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Abstract. Multimodal Continual Instruction Tuning (MCIT) is crucial
for adapting Multimodal Large Language Models (MLLMSs) to evolving
a sequence of downstream tasks. Prior methods mostly utilize Mixture-
of-Experts or expansion—merge approach, primarily focusing on catas-
trophic forgetting, yet they still suffer from negative interference during
inference, where newly learned updates overwrite useful prior knowledge
and degrade overall performance. To address this, we propose SIGMA
(Sign-Guided Merging and Adaptation), a simple yet effective frame-
work that mitigates negative interference with two components: sign-
guided adaptive tuning during training and sign-guided merging at in-
ference. Sign-guided adaptive tuning reduces collisions with past knowl-
edge and learns the current task with minimal drift, mitigating severe
forgetting. Sign-guided merging further improves consolidation by selec-
tively scaling salient parameters to preserve and amplify useful task-
specific knowledge. Experiments on UCIT and DCL benchmarks show
that SIGMA significantly reduces negative interference and outperforms
state-of-the-art MCIT methods. Our code is available at SIGMAL
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1 Introduction

Recently, Multimodal Large Language Models (MLLMs) [116,(231/24] have gained
significant attention for their strong instruction-following ability and effective vi-
sion—language alignment, achieving impressive performance across diverse tasks
[21,/261[33]. MLLMs are typically trained in pre-training followed by instruction
tuning; pre-training learns vision—text aligned representations, while instruction
tuning enables the model to follow user instructions for response generation.
This training allows for zero-shot capability on unseen instructions. However,
such zero-shot ability often fails to meet domain-specific needs, making addi-
tional instruction tuning necessary to adapt MLLMs to downstream tasks.
Multimodal Continual Instruction Tuning (MCIT) [5,8,/15,35,!38| enables
MLLMs to continually acquire novel knowledge while preserving previously learned
knowledge. One key well-known challenge in MCIT is catastrophic forgetting 28],
where learning new tasks significantly degrades performance on previously learned
tasks. In the context of MLLMs, catastrophic forgetting can manifest as the loss
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Fig. 1: Comparison of overall performance on UCIT benchmark. We report a holistic
metric over the continual instruction tuning process, computed as the average accuracy
on all previously seen tasks after training each task. While existing MoE and expan-
sion—merge approaches gradually suffer from performance degradation due to negative
interference and severe forgetting, SiGMA, which explicitly addresses negative inter-
ference, consistently maintains high overall performance.

of previously learned representation knowledge and degradation of instruction-
following capability. As a result, the model may generate responses with incorrect
content and fail to comply with user-specified constraints.

Conventional MCIT methods typically rely on LoRA to adapt MLLMs to
new tasks while preserving previously learned knowledge. Most prior work mit-
igates catastrophic forgetting through either Mixture-of-Experts (MoE)
or expansion—merge strategies . MokE distributes learned knowledge across
experts to reduce forgetting, whereas expansion—merge strategies train a task-
specific LoRA for each task, freeze it after training, and merge the learned LoRAs
at inference to consolidate task-specific knowledge. As shown in Figure[T] despite
their effectiveness in mitigating forgetting, both approaches remain vulnerable
to negative interference , where newly learned knowledge may overwrite ear-
lier knowledge and degrade comprehensive performance throughout the contin-
ual learning process. In consequence, beyond preventing catastrophic forgetting,
mitigating negative interference is essential for robust MCIT.

To this end, we propose the SIGMA (Sign-Guided Merging and Adaptation)
framework that combines two simple yet effective strategies: sign-guided adaptive
tuning during training and sign-guided merging at inference. The core idea of
SiGMA is to decouple LoRA weights into general (task-invariant) and specific
(task-variant) subspaces based on the parameter-wise sign pattern. From our
empirical observation, parameters that share the same sign across tasks can be
treated as a general subspace, whereas those with differing signs can be treated
as a specific subspace. During training, sign-guided adaptive tuning reduces col-
lisions with previously learned knowledge and adapts the current LoRA weights
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by leveraging both the pre-trained MLLM and the historical general subspace,
encouraging task learning with minimal drift. In inference, sign-guided merg-
ing integrates multiple LoRA weights by selecting salient parameters from the
specific subspace and scaling them to strengthen useful task-specific knowledge.
Through this dual strategy, SIGMA can mitigate performance degradation
throughout the continual instruction tuning process by explicitly addressing neg-
ative interference. Since negative interference occurs in consolidating previously
learned weights, merely preserving prior knowledge intact cannot tackle this
interference. As shown in Figure [T} the proposed SiGMA achieves promising im-
provements in mitigating performance degradation due to the negative interfer-
ence while effectively preserving previously acquired representation knowledge.
Finally, our contributions are summarized as follows:

— We propose SiGMA, a simple yet effective sign-decoupling framework that
aims to mitigate negative interference in continual instruction tuning. To the
best of our knowledge, it is the first work to introduce the sign-based weight
decoupling idea in continual instruction tuning.

— During training, the sign-guided adaptive tuning reduces knowledge colli-
sions by adapting current LoRA weights to the general subspace, acquiring
novel representations with minimal drift from prior knowledge.

— At inference, the sign-guided merging selectively amplifies crucial parameters
in the specific subspace to retain its useful knowledge while reducing the
impact of negative interference.

— SiGMA achieves state-of-the-art results on the UCIT (Unseen Continual
Instruction Tuning) 8] and DCL (Domain Continual Learning) [39] bench-
marks, and we further validate its effectiveness through extensive ablation
studies and in-depth analysis experiments.

2 Related Work

Multimodal Large Language Models. Instruction tuning has been crucial
in aligning large language models [17}/34] with human intention across diverse
contexts. Recent visual instruction tuning [23}/24] has extended this capability to
multimodal large language models (MLLMs) [3L[7,|40], by integrating visual and
text inputs for vision-language reasoning. However, most MLLMs are trained in
an offline and static manner. This prevents MLLMs from adapting to the non-
stationary nature of real-world tasks and evolving user requirements. In this
work, we study multimodal continual instruction tuning, aiming to continuously
improve the instruction following ability of MLLMs without severe forgetting
that arises in sequential adaptation.

Multimodal Continual Instruction Tuning. Multimodal Continual Instruc-
tion Tuning (MCIT) requires MLLMs to continually follow instructions across
successive tasks while preserving previously learned instruction-following abili-
ties. Prior MCIT methods primarily rely on Mixture-of-Experts [16,[31] or ex-
pansion—merge strategies to adapt to new tasks while preserving earlier ones:
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Fig. 2: Overview of SiGMA. During training, sign-guided adaptive tuning (left) de-
composes prior weights into general and task-specific subspaces to convey transferable
knowledge. During inference, sign-guided LoRA merging (right) consolidates weights
by selecting and scaling salient task-specific parameters, preserving crucial knowledge.

ColIN introduces an MCIT benchmark of eight datasets and proposes MoE-
LoRA to mitigate catastrophic forgetting. CL-MoE employs a dual-momentum
MOoE to route global and local experts. O-LoRA leverages orthogonal sub-
space learning with orthogonal loss. HIDE-LLaVA adopts task-specific ex-
pansion with task-general fusion.

While existing approaches can mitigate severe forgetting, they overlook neg-
ative interference during inference-time consolidation, where newly learned up-
dates can overwrite useful prior knowledge. The proposed SIGMA aims to alle-
viate the negative interference via sign-guided merging at inference and mitigate
severe parameter drift through sign-guided adaptive tuning during training.

3 Methodology: SiIGMA

We first formulate the multimodal continual instruction tuning (MCIT) problem
and present the base LoRA pipeline (§ . We then analyze negative interfer-
ence, which can be observed in the form of sign-conflicted parameters (§ .
Motivated by this, we introduce sign-based weight decoupling, the core mech-
anism of SIGMA (§ [3.3). Building on this, we detail sign-guided adaptive tun-
ing, which leverages previously learned weights to efficiently adapt the model
to the current task (§ . Finally, we present our sign-guided LoRA merging
strategy, which selectively masks and amplifies important parameters to retain
task-specific knowledge while minimizing negative interference (§ . Figure
shows an overall framework of the proposed SIGMA.

3.1 Preliminary

MCIT aims to learn from a continuous data stream while mitigating catastrophic
forgetting. We consider a pre-trained MLLM parameterized by 6 to be learned
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from a sequence of T' tasks. Each task ¢t € {1,...,T} is defined by a dataset
Dy = {(ab! 2t abi V3Nt where N; denotes the number of image-text paired
samples and s, Tins, and x4, s denote the input image, instruction, and answer
tokens, respectively. Given an image—text input pair with an target answer of
length L, the model is optimized to predict the next token in an autoregressive

manner using the standard objective function:

L
Lt == Zlogp(xfzns | mf}is7x§ns7x§7lzs;9)' (1)
=1

When learning task ¢, the goal of MCIT is to acquire novel knowledge from D,
while minimizing the forgetting of previous knowledge from D;.;_1. However,
naive fine-tuning suffers from severe catastrophic forgetting, which disrupts not
only the knowledge acquired from prior tasks but also the pre-trained founda-
tional capabilities. Therefore, it is crucial to retain this foundational knowledge
with the task-specific knowledge acquired during MCIT.

To achieve this, we utilize Parameter-Efficient Fine-Tuning (PEFT), which
adapts large models to downstream tasks with minimal parameters. In the con-
text of MCIT, Low-Rank Adaptation (LoRA) [14] is widely adopted due to its ef-
fectiveness. Given a frozen pre-trained weight matrix W € Réout*din LoRA mod-
els the learnable weight AW = B x A, using two low-rank matrices A € R"*%in
and B € R%uwtX" where the low-rank 7 < min(dyus, din ). The modified weight
matrix W’ during training is formulated as

W' =W + AW =W + BA. (2)

By optimizing only A and B, LoRA achieves efficient adaptation while keeping
W frozen. In this work, we adopt an expansion-merge strategy as a base model.
We train task-specific LoRA modules (A, By) for each task t. At inference,
we consolidate these parameters into unified weights A’ = Zle A; and B’ =
2221 B; to enable comprehensive inference across all trained tasks.

3.2 Negative Interference in Continual Instruction Tuning

Existing MCIT methods widely employ Mixture-of-Experts (MoE) or expansion-
merge strategies to mitigate catastrophic forgetting. While effective in preserv-
ing learned knowledge, both approaches suffer from negative interference, where
newly acquired knowledge conflicts with prior one. The negative interference
harms the model’s knowledge representation, as the weight consolidation can
overwrite and distort preserved knowledge. Therefore, addressing negative inter-
ference is as crucial as mitigating catastrophic forgetting in MCIT.

Our research starts from the observation that the negative interference is
highly correlated with the parameter signs. Given previously learned weights
Woiq and newly learned weights W,.,,, we partition the parameter space into a
sign-aligned subspace 454 and a sign-conflicted subspace R.o,f. When consol-
idating weights, we assume that the effects differ significantly across subspaces.
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Fig. 3: Impact of sign-based subspaces on continual learning performance. We train
separate LoRA modules for ImageNet-R, ArxivQA, and CLEVR to preserve task-
specific knowledge, and then merge them at inference. W44 represents merging only
sign-aligned weights, while Weon s represents merging only sign-conflicted weights.

In the sign-aligned subspace, weights share the same sign, so their magnitudes
tend to accumulate, potentially reinforcing the learned knowledge. In contrast,
in the sign-conflicted subspace, weights have opposing signs, which can cause
cancellation during merging, reducing the effective magnitude and degrading
the corresponding representation knowledge. This is formulated as follows:

Ratig = {ilsen(Wyi3) = sen(W{2,)}. Reons = {ilsgn(W,)) # sen(WiD,)}, (3)

[Woid™ + W™ | = (W™ | + W™
Reonys Reonf Reonf Reonys .

W37+ Whew™ | < [Woi™™ | + [Whew (Negative Interference). (5)

(Positive Interference), (4)

The negative interference due to opposing signs leads to a diminishing magnitude
of the consolidated weights. This cancellation during weight consolidation may
cause severe performance degradation despite the intention of consolidation to
harmonize prior knowledge.

For empirical validation, we conduct experiments to analyze the effects of
sign-aligned and sign-conflicted subspaces. We employ “Single Training” (i.e.,
independent training on each task) as an upper-bound baseline, representing
the optimal performance for a specific task. As shown in Figure [3] merging the
sign-aligned subspace W4 preserves performance close to the baseline and,
for ArxivQA, even surpasses the baseline, showing the aligned subspace tends
to contribute to positive interference. In contrast, merging the sign-conflicted
subspace W,y ¢ causes severe degradation. This hints that opposing signs tend to
cause negative interference, where weight cancellation may lead imparing of prior
knowledge and pose the weights in a suboptimal state, compromising both old
task (e.g., ImageNet-R) and new tasks (e.g., ArxivQA and CLEVR). We provide
diverse case studies in the supplementary material that further demonstrate the
observed behaviors of sign-aligned and sign-conflicted subspaces.

3.3 Sign-based Weight Decoupling

To address the negative interference in MCIT based on the observation in § [3.2]
we propose sign-based weight decoupling, which partitions weights into sign-
aligned and sign-conflicted subspaces. Using the proposed decomposition, we
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not only leverage the sign-aligned subspace during the training to transfer prior
positive knowledge, but also handle the sign-conflicted subspace in inference to
mitigate negative interference. To the best of our knowledge, this is the first sign-
based decoupling approach explicitly designed to mitigate negative interference.
Given the weights W4 trained up to the previous task and the weights
Weur for the current task, we compute binary general mask MY for the aligned
subspace and the specific mask M* for the conflicting subspace as follows:

MI =T (sgn (Weoa) =sgn Whew)), M?® =1(sgn (Wea) # sgn (Whew)), (6)

where I(-) and sgn(-) denote indicator function and sign function, respectively.
We decompose Woq into a general subspace W9, = M9 ® W4 and a specific
subspace W3, = M*® © Wyq4, where © denotes the element-wise product. The
M9 and M*® masks form a partition over the parameters (i.e., M9 ® M* = 0
and MY+ M?® = 1), ensuring that the sum of the general and specific subspaces
exactly reconstructs the original old weights Wo;4.

Intuitively, Woﬂ 4 contains the subset of parameters where the signs of W4
and W, are aligned. Since this alignment indicates that the optimization land-
scapes of the previous and current tasks are consistent, W7, represents task-
invariant knowledge that can serve as a stable basis for learning the new task.
In contrast, W3, consists of parameters with opposing signs, indicating task-
specific knowledge that is crucial for the previous tasks but conflicts with the
information of current task.

3.4 Sign-Guided Adapative Tuning

Building upon the sign-based weight decoupling strategy, we propose sign-guided
adaptive tuning. This approach facilitates the learning of the current task ¢ by
effectively leveraging transferable knowledge from previous tasks while filtering
out conflicting information.

During the training of task ¢, we first construct a consolidated representaion
of prior knowledge. We aggregate the low-rank matrices A and B separately
across all t — 1 previous tasks:

t—1 t—1 t—1
AWpTe'U = (Z Bi) <Z Az) - Z BiAi + Z BiAj. (7)
i=1 i=1 i=1 i#£]

By combining weights from different tasks, we explore a broader latent subspace
that captures transferability across tasks, rather than limiting the model to the
disjoint union of previous task spaces (i.e., applying only first term in Eq. E[)
Then, we dynamically decompose AW, based on the evolving current LoRA
weights, AW.,,. = B As, to build a general subspace AW;?T&U' We strictly utilize

the sign-aligned general subspace to transfer knowledge to the current task. The
modified forwarding process during training is as follows:

W' =Wy + AWY. 4+ AWy, where (8)

prev

AWS =M O AWypew, M7 =T1(sgn (AWprey) = sgn (AWeyr)) . (9)

prev
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Wy denotes the frozen pre-trained weights. The proposed sign-guided adaptive
tuning has the property of dynamic adaptation. Although the aggregated prior
weight AW),,.¢, remains static, the extracted general subspace AW, updates
throughout the training process. As the current weight AW,,,. updates, the sign
alignment shifts, allowing the model to adaptively retrieve different parameters
for the prior knowledge that align with the current optimization direction.

In summary, the proposed sign-guided adaptive tuning provides two key ben-
efits. First, it facilitates the exploration of new knowledge by using the trans-
ferable parameters in AW, as a basis. Second, it imposes a soft regular-
ization constraint. By ensuring alignment with the general subspace of prior
knowledge, new task parameters do not deviate drastically from the previously
learned weight space. Consequently, this alignment minimizes the conflict be-
tween AW,y and AW,,.eo, reducing the risk of negative interference during

final consolidation.

3.5 Sign-Guided LoRA Merging

While the proposed sign-guided adaptive tuning effectively aligns transferable
knowledge during training, the remained task-specific subspaces tend to suffer
from negative interference. Since these subspaces contain unique, task-dependent
knowledge defined by divergent optimization directions, simply aggregating them
leads to severe negative interference, where conflicting parameters disrupt each
other. To address this at the inference stage, we propose sign-guided LoRA merg-
ing, which selectively strengthens salient task-specific parameters while filtering
out noise-like parameters, ensuring that the unique characteristics of each task
are preserved within the unified model.

After training up to task t, weight merging is needed to infer the model
to represent the overall learned knowledge. To partition between general and
specific subspaces consistently across all tasks, we use the LoRA weights from
the first task AW; as the anchor weights. AW; should provide the stable basis
for defining the parameter space, since it serves as the adaptation of the pre-
trained model and is utilized through all subsequent training tasks in adaptive
tuning. For every subsequent task k € {2,...,t}, we decouple the weights AW},
based on the anchor AW, into general subspace AW/, whose signs align with
those of the anchor and specific subspace AW}, whose signs oppose those of the
anchors. The sign-guided decomposition by anchor weights can be formulated as

AW = MI © AWy, AW} = M @ AW, (10)

where M and M} denote binary masks computed by Eq. @ The general
subspace AW} captures transferable updates that can be safely aggregated,
while the specific subspace AW} contains opposite-sign updates and therefore
must be handled carefully to avoid knowledge collisions.

To mitigate this collision, we propose a selecting and scaling strategy. We first
filter AW} to retain only the most significant parameters (e.g., those with large
magnitudes), thereby removing small noise-like weights that may contribute to
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interference. Then, we amplify the selected parameters using a scaling factor
computed from the cosine distance di, = §(AW, AW}) between selected specific
parameters from AW7 and those from AW}. Since the specific subspace has
opposite signs to the anchor, the distance is empirically greater than 1 (i.e.,
dj, > 1). Thus, the sign-guided LoRA merging is formulated as

AW = AW, © Mg, where M = Mi ANTI(|AW,| > A|AWL]), (1)

Xand M © denote a temperature factor for anchor weights and the selected binary
mask for a specific subspace. For inference, we unify all trained LoRA weights
with the pre-trained weight Wy. The final unified weight merging becomes

t
W' =Wy + AWy + Y (AW} + de AW}). (12)
k=2

In summary, we identify salient parameters within the task-specific weights and
scale them based on the degree of their specificity relative to the anchor weights.
By suppressing the integration of insignificant weights while amplifying crucial
task-specific weights, the proposed merging strategy effectively minimizes in-
terference during the weight consolidation process. We summarize the overall
algorithm of the SIGMA in the Appendix.

4 Experiments

We demonstrate that SIGMA effectively mitigates negative interference and sub-
sequently improves the performance of MCIT across various benchmarks.

4.1 Experimental Settings

MCIT Benchmarks. We evaluate SIGMA on two behcnmarks: (1) UCIT (Un-
seen Continual Instruction Tuning) [§] includes six instruction-tuning datasets
including ImageNet-R [13|, ArixivQA [20]|, Vizwiz |11], IconQA [27], CLEVR-
math [22]|, and Flicker30k [29]. They are chosen for LLaVA’s weak zero-shot
performance and filtered to avoid overlap with LLaVA’s pre-training data, min-
imizing information leakage. (2) DCL (Domain Continual Learning) [39] can
test the model trained sequentially across multiple domains, including remote
sensing [25]|, medical [12], autonomous driving [32], science [4}/10}(18}/19], and
finance [36,[39]. The severe domain shifts in the DCL benchmark often lead to
strong cross-domain interference and significant forgetting.

Evaluation Metrics. Following standard continual learning evaluation proto-
cols [8L|37], we report Last, Average, and Forgets to assess the performance. (1)
Last is the accuracy on each previously seen task measured after training on the
final task. (2) Average is reported in two forms; Avg. All is the mean of the last
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UCIT ImageNet Arxiv VizWiz IconQA CLEVR Flicker30k Avg. All Forgets
Zero-shot 16.20  53.73 38.34 19.20 20.67 41.84 31.66 -
 LoRA-FT [ICLR22]  61.90 7820 4452 4973 5270 5753 5743 -17.02
O-LoRA [EMNLP’23| 7273 7777 43.87 4583  55.33 57.27 58.80 -13.70

MoE LoRA [NeurIPS’24] 68.73  77.83 4441 49.80 50.87 57.37 58.17 -15.24

CL-MoE [CVPR’25] 68.00 77.50 43.92 52.37 53.17 57.80 58.79  -15.29
HiDe LLaVA [ACL’25] 84.70 90.53 49.98 4943  45.07 52.30 62.00 -5.58
DISCO [ICCV’25] 80.83  92.07 46.24 50.70  50.97 56.66 62.91 -6.27
 SiGMA (Ours) 8340 94.07 54.83 5103 57.83 5587  66.17 -4.81
DCL RS MED AD Sci Fin Avg. All  Forgets
Zero-shot 32.29 2828 1559 3555  62.56 34.85 -
 LoRA-FT [ICLR'22]  69.65 4159 2543 40.88 87.45  53.00  -14.97
O-LoRA [EMNLP’23| 76.04 44.71  36.60 46.35  90.19 58.78 -9.75
MOoE LoRA [NeurIPS’24] 77.16  47.76  30.77 41.34  89.50 57.31 -12.19
CL-MoE [CVPR’25| 7291  49.67 36.00 4293 90.22 58.35 -11.56
HiDe LLaVA [ACL’25| 78.84 51.22 38.09 46.68 85.11 59.99 -3.86
DISCO [ICCV’25] 75.60 44.07 51.68 4540 85.36 60.42 -5.44
 SiGMA (Ours) 7820 59.75 3536 50.73 8745  62.30  -2.14

Table 1: Comparison with recent methods on the UCIT (top) and DCL (bottom)
benchmark in terms of Last, Avg. All, and Forgetting. The best and second-best results
are highlighted in bold and underline, respectively.

accuracies across all tasks, and Avg. Each is the average accuracy evaluated im-
mediately after the last task. (3) Forgets is the average drop in accuracy for each
task, defined as the difference between its accuracy immediately after training
and its final accuracy after the last task. In summary, Avg. All, Avg. Each, and
Forgets respectively reflect overall knowledge retention, the ability to learn new
tasks, and the extent of catastrophic forgetting in continual learning.

Implementation details. We use LLaVA-v1.5-7B [23] as the backbone model
in all experiments. Following the LoRA fine-tuning setup from LLaVA, we insert
LoRAs into the linear layers of the language model with a low-rank set to 16.
We apply the proposed sign-guided adaptive tuning to all layers except the final
output layers for next-token generation. For sign-guided LoRA merging, we set
the temperature A = 0.8. We set a batch size of 32 and 8 for all methods on
UCIT and DCL benchmarks. We run all experiments on RTX A6000 GPUs.

4.2 Main Results

We compare SiGMA with state-of-the-art LoRA-based continual instruction tun-
ing baselines such as LoRA-FT [14], O-LoRA [35], MoE LoRA [5]|, CL-MoE [15],
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SiGMA Metrics S-Tuning Metrics
S-Tuning S-Merge Avg. All Avg. Each Forgets LoRA A SWD Avg. All Avg. Each Forgets
62.42 67.41 -5.98 > Bid; 63.23 67.85 -5.54
/6335 6857 626 YL BiY,A 6242 6741  -5.98
v 6486 6856 -4.44 >, BA, < 6415 69.06 589
v v 6617 7018 481 YBiYL, A v 64.86  68.56 -4.44
(a) Ablation studies on SIGMA. (b) Analysis of S-Tuning.

Table 2: Ablation studies on S-Tuning and S-Merge of SIGMA (left), with analysis
of S-Tuning (right). We examine the contribution of each component of SIGMA and
analyze the effects of weight consolidation and sign-based weight decoupling (SWD).

S-Tuning Metrics S-Merge Metrics
Temp A (w/ di) Avg. All Avg. Each Forgets
A=0.(w/o)\) 5432 7069 -19.65

w/o top-k layers Avg. All Avg. Each Forgets

k=32 63.35 68.57 626 - N 0L _ T T 2T
k—16 6441 68.48 488 A=10.6 65.15 70.56 -6.49

k=5 6555  68.32  -5.38 I
- ' i A=08 (w/ody) 6269 6711  -5.30
,,,,kj,s,,,,§5,5§,,§9;7il,,:5,01,, A=0.8 66.17 70.18 -4.81
. _ k=t 6617 7018  -4.81 A=09 6599 69.96 476
k = 0 (all layer) 64.27 68.49 -5.07 A=1.0 65.89 69.81 -4.70
(a) Analysis of S-Tuning across the layer depth. (b) Analysis of sign-guided LoRA merging.

Table 3: Analysis of S-Tuning and S-Merge. We analyze the effect of S-Tuning across
layer depth (left) and the impact of the temperature factor A and amplification term
di in S-Merge (right) in terms of Average and Forgets.

Hide-LLaVA [8], and DISCO [9] on UCIT and DCL benchmarks. As shown in Ta-
ble[l} SIGMA achieves the best Avg. All and Forgets on UCIT, indicating strong
robustness to severe forgetting and negative interference. While HiDe-LLaVA
and DISCO reduce forgetting via task-specific expansion and task-general fusion
with auxiliary text encoders [30], SIGMA reports state-of-the-art performance
without auxiliary models by mitigating interference at inference time. Notably,
although all baselines score below 50.00% on VizWiz due to its difficulty and
severe forgetting, SIGMA improves over the second-best method by +4.85%.

On the DCL benchmark, where each task requires domain-specific knowledge
and the domain shifts are severe, prior methods suffer from severe forgetting, as
shown in Table [} In contrast, SIGMA achieves the best performance, outper-
forming the second-best method by +1.88% in Avg. All and +1.72% in Forgets.
These results show that SIGMA preserves prior knowledge more effectively and
remains robust under severe domain shift.
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4.3 Further Analyses

To assess the effectiveness of SIGMA in more detail, we conduct additional ex-
periments on the UCIT benchmarks. The proposed SiIGMA has two main compo-
nents: sign-guided adaptive tuning (coined as S-Tuning) and sign-guided LoRA
merging (S-Merge). To gauge their individual contributions, we first perform ab-
lations. As further analysis for S-Tuning, we test the effect of sign-based weight
decoupling (SWD) and the layer position. For S-Merge, we ablate the tempera-
ture factor and evaluate the effects of amplification.

Ablation Study. We report the performance of ablations in Table 2a] As a
baseline, we adopt an expansion—merge strategy that trains task-specific LoRA
modules and merges all learned LoRAs at inference. Although this baseline
can preserve prior weights to reduce severe forgetting, it remains susceptible
to interference during consolidation. Applying S-Tuning or S-Merge alone still
improves overall performance. However, S-Merge reports higher accuracy but
slightly worse forgetting, since it does not explicitly enforce a discriminative
separation between general and specific subspaces during training and thus may
merge conflicting updates. S-Tuning consistently reduces forgetting by promot-
ing more transferable updates that remain compatible when all task LoRAs are
aggregated at inference. Combining S-Tuning and S-Merge achieves the best
results, demonstrating their promising synergistic effect.

Analysis on Sign-guided Adaptive Tuning (S-Tuning). Tableanalyzes
the effects of sign-based weight decoupling (SWD) within S-Tuning and compares
two consolidation strategies: merging the full LoRA updates A and merging the
low-rank matrices A and B. SWD consistently improves overall performance
under both strategies, supporting its role in conveying transferable knowledge
from prior tasks. Notably, consolidating A and B is more effective than consol-
idating full LoRA weights A when SWD is used. While A-level consolidation
simply combines task-specific knowledge, low-rank consolidation combines low-
rank components across tasks, which better explores general latent subspaces.
Combined with SWD, this provides a transferable subspace during training, re-
ducing drift from previous tasks and improving adaptation to new tasks.

Furthermore, we investigate where to apply S-Tuning across layers. As shown
in Table we increase the number of S-tuned layers by applying S-Tuning to
all layers except the top-k layers of the LLM. Here, £ = 32 means absence of
S-Tuning, and k& = 0 means S-Tuning applied to all layers. Overall performance
increases as S-Tuning is applied to more layers, except when all layers are tuned.
This performance drop is expected because the top-1 layer directly connects to
the next-token prediction, injecting overly task-invariant knowledge can degrade
discriminative decisions. Accordingly, excluding the top-1 layer shows strong
Avg. All and Avg. Each scores and the lowest Forgets.

Analysis on Sign-guided LoRA Merging (S-Merge). We first examine
how the varied temperature factor A\ affects the selection of salient parameters.
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Fig. 4: Performance variation under the UCIT benchmark. We report changes in single-
task performance (e.g., ArxivQA and VizWiz) as the model sequentially learns new
tasks. “Individual” denotes the performance achieved when the model is trained only
on the corresponding task.

As shown in Table[3b] increasing the temperature A improves overall performance
up to 0.8. Although the best Avg. Each and Forgets report at slightly different
temperatures, we set A = 0.8 because it best reflects overall knowledge retention.
Using the optimal temperature, we then test the effects of weight amplification
by cosine distance dy. Removing dj causes a clear degradation: Avg. All and Avg.
Each drop by 3.48% and 3.07%, respectively, and Forgets increases by 0.49%.
These results demonstrate that amplifying selected parameters helps preserve
their knowledge when consolidating weights at inference.

As ) increases, we observe a clear trade-off; Avg. Fach slightly declines,
while Forgets improves significantly. Specifically, the degradation in Avg. Fach is
marginal (dropping from 70.69% to 69.81%), whereas the reduction in forgetting
is substantial (improving from -19.65% to -4.70). These results demonstrate that
enforcing stricter parameter selection, which restricts the number of specific pa-
rameters merged during inference, sacrifices only a minimal amount of plasticity
(performance on the current task) in exchange for a substantial gain in stabil-
ity. Intuitively, S-Merge enables the weights to filter out less critical parameters,
preventing negative interference while preserving prior knowledge.

Analysis on Negative Interference. To validate mitigated negative interfer-
ence, we track the performance of specific tasks (e.g., ArxivQA and VizWiz) as
the model sequentially learns subsequent tasks. As shown in Figure[d] prior meth-
ods still suffer from severe degradation due to negative interference. Specifically,
CL-MoE shows a drastic decline as new tasks are introduced, and HiDe LLaVA,
despite preserving prior weights intact, reports sub-optimal performance. In
contrast, SIGMA achieves outstanding performance in preserving prior knowl-
edge. Notably, in ArxivQA, SIGMA consistently outperforms individual training
throughout the entire learning process. This shows that SIGMA effectively mit-
igates negative interference, improving positive transferability.

Qualitative Results. Figure[§]shows qualitative examples on the UCIT bench-
mark, comparing SIGMA with state-of-the-art methods: CL-MoE and HiDE-
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Fig. 5: Qualitative examples from ImageNet-R (left) and ArxivQA (right) on the UCIT
benchmark. Given the same image and instruction, we compare responses from CL-
MoE, HiDe-LLaVA, and SiGMA, shown both after task-specific training and after
sequential training on all tasks. Red text denotes the task-specific instruction format
that the model must follow to generate a response.

LLaVA. All methods follow instructions and produce correct answers after train-
ing on the corresponding task. However, after sequentially training all tasks, CL-
MoE and HiDE-LLaVA suffer from generating incorrect responses on ImageNet-
R (e.g., misclassifying a “Fox squirrel” as a “Skunk”) and failing instruction
following (e.g., generating the full content of an answer option instead of simply
producing the corresponding option letter). In contrast, SIGMA maintains strong
instruction-following ability and preserves correct task knowledge. By effectively
mitigating negative interference, it ensures that the model reliably adapts to
new, task-specific instructions without suffering from catastrophic forgetting.

5 Conclusion

We address negative interference, a critical yet often overlooked challenge in
MCIT, where the consolidation of new weights disrupts previously acquired
knowledge. Unlike prior methods that primarily focus on catastrophic forgetting,
SiGMA explicitly aims to mitigate negative interference. Based on sign-based
weight decoupling, our sign-guided adaptive tuning enables stable and transfer-
able learning with minimal parameter drift, while sign-guided LoRA merging
mitigates negative interference by selectively amplifying salient parameters.

Despite its strong performance, SIGMA still has room for improvement. The
general subspace may become increasingly sparse as the task sequence grows,
reducing its effectiveness in long-term continual instruction tuning, for which
future work will explore strategies to robustly maintain the general subspace.
Furthermore, we plan to extend sign-based weight decoupling beyond LoRA to
other Parameter-Efficient Fine-Tuning (PEFT) techniques, such as adapters and
learnable prompts. Given their widespread adoption for efficient adaptation, we
believe that extending sign-based interference across diverse PEFT architectures
will shed light on broader insights into the continual learning paradigm.
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