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Abstract

Model merging has emerged as an effec-
tive approach for integrating multiple task-
specific fine-tuned models into a single uni-
fied model without requiring additional data-
intensive training. A central challenge in model
merging is to reduce task interference while
preserving the task-specific capabilities of the
original models. In this work, we propose
PRIME, an ultra-low-rank principal–residual
model merging framework that decomposes
task vector merging into two complementary
stages. First, ultra-low-rank principal task vec-
tor merging retains only a small fraction of sin-
gular vectors, effectively reducing task interfer-
ence while preserving most of the task-specific
performance. Second, orthogonal residual task
vector merging incorporates the remaining com-
ponents by projecting them onto the null space
of the principal subspace, thereby avoiding
interference while recovering additional task-
relevant information. Extensive experiments on
eight natural language processing tasks demon-
strate that PRIME consistently outperforms ex-
isting model merging methods, achieving im-
provements of up to 1.18%p on T5 and 1.9%p
on LLaMA-3.2-3B.

1 Introduction

In the era of the pretraining–finetuning paradigm,
pretrained models are often adapted to multiple
domains and tasks, resulting in a collection of
task-specific fine-tuned models (Muqeeth et al.,
2024). However, as the number of tasks increases,
maintaining separate models becomes increasingly
resource-inefficient.

Model merging has emerged as an effective al-
ternative, constructing a single merged model with-
out additional data-intensive training by aggregat-
ing task vectors, defined as the parameter differ-
ences between fine-tuned models and a shared base
model (Yang et al., 2024a; Yadav et al., 2024). An
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Figure 1: Performance comparison of model merging
methods across eight NLP tasks. PRIME consistently
achieves the highest average accuracy on both T5 and
LLaMA-3.2-3B models. Note that the evaluation tasks
differ between T5 and LLaMA.

effective merging strategy should satisfy two key
objectives: (1) reduction of task interference (i.e.,
the merging gap) (Xiong et al., 2024), and (2) re-
tention of task-specific capabilities (i.e., task reten-
tion) (Wei et al., 2025).

Prior work has explored pruning-based meth-
ods (Yadav et al., 2023; Yu et al., 2024),
optimization-based approaches that enforce task
arithmetic (Ortiz-Jimenez et al., 2023; Jin et al.,
2023; Wei et al., 2025; Xiong et al., 2024;
Cheng et al., 2025), and orthogonalization-based
methods based on singular value decomposition
(SVD) (Gargiulo et al., 2025; Tang et al., 2025b;
Choi et al., 2025). Among them, Task Singular
Vectors (TSV) (Gargiulo et al., 2025) provide a
principled framework for mitigating singular task
interference via whitening and subspace decorrela-
tion.

Despite these advances, two fundamental chal-
lenges remain unresolved: (1) whether task inter-
ference can be further mitigated under an ultra-low-
rank regime that retains only a minimal subset of
dominant components, and (2) how the discarded
components can be systematically exploited to pre-
serve task-specific capabilities that are otherwise
degraded by aggressive truncation.

To address these challenges, we propose PRIME
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(principal–residual merging), an ultra-low-rank
model merging framework that decomposes merg-
ing into two complementary stages:

1. Ultra-low-rank principal task vector merg-
ing (ultra-principal merging) retains only a
small subset of dominant singular vectors.
This aggressive rank reduction effectively alle-
viates task interference while preserving most
of the task-relevant information.

2. Orthogonal residual task vector merging
(orthogonal residual merging) recovers the
remaining information by projecting residual
task vectors onto the null space of the prin-
cipal representation. This enables additional
task-specific information to be incorporated
without introducing interference.

By explicitly separating interference minimiza-
tion and retention recovery, PRIME provides a
structured solution to the interference–retention
trade-off.

Extensive experiments on eight diverse natural
language processing (NLP) tasks demonstrate that
PRIME consistently and robustly outperforms ex-
isting merging methods across different model ar-
chitectures, achieving performance improvements
of up to 1.18%p on T5 (Raffel et al., 2020) and
1.9%p on LLaMA-3.2-3B (Touvron et al., 2023a,b;
Dubey et al., 2024). These results highlight the
effectiveness and general applicability of PRIME
under both encoder–decoder and decoder-only set-
tings.

2 Related Works

Model-parameter-based merging Model merg-
ing aims to integrate multiple expert models into
a single model, with simple parameter averag-
ing serving as a fundamental baseline. Prior work
improves this baseline by introducing more in-
formed aggregation strategies. For example, Fisher-
Merging (Matena and Raffel, 2022) and Reg-
Mean (Jin et al., 2023) replace isotropic av-
eraging with Fisher-information–weighted and
inner-product–based rules, respectively. Other ap-
proaches, such as Model Soups (Wortsman et al.,
2022) and LoRASoup (Prabhakar et al., 2024),
show that weight averaging can even improve gen-
eralization. Beyond direct averaging, Model Fu-
sion via Optimal Transport (Singh and Jaggi, 2020)
aligns neurons before merging to improve compat-
ibility. However, these approaches often rely on

parameter-level aggregation and do not explicitly
address structured task interference.

Task-vector-based merging Task Arithmetic (Il-
harco et al., 2023) introduces task vectors as pa-
rameter differences between fine-tuned and base
models. While intuitive, directly composing task
vectors suffers from inter-task interference, leading
to performance degradation (Xiong et al., 2024).
Several works attempt to mitigate this issue at infer-
ence time, such as AdaMerging (Yang et al., 2023)
and Representation Surgery (Yang et al., 2024b),
which introduce task- or layer-specific adaptations.
However, these approaches typically require addi-
tional tuning or auxiliary components.

Pruning-based conflict mitigation Pruning-
based methods reduce interference by selec-
tively removing conflicting parameters. TIES-
Merging (Yadav et al., 2023) proposes a
trim–elect–merge procedure, while DARE (Yu
et al., 2024) aggressively prunes redundant compo-
nents and rescales the remainder. DELLA (Deep
et al., 2024) combines these strategies for improved
robustness. Additional approaches, such as Model
Breadcrumbs (Davari and Belilovsky, 2024) and
Consensus Merging (Wang et al., 2024), further re-
move outlier weights. While effective, these meth-
ods rely on sparsification and may discard useful
task-specific information.

SVD- and subspace-based merging
Orthogonalization-based methods leverage
singular value decomposition (SVD) to reduce
interference in a structured manner. Task Singular
Vectors (TSV) (Gargiulo et al., 2025) provide
a principled framework by decorrelating task-
specific singular vectors via whitening, achieving
strong empirical performance. Subsequent works
explore subspace alignment and decomposition,
such as Isotropic-Merging (Marczak et al., 2025),
KnOTs (Stoica et al., 2024), and DOGE (Wei
et al., 2025). Despite their effectiveness, these
methods primarily operate within the retained
principal subspace and do not explicitly address
how truncated components can be utilized for
improving task retention.

LoRA merging Recent works extend merging
to lightweight adapter modules such as LoRA (Hu
et al., 2022), enabling efficient integration without
modifying full model weights (Prabhakar et al.,
2025; Zhao et al., 2025; Salami et al., 2025; Tang
et al., 2023; Su et al., 2025).
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3 Preliminary

Following prior work (Jin et al., 2023; Xiong et al.,
2024; Cheng et al., 2025), we focus on linear layers
when constructing task vectors. Without loss of
generality, we denote the weight matrix of a linear
layer as θ ∈ Rd′×d.

3.1 Background: Model Merging

Formally, let θ0 ∈ Rd′×d denote the parameters of
a pretrained model, and let θi denote the parame-
ters of the model fine-tuned on the i-th task. The
task vector τi for task i is defined as the param-
eter offset between the fine-tuned and pretrained
models (Ilharco et al., 2023): τi = θi − θ0.

Given n tasks, the merged task vector τm is ob-
tained by applying a merging function Merge(·) to
the set of task vectors {τi}ni=1:

τm = Merge({τi}ni=1;θ0) .

The parameters of the merged model are then given
by θm = θ0 + τm.

Task Arithmetic Following (Ortiz-Jimenez et al.,
2023), Task Arithmetic defines a simple linear merg-
ing rule, denoted by MergeTA, as

τm =

n∑

i=1

αiτi,

where αi is the merging coefficient for task i.

Merging Gap For simplicity, we adopt Task
Arithmetic as a representative merging method.
Following (Xiong et al., 2024; Wei et al., 2025),
the merging gap measures how well MergeTA pre-
serves the Task Arithmetic property for task i:

Ji =
(
Li


θ0 +

n∑

j=1

αjτj


−Li(θ0 + αiτi)

)2
,

(1)

Inner-Product Magnitude as Task Interference
We quantify task interference using the magnitude
of the Frobenius inner product between two task
vectors:

ρij =
∣∣⟨τi, τj⟩F

∣∣ . (2)

The following theorem establishes a direct con-
nection between this interference measure and the
merging gap.

Theorem 1 (Zero Inner-Product Magnitude Implies
Zero Merging Gap). Under the Task Arithmetic
merging rule MergeTA, if ρij = 0 for all i ̸= j,
then the merging gap for the i-th task satisfies Ji =
0.

A complete proof is provided in Appendix A.1.
This result is closely related to the analysis
in (Xiong et al., 2024).

3.2 Trade-off between Task Interference and
Task Retention with Respect to Rank r

Rank-r Truncated SVD For a task vector τi, let
its rank-r truncated SVD approximation be

τ
[:r]
i = U

[:r]
i Σ

[:r]
i

(
V

[:r]
i

)⊤
, (3)

where only the top-r singular values are retained.
In this subsection, we analyze the expected effect

of decreasing the rank r in Eq. (3). In particular,
reducing r induces an inherent trade-off between
task interference and task retention: smaller ranks
can suppress interference among task vectors, but
may also discard task-specific information. This ob-
servation motivates the need for a merging strategy
that balances both effects.

Task Interference with Respect to Rank r
Given a sufficiently small rank r ≪ min(d′, d),
truncating task vectors to rank r is expected to re-
duce task interference. In particular, the magnitude
of the Frobenius inner product between two trun-
cated task vectors satisfies

∣∣∣
〈
τ
[:r]
i , τ

[:r]
j

〉
F

∣∣∣ = ∥τ [:r]
i ∥F ∥τ [:r]

j ∥F |cos(θij)|
≤ ∥τ [:r]

i ∥F ∥τ [:r]
j ∥F .

(4)
where cos(θij) denotes the cosine similarity be-

tween the two truncated task vectors.
Moreover, since ∥τ [:r]

i ∥F = ∥Σ[:r]
i ∥F , the up-

per bound in Eq. (4) increases monotonically with
respect to r. Therefore, from this upper-bound per-
spective, smaller values of r are expected to reduce
task interference due to stronger low-rank pruning.

Task Retention with Respect to Rank r How-
ever, reducing the rank r also increases the approx-
imation error relative to the original task vector,
which may degrade task-specific ability. To formal-
ize this effect, analogous to the merging gap, we
define the task retention gap for task i as follows:
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Definition 1 (Task Retention Gap). Let τ ′
i be an

approximation of τi. The task retention gap for task
i is defined as

Gi =
(
Li(θ0 + τ ′

i )− Li(θ0 + τi)
)2

. (5)

We obtain the following result.

Theorem 2 (Decreasing Rank Increases Task Re-
tention Gap). Let τ

[:r]
i be the rank-r truncated

SVD approximation defined in Eq. (3). Then, as
r decreases, the task retention gap in Eq. (5) with
τ ′
i = τ

[:r]
i increases monotonically.

A complete proof is provided in Appendix A.2.

3.3 TSV-Merging

Building on the rank-r truncated SVD formulation
introduced in Eq. (3), TSV-Merging consists of two
main steps: (i) extracting principal task vectors via
low-rank truncation, and (ii) whitening the concate-
nated task vectors to reduce inter-task correlation.

For each task vector τi, TSV-Merging first uses
its rank-r approximation τ

[:r]
i as the principal task

vector. The corresponding left singular vectors, sin-
gular value matrices, and right singular vectors are
then concatenated across tasks:

Us = [U
[:r]
1 | U [:r]

2 | · · · | U [:r]
n ],

Σs = [Σ
[:r]
1 | Σ[:r]

2 | · · · | Σ[:r]
n ],

Vs = [V
[:r]
1 | V [:r]

2 | · · · | V [:r]
n ].

(6)

Next, a whitening procedure is applied to the
concatenated principal singular vectors:

Ûs = Whitening(Us),

V̂s = Whitening(Vs).
(7)

Following Gargiulo et al. (2025), for a matrix
W = UΣV ⊤, the whitening operator is defined
as

Whitening(W ) = UV ⊤. (8)

Finally, the merged task vector is reconstructed
as

τm = ÛsΣsV̂
⊤
s . (9)

4 PRIME-Merging

4.1 Adaptive Rank Selection
Based on the analysis in Section 3 and Appen-
dices A.1 and A.2, the merging interference term
and retention loss term can be approximated as

Ji(r) ≈


∑

j ̸=i

〈
τ
[:r]
i , τ

[:r]
j

〉
F




2

,

Gi(r) ≈
(
∥Σ[r:]

i ∥2F
)2

.

(10)

Here, Ji(r) measures the interference introduced
by merging within the retained principal subspace,
while Gi(r) quantifies the information loss caused
by truncating singular components beyond rank r.

Using these two quantities, we define the total
interference–retention objective:

F (r) =
∑

i

(Ji(r) +Gi(r)) . (11)

Substituting Eq. (10), we obtain

F (r) ≈

∑

i




∑

j ̸=i

〈
τ
[:r]
i , τ

[:r]
j

〉
F




2

+
(
∥Σ[r:]

i ∥2F
)2


 .

(12)
Although F (r) is not necessarily globally con-

vex, its two components exhibit opposite tenden-
cies with respect to r. As r increases, the retention
loss Gi(r) monotonically decreases, while the in-
terference term Ji(r) generally increases as more
shared principal directions are retained. This natu-
rally induces a trade-off structure, and empirically
F (r) often exhibits a stable local minimum in the
ultra-low-rank regime.

We therefore estimate the principal rank as

r∗ = argmin
r

F (r). (13)

Stable coarse-grained search. To avoid sensi-
tivity to small local fluctuations, we evaluate F (r)
over the discrete candidate set

S = {βdk | k = 1, . . . , ⌊1/β⌋ } ∪ {1}, (14)

where d is the layer dimension and β is the
search interval ratio. In all experiments, we use
β = 0.01.

We update the running minimum only when
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Figure 2: Figure 2: Overview of PRIME-Merging. Each task vector is decomposed into a principal component and a
residual component. The principal components are jointly merged after whitening to reduce interference within the
shared low-rank subspace. The residual components are then merged in the orthogonal complement of the principal
subspace, preserving additional task-specific information without reintroducing conflicts. By combining these two
stages, PRIME reduces interference while improving task retention.

F (rnew) < Fmin + γ, (15)

where

γ = κFmin, (16)

and κ = 0.025. This tolerance rule prevents
overreaction to negligible numerical differences
and improves robustness.

Feasible neighborhood. After obtaining r∗, we
additionally consider a nearby feasible region

r ∈ [max(1, r∗ − βd), r∗ + βd] , (17)

which allows lightweight local refinement
around the estimated optimum.

Shared rank across layers. For simplicity, we
use a single shared rank across layers by minimiz-
ing the layer-averaged objective F (r). The result-
ing adaptive rank selections are reported in Ap-
pendix B. For the main experiments, however, we
fix the rank to 1% across all settings to ensure a
consistent and directly comparable evaluation pro-
tocol.

4.2 Ultra-Low-Rank Principal Task Vector
Merging

In PRIME-Merging, motivated by the analysis in
Section 3.2, we employ an ultra-low-rank principal
task vector with a very small rank r to substantially
reduce task interference.

Rather than relying on a fixed heuristic choice,
the appropriate ultra-low-rank regime can be esti-
mated through the adaptive rank selection criterion
introduced in Section 4.1. In our main experiments,
however, we use a fixed rank of approximately 1%
of the original dimensions across all models for a
consistent and directly comparable evaluation pro-
tocol.

Given the ultra-low-rank principal task vectors,
we apply TSV using Eqs. (3–9) to obtain the cor-
responding ultra-low-rank merged principal vector,
as defined in Eq. (9).

We note that the whitening step in TSV directly
reduces task interference. To examine how inter-
ference is reduced while preserving task-specific
information after whitening, we define the whitened
principal task vectors, obtained by reconstructing
the task-specific components from the whitened left
and right singular vectors in Eq. (7), as follows:

τ̂
[:r]
i = Û [tr:(t+1)r]

s Σ[tr:(t+1)r]
s

(
V̂ [tr:(t+1)r]
s

)⊤
.

(18)
As discussed in Section 4.1, smaller principal

ranks generally reduce cross-task interference, sup-
porting the use of an ultra-low-rank principal stage
for conflict mitigation. The discarded components
are subsequently handled in the residual stage, en-
abling complementary recovery of task-specific in-
formation.

Figures 3 and 4 illustrate on T5 that the proposed
ultra-low-rank principal stage substantially com-
presses task vectors while preserving task-specific
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Figure 3: Performance comparison between the origi-
nal task vectors and the ultra-low-rank principal task
vectors when merging eight NLP tasks on T5. Despite
aggressive rank truncation, the principal task vectors
preserve nearly all task-specific utility, retaining approx-
imately 99% of the original performance on average.
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Figure 4: Performance comparison before and after
whitening of the ultra-low-rank principal task vectors
when merging eight NLP tasks on T5. Whitening pre-
serves task performance while preparing the principal
vectors for interference-aware merging, with approxi-
mately 99% average performance retention.

performance, and that the subsequent whitening
step maintains this utility without introducing no-
ticeable degradation. These observations support
the use of a compact principal representation for
interference mitigation prior to residual integra-
tion. Corresponding results for LLaMA-3.2-1B and
LLaMA-3.2-3B are provided in Sections C and D,
respectively.

4.3 Orthogonal Residual Task Vector Merging

While the ultra-low-rank principal stage effectively
mitigates task interference, aggressive truncation
may discard task-specific information. To compen-
sate for this retention loss, PRIME additionally
performs orthogonal residual task vector merging.

The key idea is to merge the discarded resid-
ual components separately and inject them only

through directions orthogonal to the principal
merged subspace. This allows complementary in-
formation recovery while avoiding reintroduction
of conflicts already controlled in the principal
stage.

Formally, the residual task vector of task i is
defined as

τ
[r:]
i = τi − τ

[:r]
i . (19)

These residual vectors are merged and projected
onto the orthogonal complement of the whitened
principal subspace:

P⊥ = I − Ûs

(
Ûs

)⊤
,

τ̂ [r:]
m = P⊥

(
Merge

(
{τ [r:]

i }ni=1

))
. (20)

Thus, the residual update is constrained to direc-
tions that do not overlap with the retained principal
basis. As shown in Appendix A.3– A.4,

P⊥τ̂
[:r]
i = 0, P⊥Ûl = 0. (21)

These properties ensure that the residual compo-
nent is injected without interfering with the princi-
pal merged representation.

While various strategies can be used in Merge(·),
our default choice is simple averaging:

τ [r:]
m =

1

n

n∑

i=1

τ
[r:]
i . (22)

Experimental comparisons with alternative resid-
ual merging strategies are reported in Table 4.

Finally, PRIME combines the principal merged
vector and the orthogonally projected residual
merged vector:

τ̂m = τ̂ [:r]
m + τ̂ [r:]

m . (23)

This principal–residual decomposition enables
simultaneous interference mitigation and task in-
formation recovery within a unified merging frame-
work.

The interference reduction effect of PRIME can
be further verified through the cosine similarities
among the resulting principal–residual task vectors,
reported in Sections E, F, and G for T5, LLaMA-
3.2-1B, and LLaMA-3.2-3B, respectively. A com-
plete description of the PRIME procedure is pro-
vided in Section H.
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Type Model CoLA MNLI MRPC QNLI QQP RTE SST2 STSB Avg.
Original Base 69.13 56.45 76.23 88.45 82.12 80.14 91.17 62.19 75.74

Individual FT 74.98 87.50 83.41 91.49 85.37 85.92 93.58 88.70 86.37

Merging

TA 69.13 62.65 79.41 89.80 83.86 81.23 91.74 73.21 78.88
TIES 71.43 68.49 80.15 90.06 83.07 80.14 91.74 79.85 80.62
DARE 69.22 63.17 79.66 89.88 83.88 80.87 91.74 75.52 79.24
DELLA 70.85 48.86 83.33 89.49 83.18 78.70 91.40 82.01 78.48
Iso-C 69.22 58.04 77.45 88.49 83.08 80.14 91.17 65.07 76.58
Iso-CTS 69.13 58.66 77.70 88.56 83.20 80.14 91.28 65.65 76.79
SB 70.28 75.70 79.41 90.92 84.56 83.39 93.23 80.07 82.20
TSV 70.47 78.21 79.41 90.74 84.32 83.75 92.78 81.18 82.61
PRIME 71.91 82.00 81.37 90.88 83.63 81.23 93.00 86.26 83.79

Table 1: Performance of merging T5 models fine-tuned on eight NLP tasks. For T5, whose task vectors satisfy
τi ∈ Rd′×d, PRIME operates in an ultra-low-rank regime, where the principal rank is determined according to the
model dimensions.

Method Weighted Prune Top Rank Common BetaSum Ratio Ratio Ratio
TA 1

n / / / /
TIES / 80% / / /

DARE / 80% / / /
DELLA / 80% / / /

Iso-C / / / / /
Iso-CTS / / / 80% /

SB / / / / 0.0
TSV / / 1

n / /
PRIME / / 1% / /

Table 2: Merging hyperparameters for TA (Task Arith-
metic), TIES, DARE, DELLA, Iso-C, Iso-CTS, SB
(Subspace Boosting), TSV, and PRIME. For methods
involving randomness during merging, the random seed
was fixed to 42.

5 Experiments

5.1 Settings

Environment All experiments were con-
ducted on NVIDIA RTX A6000 D6 48GB
GPUs (NVIDIA Corporation, 2021), which pro-
vided sufficient computational resources for model
merging and evaluation across all experimental
settings.

Models We conduct experiments on T5 (Raf-
fel et al., 2020) and LLaMA-3.2 models with 1B
and 3B parameter scales (Touvron et al., 2023a,b;
Dubey et al., 2024). Details of the fine-tuned mod-
els are provided in Appendix I, J, K, and L.

Datasets The T5 and LLaMA-3.2 models are
trained on two different sets of eight tasks. The T5
model uses the GLUE (Wang et al., 2018) task pool,
while the LLaMA-3.2 model relies on a custom task
pool.

Merging Hyperparameters For TA (Ilharco
et al., 2023), we use uniform weighting with 1

n .
For TIES (Yadav et al., 2023), 80% of task vector
components are pruned by magnitude; the same
setting is used for DARE and DELLA. For Iso-
CTS (Marczak et al., 2025), the common subspace
ratio is set to 80%. For SB (Anonymous, 2025),
the Beta parameter is set to 0.0. For TSV (Gargiulo
et al., 2025), the retained rank is set to 1

n of the full
rank.

5.2 Result on T5

We conduct merging experiments using the T5
model, which follows the standard Transformer
architecture consisting of both an encoder and a
decoder (Vaswani et al., 2017). Given the rela-
tively small model size of T5 compared to recent
large-scale language models, we evaluate its per-
formance on the GLUE benchmark. GLUE com-
prises a collection of NLP tasks with moderate
difficulty and has been widely used to assess the
general language understanding capabilities of en-
coder–decoder models. This benchmark therefore
provides a suitable and well-established evaluation
setting for analyzing the effectiveness of our merg-
ing approach on T5.

As shown in Table 1, PRIME-Merging achieves
superior average performance compared to the
baseline approaches. In particular, it yields per-
formance improvements of 1.59%p over SB and
1.18%p over TSV, demonstrating that PRIME-
Merging is effective for merging T5 models with
an encoder–decoder architecture.
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Type Model MMLU HS AGN CQA MNLI WG MRPC WiC Avg.
Original Base 30.84 27.19 63.89 51.35 35.45 50.59 63.71 49.79 46.60

Individual FT 61.37 93.09 95.11 79.03 90.53 85.71 87.19 75.07 83.39

Merging

TA 52.98 63.93 85.74 68.47 48.00 59.83 66.78 51.00 62.09
TIES 51.92 70.62 85.46 71.42 40.45 73.95 67.94 48.43 63.77
DARE 53.51 64.53 86.01 68.63 48.00 60.14 66.96 51.00 62.35
DELLA 51.19 72.79 85.89 71.99 36.81 76.16 69.86 48.43 64.14
Iso-C 51.25 60.77 82.50 63.47 43.79 50.91 66.78 49.93 58.68
Iso-CTS 50.69 61.07 82.57 61.43 44.40 50.04 66.55 50.21 58.37
SB 55.81 84.38 91.63 75.76 74.41 79.95 71.94 54.00 73.49
TSV 54.93 83.10 91.18 75.84 72.62 80.74 76.00 53.57 73.50
PRIME 54.73 85.52 91.16 76.90 75.43 82.40 79.01 58.07 75.40

Table 3: Performance of merging LLaMA-3.2-3B models fine-tuned on eight NLP tasks. For LLaMA-3.2-3B,
whose task vectors satisfy τi ∈ Rd′×d, PRIME operates in an ultra-low-rank regime, where the principal rank is
determined according to the model dimensions.

Type Model CoLA MNLI MRPC QNLI QQP RTE SST2 STSB Avg.
Original Base 69.13 56.45 76.23 88.45 82.12 80.14 91.17 62.19 75.74

Individual FT 74.98 87.50 83.41 91.49 85.37 85.92 93.58 88.70 86.37

Merging
PRIME 71.91 82.00 81.37 90.88 83.63 81.23 93.00 86.26 83.79
PRIME(TIES) 71.81 81.45 79.66 90.77 83.46 81.59 93.23 86.36 83.54
PRIME(S-SB) 72.67 82.22 81.37 90.88 83.71 81.23 93.58 86.71 84.05

Table 4: This table reports the performance obtained by varying the Merge(·) operation in Eq. (20) on T5 models.
S-SB denotes Scaled-Subspace Boosting, which is described in Appendix M and N.

5.3 Result on LLaMA-3.2

We conduct merging experiments using the
LLaMA-3.2 model, which adopts a decoder-only
transformer architecture. Compared to the T5
model, the LLaMA-3.2-1B and 3B variants are sub-
stantially larger, enabling evaluation on more chal-
lenging and diverse benchmarks beyond GLUE.
Accordingly, we assess their performance on
datasets such as MMLU, HellaSwag, and WiC,
which are commonly used to evaluate reasoning
and generalization capabilities in large language
models. For the evaluation of decoder-only mod-
els, we follow the standardized evaluation protocol
provided by the lm-evaluation-harness (Gao et al.,
2024).

As shown in Table 3, PRIME-Merging achieves
superior average performance compared to the
baseline approaches. In particular, it outperforms
SB by 1.91%p and TSV by 1.90%p. These results
indicate that PRIME-Merging is effective not only
for the T5 model with an encoder–decoder archi-
tecture but also for the LLaMA-3.2 model with a
decoder-only architecture. Results for the LLaMA-
3.2-1B model are provided in Appendix O.

5.4 Merging Strategies for Merge(·)

To further examine the extensibility of PRIME-
Merging, we test whether the residual-space op-
erator Merge(·) can adopt alternative merging
strategies beyond the default Task Arithmetic for-
mulation. Since PRIME separates the principal
and orthogonal residual subspaces, the residual
component naturally accommodates different task-
vector merging rules while preserving the low-
interference property of the principal representa-
tion.

Table 4 summarizes the results on the T5 model.
Although not every strategy consistently improves
all benchmarks, multiple alternatives remain com-
petitive, and certain choices improve the average
score by up to 0.26%p over the default setting.
These findings suggest that PRIME does not rely
on a single residual merging rule, but benefits from
the principal–residual decomposition.

Overall, PRIME-Merging serves as a general
and extensible framework that benefits from appro-
priately designed residual-space merging strategies.
Additional experiments on the LLaMA-3.2 models
are reported in Appendix O.
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5.5 Temporal & Spatial Efficiency
Temporal Efficiency

Method T5 LLaMA-1B LLaMA-3B
TSV 1m 49s 5m 27s 29m 44s

PRIME 1m 31s 4m 24s 23m 52s

Table 5: Merging time of TSV and PRIME when com-
bining eight fine-tuned models for each model architec-
ture.

Table 5 reports the time required for model merg-
ing across different model architectures. The re-
ported merging time measures the duration from
the start of task-vector-based merging over all lay-
ers to the construction of the final merged task
vector.

Overall, PRIME-Merging consistently requires
less merging time than TSV, demonstrating im-
proved computational efficiency. This advantage
becomes more pronounced as model size increases,
from the smallest T5 model to larger-scale mod-
els. These results suggest that PRIME scales more
favorably with model size, making it particularly
effective for larger architectures.

Spatial Efficiency

Method T5 LLaMA-1B LLaMA-3B
TSV 1.9GiB 9.7GiB 14.3GiB

PRIME 1.9GiB 9.7GiB 14.3GiB

Table 6: GPU memory usage of TSV and PRIME when
combining eight fine-tuned models for each model ar-
chitecture during Merging.

Table 6 reports the GPU memory usage during
the model merging process. The reported memory
consumption corresponds to the peak GPU mem-
ory usage observed throughout the entire merging
procedure.

Overall, PRIME-Merging exhibits GPU mem-
ory usage comparable to that of TSV, indicating
that its improved efficiency and performance are
achieved without introducing additional memory
overhead.

In the original TSV (Gargiulo et al., 2025), the
retained rank is set to d

n , such that the principal
subspace scales proportionally with the number of
tasks. In contrast, PRIME operates in an ultra-low-
rank regime with a substantially smaller retained
rank, using this compact principal subspace for the
main merging process.

Although PRIME introduces an additional resid-
ual merging stage that explicitly incorporates the
remaining task-vector components while prevent-
ing interference with the principal subspace, the
associated overhead remains limited in practice.
This is because the overall computational cost is
still dominated by the SVD operations, making the
extra residual processing relatively inexpensive.

As a result, PRIME not only improves merg-
ing performance but also reduces overall merging
time compared to TSV. Moreover, these gains in
efficiency and effectiveness are achieved without a
substantial increase in GPU memory usage, demon-
strating the practical scalability of our approach.

6 Conclusion

In this paper, we proposed PRIME, an ultra-low-
rank principal–residual model merging framework
that explicitly addresses the trade-off between task
interference and task retention. PRIME decom-
poses task-vector merging into two complementary
stages: principal merging in a compact ultra-low-
rank subspace to suppress cross-task interference,
and orthogonal residual merging to recover task-
relevant information removed by aggressive rank
truncation without reintroducing major conflicts.

Extensive experiments on eight natural language
processing tasks demonstrate that PRIME con-
sistently outperforms existing model merging ap-
proaches across both encoder–decoder and decoder-
only architectures, achieving up to 1.18%p gains on
T5 and 1.9%p gains on LLaMA-3.2-3B. Compared
with TSV-Merging, PRIME also achieves shorter
merging times while maintaining comparable GPU
memory usage.

Although PRIME is instantiated on top of TSV
in this work, the proposed principal–residual frame-
work is broadly applicable to other merging meth-
ods based on principal subspace representations.
Future work includes extending PRIME to alter-
native merging paradigms, larger-scale generative
models, and more adaptive criteria for balancing
principal and residual components.
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7 Limitations

In this work, we evaluate PRIME-Merging on mod-
els with 0.2B (T5), 1B, and 3B parameters, pro-
viding a representative range for controlled and
reproducible merging experiments across encoder–
decoder and decoder-only architectures. While
these models are smaller than recent frontier-scale
large language models, they enable systematic anal-
ysis of interference behavior, merging efficiency,
and adaptive rank selection under realistic compu-
tational budgets.

Extending PRIME to substantially larger mod-
els remains an important direction for future work.
Such evaluations would further validate the scal-
ability of the proposed framework, although they
require considerably greater computational cost for
both large-scale merging and downstream bench-
marking.
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A Proof of Theoretical Results

A.1 Proof of Theorem 1

Theorem 3 (Zero Inner-Product Magnitude
Implies Zero Merging Gap). Let the merg-
ing rule be Task Arithmetic:

MergeTA({τi}ni=1) =

n∑

i=1

αiτi.

If
⟨τi, τj⟩F = 0 ∀i ̸= j,

then, under the standard first-order approx-
imation of the task loss, the task-specific
merging gap satisfies

Ji = 0.

Proof. Recall that the merging gap for task i is

Ji =


Li


θ0 +

n∑

j=1

αjτj


− Li(θ0 + αiτi)




2

.

Using a first-order Taylor expansion of Li(·)
around θ0,

Li(θ0 + δ) ≈ Li(θ0) + ⟨∇θLi(θ0), δ⟩F .

Substituting into Ji gives

Ji ≈



〈
∇θLi(θ0),

∑

j ̸=i

αjτj

〉

F




2

.

Following prior data-free model merging analy-
ses, we use the approximation

∇θLi(θ0) ≈ −τi.

Therefore,

Ji ≈



〈
−τi,

∑

j ̸=i

αjτj

〉

F




2

=


∑

j ̸=i

αj ⟨τi, τj⟩F




2

.

If ⟨τi, τj⟩F = 0 for all j ̸= i, every cross-term
vanishes, and thus

Ji = 0.

A.2 Proof of Theorem 2

Theorem 4 (Decreasing Rank Increases
Task Retention Gap). Let τ [:r]

i denote the
rank-r truncated SVD approximation of τi,
retaining the top-r singular values.
Under the same first-order approximation
used in Appendix A.1, the task retention gap

Gi =
(
Li(θ0 + τ

[:r]
i )− Li(θ0 + τi)

)2

increases monotonically as r decreases.

Proof. Using first-order Taylor expansion around
θ0, Using first-order Taylor expansion around θ0,

Li(θ0 + δ) ≈ Li(θ0) + ⟨∇θLi(θ0), δ⟩F .

Hence,

Gi ≈
(〈

∇θLi(θ0), τ
[:r]
i − τi

〉
F

)2
.

Using the standard approximation

∇θLi(θ0) ≈ −τi,

we obtain

Gi ≈
〈
−τi, τ

[:r]
i − τi

〉2

F
.

Let

τi = UiΣi (Vi)
⊤ , τ

[:r]
i = U

[:r]
i Σ

[:r]
i

(
V

[:r]
i

)⊤
.

Define the residual tail:

Rr = τi − τ
[:r]
i = U

[r:]
i Σ

[r:]
i

(
V

[r:]
i

)⊤
,

Then,

τi = τ
[:r]
i +Rr.

By orthogonality of singular components,

⟨τ [:r]
i ,Rr⟩F = 0.

Therefore,

⟨τi,Rr⟩F = ∥Rr∥2F .
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Hence,

Gi ≈ ∥Rr∥4F =
(
∥Σ[r:]

i ∥2F
)2

.

Since the tail energy

∥Σ[r:]
i ∥2F

monotonically increases as fewer singular values
are retained (i.e., as r decreases), it follows that Gi

also increases monotonically as r decreases.

A.3 Proof on Null-Space Projection of the
Whitened Principal Subspace

Proposition 1 (Null-Space Projection of the
Whitened Principal Subspace). Let Ûs de-
note the whitened principal basis with or-
thonormal columns, i.e., Û⊤

s Ûs = I , and
define the orthogonal projection matrix

P⊥ = I − ÛsÛ
⊤
s .

Then, for “whitened” principal task vector
τ̂
[:r]
t of Eq. (18) that lies in the column space

of Ûs, we have

P⊥τ̂
[:r]
t = 0.

Proof. By construction, each whitened principal
task vector τ̂ [:r]

t lies in the subspace spanned by
Ûs. Hence, there exists a coefficient vector ct such
that

τ̂
[:r]
t = Ûsct.

Applying the null-space projection P⊥ yields

P⊥τ̂
[:r]
t =

(
I − ÛsÛ

⊤
s

)
Ûsct

= Ûsct − ÛsÛ
⊤
s Ûsct

= Ûsct − Ûs

(
Û⊤

s Ûs

)
ct

= Ûsct − Ûsct

= 0,

where we use the orthonormality condition
Û⊤

s Ûs = I .

A.4 Proof on Null-Space Projection Induced
by the Whitened Basis

Proposition 2 (Null-Space Projection In-
duced by the Whitened Basis). Let Ûl ∈
Rd×(r×T ) denote the whitened left singu-
lar vectors with orthonormal columns, i.e.,
Û⊤

l Ûl = I . Define the projection matrix as

P = ÛlÛ
⊤
l ,

and the corresponding null-space projection
as

P⊥ = I − P .

Then, the null-space projection completely
removes all components lying in the sub-
space spanned by Ûl, i.e.,

P⊥Ûl = 0.

Proof. Assumption. Assume that Ûl ∈ Rd×(r×T )

has orthonormal columns, i.e., Û⊤
l Ûl = I .

Derivation. By definition, the null-space projec-
tion matrix is given by

P⊥ = I − ÛlÛ
⊤
l .

Applying P⊥ to Ûl, we obtain

P⊥Ûl = (I − ÛlÛ
⊤
l )Ûl.

Argument. Using the orthonormality of Ûl, we
have

ÛlÛ
⊤
l Ûl = Ûl(Û

⊤
l Ûl) = Ûl.

Therefore,

P⊥Ûl = Ûl − Ûl = 0.

Conclusion. Thus, the null-space projection P⊥
exactly removes all components lying in the sub-
space spanned by Ûl.
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r = (1)* 1% 2% 3% 4% 5% 10% 12.5%∑
i Ji 1.8752 7.4368 8.4864 9.2128 9.7438 10.1184 11.552 12.0448∑
iGi 0.4844 0.1775 0.1327 0.1058 0.0885 0.0774 0.0428 0.0336

F (r) 2.3596 7.6143 8.6191 9.3186 9.8323 10.1958 11.5948 12.0784
PRIME 82.12 83.73 83.64 83.65 83.70 83.76 83.14 82.61

Table 7: (T5) Performance of PRIME at r∗ selected using the automatic rank selection method based on F (r), along
with nearby grid values, for T5. The table also reports the corresponding

∑
i Ji,

∑
i Gi, and F (r). Note that F (r)

increases immediately after r = 1, resulting in r∗ = 1.

r = (1) 1% 2%* 3% 4% 5% 10% 12.5%∑
i Ji 0.0000 0.0256 0.0384 0.0573 0.0749 0.0960 0.2048 0.2688∑
iGi 0.2075 0.1809 0.1686 0.1592 0.1506 0.1431 0.1110 0.0982

F (r) 0.2075 0.2065 0.2070 0.2166 0.2255 0.2391 0.3158 0.3670
PRIME 58.74 64.20 64.25 64.35 64.33 64.31 63.74 63.20

Table 8: (LLaMA-3.2-1B) Performance of PRIME at r∗ selected using the automatic rank selection method based
on F (r), along with nearby grid values, for LLaMA-3.2-1B. The table also reports the corresponding

∑
i Ji,

∑
i Gi,

and F (r). Note that F (r) exhibits a relatively flat region at small r and begins to increase more clearly beyond
approximately 2%, resulting in r∗ = 2%.

r = (1) 1%* 2% 3% 4% 5% 10% 12.5%∑
i Ji 0.0000 0.032 0.0576 0.0767 0.1003 0.1280 0.2752 0.3648∑
iGi 0.1940 0.1649 0.1539 0.1443 0.1358 0.1279 0.0962 0.0835

F (r) 0.1940 0.1969 0.2115 0.2211 0.2361 0.2559 0.3714 0.4483
PRIME 66.08 75.40 75.19 75.29 75.03 74.88 74.05 73.56

Table 9: (LLaMA-3.2-3B) Performance of PRIME at r∗ selected using the automatic rank selection method based
on F (r), along with nearby grid values, for LLaMA-3.2-3B. The table also reports the corresponding

∑
i Ji,

∑
i Gi,

and F (r). Note that F (r) exhibits a relatively flat region at small r and begins to increase more clearly beyond
approximately 1%, resulting in r∗ = 1%.

B Result of Adaptive Rank Selection

Empirical analysis of adaptive rank selection.
Tables 7, 8, and 9 report

∑
i Ji,

∑
iGi, the sur-

rogate objective F (r), and PRIME performance
across nearby rank candidates. Overall, the se-
lected rank r∗ consistently lies in the ultra-low-rank
regime and aligns with strong-performing regions.

For T5, F (r) increases immediately after r = 1,
yielding r∗ = 1. This suggests that retaining only
the dominant singular direction is sufficient to bal-
ance interference reduction and task retention. De-
spite this highly compact setting, PRIME remains
competitive, with nearby ranks (1–5%) showing
similarly strong performance.

For LLaMA-3.2-1B, F (r) is relatively flat at
small ranks and reaches its minimum near r =
2%, after which it increases steadily. PRIME also
achieves its best performance in this region.

For LLaMA-3.2-3B, the minimum of F (r) ap-
pears near r = 1%, while performance remains
stable across neighboring ranks (1–3%), indicating
robustness to small rank changes.

These results show that the optimal principal
rank depends on model architecture, and that min-
imizing F (r) provides a practical criterion for se-
lecting an effective ultra-low-rank region.
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C Performance of Pincipal Task Vector
on LLaMA-3.2-1B
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Figure 5: Performance comparison between the original
task vectors and the ultra-low-rank principal task vec-
tors when merging eight NLP tasks on LLaMA-3.2-1B.
Despite aggressive rank truncation, the principal task
vectors preserve nearly all task-specific utility, retaining
approximately 98% of the original performance on av-
erage.
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Figure 6: Performance comparison before and after
whitening of the ultra-low-rank principal task vectors
when merging eight NLP tasks on LLaMA-3.2-1B.
Whitening preserves task performance while prepar-
ing the principal vectors for interference-aware merging,
with approximately 88% average performance retention.

Figure 5 and Figure 6 present the results for the
LLaMA-3.2-1B model corresponding to Figure 3
and Figure 4.

D Performance of Pincipal Task Vector
on LLaMA-3.2-3B
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Figure 7: Performance comparison between the original
task vectors and the ultra-low-rank principal task vec-
tors when merging eight NLP tasks on LLaMA-3.2-3B.
Despite aggressive rank truncation, the principal task
vectors preserve nearly all task-specific utility, retaining
approximately 99% of the original performance on av-
erage.
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Figure 8: Performance comparison before and after
whitening of the ultra-low-rank principal task vectors
when merging eight NLP tasks on LLaMA-3.2-3B.
Whitening preserves task performance while prepar-
ing the principal vectors for interference-aware merging,
with approximately 96% average performance retention.

Figure 7 and Figure 8 present the results for the
LLaMA-3.2-3B model corresponding to Figure 3
and Figure 4.
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Figure 9: osine similarity among task-specific principal
subspaces and the merged residual vector on T5, before
and after applying PRIME-Merging. Before projection,
several principal subspaces exhibit non-negligible over-
lap, indicating potential cross-task interference. After
PRIME, off-diagonal similarities are nearly eliminated,
and the merged residual vector becomes approximately
orthogonal to the principal subspaces. These results
verify that PRIME effectively suppresses subspace in-
terference while preserving complementary residual in-
formation.

Figure 9 shows cosine similarities among princi-
pal task subspaces and the merged residual vector
on T5. Before PRIME, several task subspaces over-
lap, indicating potential interference during merg-
ing. After PRIME, most off-diagonal similarities
are nearly zero, and the residual vector becomes ap-
proximately orthogonal to the principal subspaces.
This confirms that PRIME reduces subspace in-
terference while preventing residual updates from
re-entering the principal space.
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Figure 10: osine similarity among task-specific principal
subspaces and the merged residual vector on LLaMA-
3.2-1B, before and after applying PRIME-Merging. Be-
fore projection, several principal subspaces exhibit non-
negligible overlap, indicating potential cross-task in-
terference. After PRIME, off-diagonal similarities are
nearly eliminated, and the merged residual vector be-
comes approximately orthogonal to the principal sub-
spaces. These results verify that PRIME effectively sup-
presses subspace interference while preserving comple-
mentary residual information.

Figure 10 shows cosine similarities among prin-
cipal task subspaces and the merged residual vector
on LLaMA-3.2-1B.
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Figure 11: osine similarity among task-specific principal
subspaces and the merged residual vector on LLaMA-
3.2-3B, before and after applying PRIME-Merging. Be-
fore projection, several principal subspaces exhibit non-
negligible overlap, indicating potential cross-task in-
terference. After PRIME, off-diagonal similarities are
nearly eliminated, and the merged residual vector be-
comes approximately orthogonal to the principal sub-
spaces. These results verify that PRIME effectively sup-
presses subspace interference while preserving comple-
mentary residual information.

Figure 11 shows cosine similarities among prin-
cipal task subspaces and the merged residual vector
on LLaMA-3.2-3B.

H Cosine Similarity on LLaMA-3.2-3B

Algorithm 1 PRIME-Merging Procedure

Require: τt,l: Task Vectors
r: Rank

▷ Identify Principal and Residual
for i ∈ {1, · · · , n} do

Ui,Σi,V
T
i = SVD (τi)

τ
[:r]
i = U

[:r]
i Σ

[:r]
i

(
V

[:r]
i

)⊤

τ
[r:]
i = τi − τ

[:r]
i

end for
▷ PRIME-Merging
Us = [U

[:r]
1 |U [:r]

2 | . . . |U [:r]
n ]

Σs = [Σ
[:r]
1 |Σ[:r]

2 | . . . |Σ[:r]
n ]

Vs = [V
[:r]
1 |V [:r]

2 | . . . |V [:r]
n ]

Ûs = Whitening (Us)
V̂s = Whitening (Vs)

▷ Orthogonal Residual Task Vector Merging

τ̂
[:r]
m,l = ÛsΣs

(
V̂s

)⊤
, P⊥ = I−Ûs

(
Ûs

)⊤

τ̂
[r:]
m = P⊥

(
Merge

(
{τ [r:]

i }ni=1

))

τ̂m = τ̂
[:r]
m + τ̂

[r:]
m

The PRIME-Merging procedure is summarized
in Algorithm 1. Given task vectors, PRIME first
decomposes each vector into a low-rank principal
component and a residual component via truncated
SVD.

The overall workflow consists of two stages:
(i) ultra-low-rank principal merging, where com-
pact principal components are jointly whitened and
merged to suppress cross-task interference within
the shared subspace; and (ii) orthogonal residual
merging, where the remaining residual components
are merged and projected onto the orthogonal com-
plement of the principal subspace to recover addi-
tional task-specific information without reintroduc-
ing conflicts.

The final merged task vector is obtained by
combining the merged principal and residual com-
ponents. Through this structured decomposition,
PRIME simultaneously reduces interference and
preserves task-relevant information during model
merging.
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I Training Parameters - LLaMA-3.2-1B

Dataset Epochs Batch Size LR

MMLU 4 512

2× 10−5

HS 3 256

AGN 4 512

CQA 5 256

MNLI 1 512

WG 3 512

MRPC 5 64

WiC 5 32

Table 10: Fine-tuning hyperparameters for the LLaMA-
3.2-1B model

The LLaMA-3.2-1B model was fine-tuned on
four NVIDIA RTX A6000 GPUs using the Hug-
ging Face Transformers Trainer framework (Wolf
et al., 2020). We used the AdamW optimizer, a co-
sine learning rate schedule, and a warmup ratio of
1%.

J Training Parameters - LLaMA-3.2-3B

Dataset Epochs Batch Size LR

MMLU 4 512

2× 10−5

HS 3 256

AGN 4 512

CQA 5 256

MNLI 1 512

WG 3 512

MRPC 5 64

WiC 5 32

Table 11: Fine-tuning hyperparameters for the LLaMA-
3.2-3B model

The LLaMA-3.2-3B model was fine-tuned on
four NVIDIA RTX A6000 GPUs using the Hug-
ging Face Transformers Trainer framework (Wolf
et al., 2020). We used the AdamW optimizer, a co-
sine learning rate schedule, and a warmup ratio of
1%.
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K Fine-tuning Models of T5

For the T5 model, we use the fine-tuned models
provided by FusionBench (Tang et al., 2025a). De-
tails of the models fine-tuned on each dataset are
as follows:

• CoLA: https://huggingface.co/
tanganke/flan-t5-base_glue-cola

• MNLI: https://huggingface.co/
tanganke/flan-t5-base_glue-mnli

• MRPC: https://huggingface.co/
tanganke/flan-t5-base_glue-mrpc

• QNLI: https://huggingface.co/
tanganke/flan-t5-base_glue-qnli

• QQP: https://huggingface.co/
tanganke/flan-t5-base_glue-qqp

• RTE: https://huggingface.co/
tanganke/flan-t5-base_glue-rte

• SST2: https://huggingface.co/
tanganke/flan-t5-base_glue-sst2

• STSB: https://huggingface.co/
tanganke/flan-t5-base_glue-stsb

In the merging experiments involving the T5
model, we exclusively use the fine-tuned models
provided by FusionBench, while implementing the
merging and benchmarking code ourselves.

L List of Datasets

• T5 - GLUE (Wang et al., 2018) Task Fool
CoLA (Warstadt et al., 2019),
MNLI (Williams et al., 2018),
MRPC (Dolan and Brockett, 2005),
QNLI (Rajpurkar et al., 2016),
QQP (qqp),
RTE (Giampiccolo et al., 2007),
SST2 (Socher et al., 2013),
STSB (Cer et al., 2017)

• LLaMA-3.2 - Custom Task Fool
MMLU (Hendrycks et al., 2021b,a),
HellaSwag (Zellers et al., 2019),
AG News (Zhang et al., 2016),
CommonsenceQA (Talmor et al., 2019),
MNLI (Williams et al., 2018),
WinoGrande (Sakaguchi et al., 2019),
MRPC (Dolan and Brockett, 2005),
WiC (Pilehvar and Camacho-Collados, 2019)

• MMLU: https://huggingface.co/
datasets/cais/mmlu

• HellaSwag: https://huggingface.co/
datasets/Rowan/hellaswag

• AGNews: https://huggingface.co/
datasets/fancyzhx/ag_news

• CommonsenceQA: https://huggingface.
co/datasets/tau/commonsense_qa

• MNLI: https://huggingface.co/
datasets/SetFit/mnli

• Winogrande: https://huggingface.co/
datasets/XiaHan19/winogrande4MC

• MRPC: https://huggingface.co/
datasets/SetFit/mrpc

• WiC: https://huggingface.co/
datasets/Deehan1866/WiC
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M Beta Zero Subspace Boosting

The formulation of Subspace Boosting
(SB) (Anonymous, 2025) is summarized as
follows:

Σm = diag
(
[σ(1)

m , σ(2)
m , . . . , σ(d)

m ]
)

(24)

n̂ = min

{
n ∈ {1, . . . , d}

∣∣∣∣∣

∑n
i=1 σ

(i)
m∑d

i=1 σ
(i)
m

≥ β

}

(25)

Σ̃m = diag
(
[σ(1)

m , . . . , σ(n̂−1)
m , σ(n̂)

m , . . . , σ(n̂)
m ]

)

(26)
As shown in Eq. (25), SB determines an index

n̂ as a function of the Beta parameter β, and flat-
tens all singular values with indices greater than
n̂ to the value at that index. This operation equal-
izes the scaling of lower-energy singular directions,
preventing the merged representation from being
dominated by a small number of high-energy direc-
tions. When β is set to 0.0, the resulting index n̂
consistently becomes 1, regardless of the original
singular value distribution. Under this setting, all
singular values are flattened to the largest singu-
lar value, and the SB formulation can therefore be
simplified as follows:

Σ̃m = diag
(
[σ(1)

m , σ(1)
m , . . . , σ(1)

m ]
)

(27)

The original SB paper also reports results for the
setting where the Beta parameter β is set to 0.0,
demonstrating that this configuration yields com-
petitive performance. Motivated by this observa-
tion, we adopt the β = 0.0 setting in our implemen-
tation. To further simplify the overall procedure
and reduce unnecessary complexity, we modify
the original formulation accordingly, as described
above.

N Scaled-Subspace Boosting

In this section, we present Subspace Boosting
(SB) (Anonymous, 2025) and Scaled-Subspace
Boosting (S-SB), a slightly modified variant used
in our experiments. We first briefly review the orig-
inal SB approach (Anonymous, 2025) and then de-
scribe the modified version adopted in our method.

To apply SB, we first require a merged task vec-
tor, which is computed as

τm =
1

n

n∑

i=1

τi. (28)

SB argues that rank collapse may occur when
task vectors are merged via weighted summation,
and mitigates this issue by modifying the singular
values through SVD. Specifically, the merged task
vector is decomposed as

τm = UmΣmV ⊤
m , (29)

where

Σm = diag
(
[σ(1)

m , σ(2)
m , . . . , σ(d)

m ]
)
. (30)

The SB procedure then constructs a modified sin-
gular value matrix by flattening the singular values
as

Σ̃m = diag
(
[σ(1)

m , σ(1)
m , . . . , σ(1)

m ]
)
, (31)

which yields the boosted merged task vector

τ̃m = UmΣ̃mV ⊤
m . (32)

In the original SB formulation (Anonymous,
2025), this flattening operation is controlled by
a Beta parameter. In our experiments, we observe
that setting Beta = 0.0 consistently yields strong
performance, corresponding to flattening all sin-
gular values to the largest singular value σ

(1)
m , as

shown in Eq. (31) and discussed in Appendix M.

Scaled-Subspace Boosting (S-SB) S-SB extends
SB with Beta = 0.0 by introducing an additional
scaling factor. Specifically, Eq. (31) is modified as

Σ̃m = diag
(
[ασ(1)

m , ασ(1)
m , . . . , ασ(1)

m ]
)
, (33)

where α is a scaling factor applied uniformly to the
flattened singular values.

This scaling is motivated by the observation that,
in PRIME, the residual task vectors have already
had their principal subspace components removed,
and that projecting them via P⊥ may reduce their
overall norm. The scaling factor α compensates for
this effect by amplifying the remaining singular
values. Based on empirical validation, we set α =
1.7 in all experiments.

As shown in Table 4, applying S-SB yields an
additional performance improvement of 0.26%p
compared to the original PRIME.
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O Additional Result

Type Model MMLU HS AGN CQA MNLI WG MRPC WiC Avg.
Original Base 27.64 25.05 31.41 21.29 35.44 49.49 66.49 50.00 38.35

Individual FT 49.25 84.44 94.99 71.99 88.61 70.72 86.96 71.43 77.30

Merging

TA 38.06 38.10 77.39 51.43 36.93 55.96 66.78 50.21 51.86
TIES 39.27 49.99 76.20 52.33 43.22 60.85 68.81 53.07 55.47
DARE 38.40 37.46 77.29 52.01 37.73 55.33 67.83 51.14 52.15
DELLA 37.70 49.23 75.29 48.81 44.82 63.69 70.26 51.86 55.21
Iso-C 35.86 30.55 73.24 46.85 35.50 50.20 65.91 48.57 48.34
Iso-CTS 35.77 28.59 75.26 45.86 35.44 49.64 64.23 49.93 48.09
SB 44.07 67.65 87.28 64.95 46.64 63.85 69.86 52.93 62.15
TSV 43.56 70.03 87.13 66.42 48.26 65.35 70.26 54.00 63.13
PRIME 43.37 72.81 87.13 66.34 50.03 66.46 72.35 55.14 64.20

Table 12: Performance of merging LLaMA-3.2-1B models fine-tuned on eight NLP tasks. For LLaMA-3.2-1B,
whose task vectors satisfy τi ∈ Rd′×d, PRIME operates in an ultra-low-rank regime, where the principal rank is
determined according to the model dimensions..

Type Model MMLU HS AGN CQA MNLI WG MRPC WiC Avg.
Original Base 27.64 25.05 31.41 21.29 35.44 49.49 66.49 50.00 38.35

Individual FT 49.25 84.44 94.99 71.99 88.61 70.72 86.96 71.43 77.30

Merging
PRIME 43.37 72.81 87.13 66.34 50.03 66.46 72.35 55.14 64.20
PRIME(TIES) 43.14 71.61 86.76 64.62 48.45 67.56 70.90 54.43 63.43
PRIME(S-SB) 43.64 73.21 87.46 66.26 50.59 67.09 72.35 55.43 64.50

Table 13: This table reports the performance obtained by varying the Merge(·) operation in Eq. 20 on LLaMA-3.2-
1B models. S-SB denotes Scaled-Subspace Boosting, which is described in Appendix M and N.

Type Model MMLU HS AGN CQA MNLI WG MRPC WiC Avg.
Original Base 30.84 27.19 63.89 51.35 35.45 50.59 63.71 49.79 46.60

Individual FT 61.37 93.09 95.11 79.03 90.53 85.71 87.19 75.07 83.39

Merging
PRIME 54.73 85.52 91.16 76.90 75.43 82.40 79.01 58.07 75.40
PRIME(TIES) 54.64 85.74 91.25 76.58 75.57 82.72 77.74 57.79 75.25
PRIME(S-SB) 54.96 86.14 91.62 76.41 75.93 82.87 78.38 58.86 75.65

Table 14: This table reports the performance obtained by varying the Merge(·) operation in Eq. 20 on LLaMA-3.2-
3B models. S-SB denotes Scaled-Subspace Boosting, which is described in Appendix M and N.

3436


