup (Wortsman et al., 2022) and Task Arith-
metic (Ilharco et al., 2022), demonstrated that simple linear
interpolation or vector addition of fine-tuned weights can
often retain multi-task capabilities. However, these meth-
ods suffer significantly from parameter interference when
task vectors point in conflicting directions. To mitigate this,
recent research has diverged into two main streams.

Optimization-based approaches aim to resolve conflicts
by utilizing second-order information or projecting weights
into low-interference subspaces. Fisher Merging (Matena
& Raffel, 2022) and RegMean (Jin et al., 2022) rely on the
Fisher Matrix or inner product matrices to weigh parame-
ters. More recently, subspace-oriented methods like TSV-
Merging (Gargiulo et al., 2025) and WUDI-Merging (Cheng
et al., 2025) have utilized SVD or linear subspace assump-
tions to guide merging. While theoretically grounded, these
methods typically require heavy computation or rely on
implicit optimization in the full parameter space.

Sparsification-based methods mitigate interference by
pruning conflicting updates. TIES-Merging (Yadav et al.,
2023) posits that parameter importance correlates with
weight magnitude, resolving conflicts by keeping only the
largest updates. DARE (Yu et al., 2024) employs random
pruning followed by rescaling. More recently, TALL-masks
proposed constructing task-specific binary masks based on
weight magnitude differences to localize information within
multi-task vectors. While TALL-masks (Wang et al., 2024)
improves upon global heuristics by tailoring masks to each
task, it remains an unstructured method. These approaches
operate at the individual parameter level, effectively treat-
ing the model as a “bag of parameters” and ignoring the
inherent modular structure (e.g., Attention Heads and FFN
neurons) of Transformer architectures.

2.2. Mechanistic Interpretability

Our work is grounded in the growing field of mechanistic
interpretability (Gao et al., 2025), which views Transform-
ers not as monolithic blocks but as collections of specialized
functional components. Extensive research suggests that
Feed-Forward Networks (FFNs) act as Key-Value memo-
ries (Geva et al., 2021), where specific neurons store discrete
knowledge patterns. These neurons often exhibit high activa-
tion sparsity (Xiao et al., 2024). Similarly, Attention Heads
have been shown to perform distinct roles (Michel et al.,
2019), such as induction heads for in-context learning (Ols-
son et al., 2022) or retrieval heads for factual recall (Wu
et al., 2024).
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CASS leverages these functional specialization proper-
ties directly. Unlike previous merging methods that rely
on static weights, we identify functional subspaces using
contribution-based statistics, aligning the merging process
with the model’s intrinsic topological structure.

3. Preliminaries and Motivation
3.1. Unified Summation Form of Transformer

Standard merging methods often treat model parameters
as unstructured vectors, ignoring the modular architecture
of Transformers. To provide physical grounding for our
method, we reformulate both MHA and FFN into a uni-
fied summation form. Consider a vanilla Transformer
layer (Vaswani et al., 2017) with input x ∈ Rd. The layer
updates the residual stream through two sub-layers. We
demonstrate that the output of both can be decomposed into
a sum of independent update vectors.

Figure 2. The summation form of MHA.

MHA as a Sum of Heads. Let an MHA layer have H
heads. The standard formulation concatenates the output
of individual heads Ai(x) ∈ Rd/H and projects them with
WO ∈ Rd×d. By viewing this through the lens of block
matrix multiplication, we can decompose WO into H sub-
matrices W(i)

O ∈ R(d/H)×d along the row dimension. As
shown in Fig. 2, the output becomes an additive sum:

MHA(x) =Concat
(
A1(x), . . . ,AH(x)

)
WO

=

H∑
i=1

Ai(x)W
(i)
O

(1)

Physically, each term Ai(x)W
(i)
O represents an independent

update vector from head i to the residual stream. Masking

a head is thus mathematically equivalent to removing its
specific additive contribution.

Figure 3. The summation form of FFN.

FFN as a Sum of Hidden Neurons. Similarly, the FFN
layer (typically an MLP) projects the input to an interme-
diate dimension dff via Wup, applies a non-linearity σ(·),
and projects back via Wdown. As shown in Fig. 3, let
m = σ(xWup) ∈ Rdff be the intermediate activation vec-
tor, where mj is the scalar activation of the j-th neuron. By
decomposing Wdown into row vectors w

(j)
down ∈ Rd, the

output is:

FFN(x) =

dff∑
j=1

mj ·w(j)
down (2)

Here, each neuron j contributes a vector scaled by its acti-
vation intensity mj . This unified summation form reveals
that the functional capability of a Transformer is distributed
across these additive terms.

3.2. Importance Metric via Contribution-Awareness

Having established the summation form, the challenge lies
in identifying which components (terms) are critical for a
specific task. While traditional pruning relies on weight
magnitude as a proxy for importance, recent work in model
compression highlights that the input activation norm is
equally critical (Sun et al., 2023). A parameter with a large
weight magnitude contributes little to the residual stream if
its input activation is consistently near zero.

Building on this insight, we propose a Contribution Score I
that measures the expected magnitude of the output vector
generated by a component over a small probe set Dprobe.
Taking an FFN Neuron j as an example, its importance is
determined by the interaction between its activation magni-
tude and its output weight norm:

Ineuron(j) = Ex ∼ Dprobe
[
|mj | ·

∣∣∣w(j)
down

∣∣∣
2

]
(3)
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This metric directly reflects the dynamic contribution of
a component to the model’s inference process, offering a
more faithful representation of functional specialization than
static weight analysis.

3.3. Empirical Analysis

To validate our motivation, we conduct an empirical analysis
on the Qwen2.5-1.5B-Instruct model (Qwen et al., 2025).
We use the contribution metric defined above to analyze the
distribution of functional components across diverse tasks,
including Coding (Wei et al., 2023), Instruction Follow-
ing (Lambert et al., 2024), Mathematics (Tong et al., 2024),
and Safety (Han et al., 2024). More visualizations across
different layers and tasks are provided in the Appendix.

Figure 4. Visualization on Qwen2.5-1.5B-Instruct. (Left) The
Cumulative Distribution Function of neuron contribution scores
in the FFN layers for the Coding task. (Right) Jaccard Similarity
Heatmap of the most important neurons across different tasks.

We first investigate whether task-specific knowledge re-
quires the entire network. The left of Fig. 4 plots the Cu-
mulative Distribution Function of normalized neuron impor-
tance scores for the Coding task. The curve exhibits a sharp
rise near zero, indicating that the vast majority (> 80%) of
neurons have negligible contributions to the coding capabil-
ity. This confirms that task knowledge is stored sparsely in
a small subset of “loud” components.

A critical question for model merging is whether these
sparse subspaces overlap between tasks. We select the top-
20% most important neurons for each task in a representa-
tive middle layer (Layer 14 for Qwen2.5-1.5B-Instruct) and
compute the Jaccard Similarity Coefficient of their indices.
As shown in the right of Fig. 4, the heatmap reveals a strik-
ing pattern: the overlap between distinct tasks (e.g., Coding
vs. Safety) is near zero.

These findings suggest that tasks reside in orthogonal func-
tional subspaces. Parameter interference in standard merg-
ing arises because simple averaging (or unstructured prun-
ing) forces the “loud” components of one task to mix with
the “silent” noise of another. By explicitly identifying and
masking these subspaces, we can theoretically disentangle
task capabilities, merging them without destructive interfer-
ence.

4. Methodology: CASS
Based on the theoretical and empirical insights in Sec. 3,
we propose CASS, a unified framework to mitigate model
merging interference. As illustrated in Fig. 5, CASS oper-
ates in two phases: (1) Functional Subspace Identification,
where we generate task-specific structural masks using the
pre-trained base model; and (2) Subspace-Aware Integra-
tion, where these masks are applied either to clean up task
vectors post-training or to constrain gradient updates during
fine-tuning.

4.1. Phase 1: Functional Subspace Identification

The core of CASS is to convert the continuous contribution
scores derived in Eq. 3 into discrete binary masks that define
the functional subspace of a task. Here, we derive these
masks using the pre-trained base model θbase, rather than
individual fine-tuned checkpoints.

For a given task t with probe data Dt, we perform a forward
pass using θbase to compute the contribution scores I(c)

for each component c (head or neuron). We then employ
a sparsity-constrained thresholding strategy. Let Θ be the
set of all functional components. We select the top-k%
components with the highest scores to form the active set,
setting the binary mask M

(c)
t = 1 for selected components

and 0 otherwise. To accommodate the varying roles of
different layers, we apply this ranking globally for Attention
Heads and layer-wise for FFN Neurons.

4.2. Phase 2 (Scenario A): CASS-Merging

This scenario addresses the standard setting where we aim to
merge independently fine-tuned models {θt}Kt=1. Standard
methods typically merge task vectors τt = θt−θbase, which
accumulate noise from components irrelevant to task t.

In CASS-Merging, we utilize the structural masks derived
from Phase 1 as a functional denoising filter. Before merg-
ing, we project the raw task vector onto its identified sub-
space:

τ̃t = Mt ⊙ τt (4)

where ⊙ denotes structured broadcasting multiplication.
Physically, this operation reverts the parameters of non-
essential heads and neurons back to their pre-trained state
(since τt becomes 0 at masked positions). The sparsified
vectors τ̃t are then aggregated using standard operators (e.g.,
TIES, DARE, or simple summation):

θmerged = θbase + λ

K∑
t=1

MergeOp(τ̃t) (5)

By filtering out “loud but irrelevant” updates, CASS-
Merging explicitly reduces the probability of collision be-
tween tasks.
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Figure 5. The proposed Contribution-Aware Structured Sparsity (CASS) framework.

4.3. Phase 2 (Scenario B): CASS-Tuning

While post-training merging is effective, it is inherently
reactive—it attempts to fix interference after it has occurred.
We propose CASS-Tuning as a proactive alternative that
prevents interference at the source.

In this scenario, we use the mask Mt (derived from θbase) to
constrain the optimization trajectory during the fine-tuning
of task t. Specifically, we freeze the parameters belong-
ing to the inactive subspace (M(c)

t = 0) by masking their
gradients:

g′
t = Mt ⊙∇θLt (6)

This ensures that the model updates are strictly confined to
the pre-identified functional subspace.

Models trained via CASS-Tuning are “born orthogonal.”
Since the masks Mt for dissimilar tasks (e.g., Coding vs.
Safety) are naturally disjoint (as shown in Sec. 3.3), the
resulting task vectors occupy non-overlapping regions of
the parameter space by design. This renders the subsequent
merging process trivial and highly robust, effectively elimi-
nating the need for complex conflict-resolution heuristics.

5. Experiments
5.1. Experimental Setup

Datasets and Models. To ensure a rigorous and stan-
dardized evaluation, we adopt the experimental proto-
cols established in widely recognized benchmarks for
both textual and visual modalities. For the Text Modal-
ity, we follow the settings of MergeBench (He et al.,
2025b). We employ the Qwen2.5-0.5B-Instruct
and Qwen2.5-1.5B-Instruct models as our base
models. The evaluation encompasses four distinct down-
stream capabilities: Instruction Following, Mathematics,
Coding, and Safety. For the Vision Modality, we adopt

the FusionBench (Tang et al., 2024) toolkit. We utilize
ViT-B/32 and ViT-L/14 architectures (Dosovitskiy,
2020) pre-trained on CLIP (Radford et al., 2021). The
evaluation covers a diverse set of eight downstream im-
age classification tasks, ranging from object recognition
to texture classification. Detailed specifications regarding
the fine-tuning datasets, hyperparameters, and evaluation
metrics are provided in the Appendix.

Baselines. We evaluate CASS as a versatile, plug-and-
play framework designed to enhance existing merging al-
gorithms. Instead of treating prior works as competitors,
we integrate CASS with them to demonstrate its ability
to mitigate interference across diverse merging paradigms.
We select the following methods as our base aggregators:
Task Arithmetic (Ilharco et al., 2022), TIES (Yadav et al.,
2023), DARE (Yu et al., 2024), Localize-and-Stitch (He
et al., 2025a), and Task Singular Vectors (Gargiulo et al.,
2025). To ensure fair comparison, we report normalized
performance, aligning with the standard metrics defined in
the respective benchmarks.

5.2. Results on Text Modality

Table 1 presents the comparative results on Qwen2.5 mod-
els. We apply CASS-Merging as a denoising filter prior to
aggregation. The results reveal several key insights:

Consistent Enhancement via Functional Denoising.
CASS consistently boosts the performance of all base aggre-
gators across both model scales. Whether applied to simple
arithmetic (TA) or heuristic sparsification (TIES, DARE),
our structural masks effectively filter out interference. No-
tably, on the 0.5B model, standard TIES and Localize-
and-Stitch (LS) struggle significantly (averaging 0.695 and
0.745, respectively). This is likely because magnitude-based
heuristics become unreliable in smaller models with less
parameter redundancy. CASS effectively revitalizes these
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Table 1. Results on Text Modality. Normalized performance comparison on Qwen2.5-0.5B-Instruct and Qwen2.5-1.5B-Instruct.

Method
Qwen2.5-0.5B-Instruct Qwen2.5-1.5B-Instruct

Code Safe Math Instr. Avg. Code Safe Math Instr. Avg.

Base Model 0.675 0.708 0.765 0.731 0.720 0.687 0.775 0.855 0.754 0.768
Fine-tuned Model 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Post-Mask Model 0.964 0.836 0.961 0.878 0.910 0.953 1.015 1.051 0.882 0.975

Task Arithmetic 0.800 0.687 0.765 0.718 0.742 0.735 0.778 0.942 0.703 0.789
w/ CASS-Merging 0.820 0.684 0.814 0.788 0.776 0.808 0.777 1.065 0.698 0.837

TIES 0.671 0.659 0.873 0.577 0.695 0.829 0.752 0.978 0.651 0.803
w/ CASS-Merging 0.753 0.731 0.863 0.743 0.773 0.846 0.767 1.094 0.610 0.829

DARE 0.857 0.697 0.892 0.743 0.797 0.933 0.722 1.072 0.641 0.842
w/ CASS-Merging 0.903 0.684 0.853 0.788 0.807 0.924 0.782 1.087 0.692 0.871

Localize-and-Stitch 0.613 0.713 0.941 0.711 0.745 0.781 0.745 0.935 0.749 0.802
w/ CASS-Merging 0.813 0.723 0.961 0.743 0.810 0.846 0.766 1.000 0.718 0.832

methods (boosting TIES to 0.773 and LS to 0.810), confirm-
ing that contribution-aware subspace identification is a more
robust proxy for importance than weight magnitude alone.

Scaling and State-of-the-Art Performance. On the larger
Qwen2.5-1.5B model, the benefits of CASS are further am-
plified. DARE w/ CASS-M achieves the highest average
score of 0.871, establishing a new state-of-the-art for this
setting. The scaling trend suggests that as model size in-
creases, functional subspaces become more clearly defined
(as hypothesized in Sec. 3), allowing CASS to separate tasks
more precisely.

The “Post-Mask” Upper Bound. A striking observation is
the performance of the “Post-Mask” models (Row 3). Even
before merging, simply applying our masks to the fine-tuned
models retains 91.0% (0.5B) and 97.5% (1.5B) of the origi-
nal Fine-Tuned (FT) performance. In some cases (e.g., Math
and Safety on 1.5B), the sparse expert even outperforms the
dense FT model (scores > 1.0). This phenomenon validates
our core premise: the vast majority of parameter updates in
fine-tuning are noise or redundancy. By stripping them away,
CASS not only reduces the collision probability for merging
but also acts as a regularizer that can enhance individual
task expertise.

5.3. Results on Vision Modality

To verify the cross-modal generalization of our framework,
we evaluate CASS on eight diverse vision tasks using ViT-
B/32 and ViT-L/14, and the results are shown in Table 2.

A key observation is that standard DARE performs rela-
tively poorly on ViT-B/32 (Avg 0.741), falling behind even
simple Task Arithmetic (0.756). This stands in contrast to
its success in LLMs. However, DARE w/ CASS-M yields a
dramatic recovery, boosting performance to 0.819 (+7.8%).

This confirms that structural awareness is critical for vision
encoders: by preserving complete heads and neurons, CASS
maintains the spatial integrity of visual features while still
enabling the benefits of sparsity.

We explicitly compare CASS with TSV-Merging, a strong
baseline that models task subspaces using Singular Value
Decomposition (SVD) on weight matrices. While TSV is
highly effective (0.901 on ViT-B/32), applying CASS on top
of it further enhances performance to 0.907, and achieves
the highest overall score of 0.964 on ViT-L/14. TSV defines
subspaces based on static weight variance, whereas CASS
defines them based on dynamic activation patterns. The fact
that CASS adds value suggests that activation-aware metrics
capture functional nuances that weight decomposition alone
misses.

Moreover, CASS demonstrates exceptional robustness in
tasks that typically cause high interference. For instance,
on the SVHN task with ViT-B/32, standard TIES achieves
0.834, while TIES w/ CASS-M jumps to 0.939. SVHN
(digit recognition) represents a distinct domain from natural
images (e.g., Cars, EuroSAT). The significant gain indicates
that CASS effectively disentangles the “digit recognition”
subspace from the “natural object” subspace, preventing
feature overwriting during merging.

5.4. Results of Mask-Guided Fine-Tuning (Scenario B)

We further evaluate the efficacy of Mask-Guided Fine-
Tuning (Scenario B), where we explicitly constrain the opti-
mization trajectory to task-specific subspaces identified by
the base model. As shown in Table 3, this strategy funda-
mentally alters the mergeability of models, particularly for
methods sensitive to parameter interference.

The performance of “Pre-Mask” models provides validation
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Table 2. Results on Vision Modality. Normalized performance on 8 vision tasks using ViT-B/32 and ViT-L/14.

Method DTD EuroSAT GTSRB MNIST RESISC Cars SUN397 SVHN Average

ViT-B/32 Architecture

Base Model 0.559 0.450 0.330 0.484 0.626 0.767 0.839 0.324 0.548
Fine-tuned Model 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

Task Arithmetic 0.631 0.775 0.706 0.976 0.694 0.707 0.734 0.823 0.756
w/ CASS-Merging 0.739 0.770 0.723 0.963 0.789 0.827 0.869 0.889 0.821

TIES 0.684 0.769 0.703 0.968 0.777 0.828 0.863 0.834 0.803
w/ CASS-Merging 0.765 0.823 0.761 0.967 0.824 0.840 0.884 0.939 0.850

DARE 0.595 0.733 0.694 0.963 0.674 0.716 0.758 0.799 0.741
w/ CASS-Merging 0.733 0.765 0.722 0.964 0.789 0.824 0.868 0.887 0.819

TSV-Merging 0.778 0.925 0.947 0.994 0.864 0.896 0.849 0.954 0.901
w/ CASS-Merging 0.872 0.901 0.864 0.980 0.884 0.889 0.904 0.962 0.907

ViT-L/14 Architecture

Base Model 0.659 0.614 0.510 0.766 0.732 0.843 0.829 0.595 0.693
Fine-tuned Model 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

Task Arithmetic 0.780 0.927 0.875 0.992 0.890 0.889 0.900 0.896 0.894
w/ CASS-Merging 0.813 0.913 0.833 0.977 0.906 0.930 0.923 0.959 0.907

TIES 0.805 0.944 0.828 0.990 0.903 0.915 0.911 0.874 0.896
w/ CASS-Merging 0.843 0.935 0.876 0.977 0.927 0.948 0.945 0.986 0.930

DARE 0.796 0.848 0.812 0.976 0.873 0.915 0.906 0.963 0.886
w/ CASS-Merging 0.813 0.912 0.834 0.976 0.906 0.929 0.923 0.959 0.907

TSV-Merging 0.898 0.974 0.973 0.994 0.959 0.972 0.950 0.975 0.962
w/ CASS-Merging 0.938 0.975 0.945 0.982 0.955 0.968 0.960 0.991 0.964

for our subspace hypothesis. Even with updates restricted
to a fixed sparse subset of parameters, the models recover
the vast majority of the fully fine-tuned performance (e.g.,
0.954 vs. 1.000 on Qwen2.5-0.5B). This confirms that the
functional subspaces identified by CASS are sufficient to
encapsulate task-specific capabilities, effectively serving as
“trainable lottery tickets” (Frankle & Carbin, 2018) within
the pre-trained weights.

The most notable impact of CASS-Tuning is observed in
TIES-Merging. Standard TIES often struggles on smaller
models (0.695 on 0.5B) because it relies on weight mag-
nitude as a proxy for importance, which can be noisy in
unconstrained fine-tuning. However, under CASS-Tuning,
TIES performance surges to 0.816 (+12.1%). This is be-
cause our gradient masking ensures that any parameter with
a non-zero magnitude is genuinely task-relevant by design.
Consequently, CASS-Tuning converts TIES’s heuristic as-
sumption (Magnitude ≈ Importance) into a rigorous prop-
erty, eliminating the interference noise that typically plagues
magnitude-based merging.

Comparing CASS-Tuning (Table 3) with CASS-Merging

(Table 1) reveals an interesting trade-off between optimiza-
tion freedom and structural compatibility. While CASS-
Tuning yields superior results for TIES, it performs compa-
rably or slightly lower for DARE and Task Arithmetic on the
1.5B model. We attribute this to the fact that CASS-Merging
benefits from unconstrained exploration during fine-tuning,
potentially capturing richer features before pruning. In con-
trast, CASS-Tuning trades a small fraction of single-task
performance for inherent orthogonality. This makes CASS-
Tuning particularly valuable for scenarios requiring storage
efficiency (sparse checkpoints) or when using merging algo-
rithms that demand strict conflict avoidance like TIES.

5.5. OOD Generalization and Robustness

Beyond task-specific performance, a critical desideratum
for model merging is preserving the general capabilities
and truthfulness of the pre-trained base model, preventing
catastrophic forgetting during the integration of specialized
experts. To evaluate this, we test the merged Qwen2.5-
1.5B-Instruct model (using Task Arithmetic) on two out-
of-distribution (OOD) benchmarks: MMLU (Hendrycks
et al., 2020) (general knowledge) and TruthfulQA (Lin et al.,

7
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Table 3. Results of Mask-Guided Fine-Tuning. Normalized performance comparison on Qwen2.5.

Method
Qwen2.5-0.5B-Instruct Qwen2.5-1.5B-Instruct

Code Safe Math Instr. Avg. Code Safe Math Instr. Avg.

Base Model 0.676 0.708 0.765 0.731 0.720 0.687 0.775 0.855 0.754 0.768
Fine-tuned Model 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Pre-Mask Model 0.966 0.988 0.902 0.962 0.954 0.885 1.008 0.978 0.826 0.924

Task Arithmetic 0.801 0.687 0.765 0.718 0.743 0.735 0.778 0.942 0.703 0.789
w/ CASS-Tunning 0.889 0.705 0.863 0.788 0.811 0.798 0.772 1.007 0.703 0.820

TIES 0.671 0.659 0.873 0.577 0.695 0.829 0.752 0.978 0.651 0.803
w/ CASS-Tunning 0.788 0.715 1.000 0.763 0.816 0.969 0.748 1.073 0.677 0.867

DARE 0.857 0.697 0.892 0.744 0.797 0.933 0.722 1.073 0.641 0.842
w/ CASS-Tunning 0.853 0.690 0.922 0.776 0.810 0.933 0.743 1.022 0.703 0.850

Localize-and-Stitch 0.613 0.713 0.941 0.711 0.745 0.781 0.745 0.935 0.749 0.802
w/ CASS-Tunning 0.757 0.692 0.843 0.731 0.756 0.828 0.748 1.036 0.692 0.826

2022) (truthfulness generation).

As presented in Table 4, standard Task Arithmetic exhibits
the lowest performance, suggesting that unconstrained pa-
rameter updates during fine-tuning induce noise that inter-
feres with the model’s pre-existing knowledge. In contrast,
applying CASS consistently enhances OOD generalization.
CASS-Merging recovers a portion of the lost capability (e.g.,
boosting MMLU from 0.4531 to 0.4563), acting as a ret-
rospective filter that removes task-irrelevant updates likely
responsible for overwriting general knowledge.

Table 4. OOD Generalization Analysis.

Method MMLU TruthfulQA

Task Arithmetic 0.4531 0.2717
w/ CASS-Merging 0.4563 0.2729
w/ CASS-Tuning 0.4603 0.2778

Crucially, CASS-Tuning achieves the highest scores across
both benchmarks (0.4603 on MMLU). This reinforces the
advantage of our mask-guided training strategy: by freezing
parameters outside the task-specific functional subspace,
CASS-Tuning effectively acts as a knowledge safeguard. It
ensures that the vast majority of the base model’s general-
purpose circuits remain untouched during fine-tuning. Con-
sequently, the resulting merged model retains the “best of
both worlds”, the specialized skills of the experts and the
broad, robust foundation of the pre-trained model.

5.6. Ablation Study

To dissect the source of our performance gains, we conduct
a component-wise ablation study on the Qwen2.5-0.5B-
Instruct model using Task Arithmetic. We apply CASS-
Merging structured masks exclusively to either the Multi-

Head Attention layers (Head Only) or the Feed-Forward
Networks (Neuron Only) and compare them with the full
framework.

As shown in Fig. 6, both components contribute positively
to the overall performance, but with distinct characteris-
tics. Applying masks solely to FFN neurons yields a higher
average improvement (0.769) compared to masking atten-
tion heads (0.758). This aligns well with the mechanistic
interpretation that FFNs serve as the primary “Key-Value
memories” for storing task-specific knowledge; thus, de-
noising FFNs effectively removes conflicting knowledge
patterns.

Figure 6. Component-wise Ablation Study. Performance com-
parison on Qwen2.5-0.5B-Instruct using Task Arithmetic (TA) as
the base aggregator. We investigate the impact of applying CASS-
Merging to Multi-Head Attention (w/ Head) or Feed-Forward
Networks (w/ Neuron).

6. Conclusion
This paper presents CASS, a framework that mitigates
merging interference by isolating functional subspaces via
activation-aware metrics. Grounded in the summation form
of Transformer layers, CASS provides a rigorous physical
basis for structured sparsity. Experimental results across
textual (Qwen) and visual (ViT) modalities demonstrate that
CASS consistently enhances baseline methods.
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7. Impact Statements
This paper presents work whose goal is to advance the field
of machine learning. There are many potential societal
consequences of our work, none of which we feel must be
specifically highlighted here.
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