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Abstract

Adapting Multi-modal Large Language Models (MLLMs)
to target tasks often suffers from catastrophic forgetting,
where acquiring new task-specific knowledge compromises
performance on pre-trained tasks. In this paper, we in-
troduce AdaDARE-~, an efficient approach that alleviates
catastrophic forgetting by controllably injecting new task-
specific knowledge through adaptive parameter selection
from fine-tuned models without requiring retraining proce-
dures. This approach consists two key innovations: (1) an
adaptive parameter selection mechanism that identifies and
retains the most task-relevant parameters from fine-tuned
models, and (2) a controlled task-specific information in-
jection strategy that precisely balances the preservation of
pre-trained knowledge with the acquisition of new capabil-
ities. Theoretical analysis proves the optimality of our pa-
rameter selection strategy and establishes bounds for the
task-specific information injection factor. Extensive experi-
ments on InstructBLIP and LLaVA-1.5 across image cap-
tioning and visual question answering tasks demonstrate
that AdaDARE-~y establishes new state-of-the-art results in
balancing model performance. Specifically, it maintains
98.2% of pre-training effectiveness on original tasks while
achieving 98.7% of standard fine-tuning performance on
target tasks.

1. Introduction

With the rapid development of artificial intelligence [7, 33,
41], multi-modal large language models (MLLMs) have
gained significant attention due to their ability to cap-
ture rich representations from various data modalities [,
5, 10, 28, 40, 45, 46]. Pioneering works such as GPT-
4V [1], Qwen2-VL [45], InstructBLIP [10] and LLaVA-

*“Equal contribution.
fCorresponding authors.

1.5 [28] have played pivotal roles in shaping the landscape
of general-purpose Al assistants, significantly enhancing
their capabilities and versatility.

The typical architecture of MLLMs consists of two
key components: modality-specific sub-modules and a
lightweight connector [46]. The modality-specific sub-
modules, such as vision encoders and language models, are
designed to process and extract information from different
types of input data. The lightweight connector plays a cru-
cial role in aligning these diverse representations, enabling
the model to comprehend multi-modal inputs and thus gen-
erate coherent outputs [5, 27, 28]. This structure allows
MLLMs to effectively combine information from text, im-
ages, and potentially other modalities, leading to more so-
phisticated and versatile Al systems.

Despite their advanced capabilities, MLLMs often strug-
gle with performance on unseen tasks [17, 31, 49] due to
their unique architectural complexity and the inherent dis-
parities in data characteristics across modalities. Conse-
quently, continual fine-tuning [36] remains a crucial ap-
proach for rapidly adapting these models to specific down-
stream tasks and enhancing their performance. Neverthe-
less, this process frequently leads to catastrophic forget-
ting, a phenomenon where the model’s performance on pre-
trained tasks deteriorates as it acquires new, task-specific
knowledge, as shown in Fig. 1. This highlights a crucial
challenge: how to efficiently strike a balance between en-
hancing MLLMs’ performance on target tasks (plasticity)
while preserving their effectiveness on original tasks (sta-
bility)?

Current research on mitigating catastrophic forgetting
predominantly focuses on traditional continual learning set-
tings with smaller-scale or uni-modal models [2, 34, 42, 44],
which exhibit inherent limitations in both representation
capacity and cross-modal understanding. In context of
MLLMSs, Model-Tailor [61] made the first attempt to pre-
serve pre-trained task capabilities during fine-tuning on im-
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age captioning and visual question answering tasks. How-

ever, this approach, as illustrated in Tab. | and Tab. 2,

achieves only sub-optimal performance in balancing pre-

trained and target task capabilities. Furthermore, it incurs
substantial computational overhead due to the requirement
of layer-wise Hessian inverse calculations.

In response to these challenges, we introduce Adaptive
Drop And REscale with a v factor (AdaDARE-v): an ef-
ficient approach that alleviates catastrophic forgetting by
controllably injecting new task-specific knowledge through
adaptive parameter selection from fine-tuned models with-
out requiring retraining procedures. Building upon the
DARE framework, AdaDARE-y employs a probabilistic
dropout mechanism for each delta parameter. This adap-
tive process selectively retains the most task-salient pa-
rameters. Furthermore, inspired by the Task-Arithmetic
paradigm [20], which demonstrates the efficacy of simple
arithmetic operations on delta parameters for model edit-
ing, we incorporate a « factor to characterize the inten-
sity of task-specific information injection. This approach
enables fine-grained control over the balance between pre-
serving pre-trained knowledge and adapting to new tasks,
effectively creating a dynamic equilibrium between gener-
alization and specialization in MLLMs.

In summary, our work makes several significant contri-
butions:

* We propose AdaDARE-~, an efficient framework that ad-
dresses catastrophic forgetting in MLLMSs by combining
principled adaptive parameter selection with controlled
knowledge injection, enabling flexible trade-off between
preserving pre-trained capabilities and acquiring task-
specific adaptations.

* We provide theoretical analysis that establishes optimal-
ity guarantees for parameter selection and derives bounds
for the task-specific information injection factor, offer-
ing theoretical insights into the trade-off between stability
and plasticity.

* We demonstrate through comprehensive experiments that
our method establishes new state-of-the-art performance
in balancing the target task performance and pre-trained
knowledge retention, with maintaining ~98.2% effective-
ness on original tasks versus pre-training and achieving
~98.7% performance on the target task compared to stan-
dard fine-tuning, providing a more effective solution to
the stability-plasticity dilemma in MLLMs.

2. Related Work

2.1. Multi-modal Large Language Models

Multi-modal Large Language Models formally refers to the
LLM-based model with the ability to receive, reason and
generate with multi-modal information [46]. Ever since
the release of GPT-4 [1], MLLMs have gained much at-

tention because of the amazing performance it shows. Re-
cent advancements [4, 5, 24, 27, 45, 60] have emerged
with stronger ability of understanding and reasoning, ben-
efiting from the rapid development of LLMs [7, 9, 41].
Drawing inspiration of the success of instruction tuning in
LLMs [33], researchers have extended this crucial tech-
nique to MLLMs [10, 28, 45]. This technique enables
MLLMs to generate responses to instructions conditioned
on both visual and textual inputs, thereby adapting to var-
ious tasks and meeting diverse user needs. For instance,
LLaVA-1.5 [28] has built on LLaVA framework [27], im-
proving performance by instruction tuning on a wide range
of additional academic-task-oriented visual question an-
swering datasets. Moreover, recently, there has been a
growing focus on enhancing In-Context Learning (ICL)
and Chain-of-Thought (CoT) performance in various multi-
modal scenarios [14, 23, 37, 55, 56]. Representative
works include: MIMIC-IT [23], which combines in-context
learning with instruction tuning by building an instruction
dataset formatted with multi-modal context; Multimodal-
CoT [55], which extended the chain-of-thought prompting
to multi-modal scenarios, enhancing reasoning capabilities
across different modalities. These advancements demon-
strate the ongoing efforts to improve the versatility and rea-
soning capabilities of MLLMSs, pushing the boundaries of
multi-modal Al systems.

2.2. Trade-off between Stability and Plasticity

The trade-off between stability (the retention of previously
learned knowledge) and plasticity (the ability to acquire
new information) first emerged in continual learning, where
models must learn new tasks sequentially without forget-
ting previously learned knowledge. This has been a long-
standing challenge in machine learning [42]. With the
rise of pre-trained language models, this challenge has
evolved to focus on mitigating catastrophic forgetting dur-
ing adaptation, specifically balancing pre-training stability
with task-specific plasticity [11, 22]. (1) Continual Learn-
ing: Over the past few decades, numerous studies have
focused on improving continual learning performance, pri-
marily in the context of smaller models [2, 6, 21, 34]. Tra-
ditional approaches to continual learning typically fall into
three categories: weight regularization [21]), structure ex-
pansion [34], and data replay [6]. However, these meth-
ods have become less suitable for large pre-trained models
due to their computational costs, storage overheads and in-
ability to leverage the unique properties of these pre-trained
models, such as loss landscape flatness [53] and extensive
world knowledge. Recent studies have explored the poten-
tial of leveraging pre-trained models for continual learn-
ing [12, 13,43, 44, 50]. These approaches have significantly
improved continual learning performance by utilizing the
rich knowledge embedded and properties of flatness in pre-
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Figure 1. Fine-tuning MLLMs on Target Task. Fine-tuning MLLMs on the target task often suffers from catastrophic forgetting, where
acquiring new task-specific knowledge compromises performance on pre-trained tasks.

trained models. While these methods have shown promise,
they primarily focus on employing either full fine-tuning or
PEFT techniques on uni-modal models. However, the appli-
cation of these approaches to multi-modal scenarios, partic-
ularly in the context of MLLMs, remains limited, with only
a few studies [8, 17, 31, 39, 49, 54, 57]. (2) Adaptation
in Pre-trained Models: The challenge of mitigating catas-
trophic forgetting first gained prominence in language mod-
els, where studies revealed that fine-tuning on small datasets
often degrades generalization[11, 22, 52]. In NLP filed, to
address this challenge, Dong et al. [11] proposed an adver-
sarial training method from an information-theoretical per-
spective and Lee et al. [22] proposed a mixout regulariza-
tion technique to control parameter deviation during fine-
tuning. In context of MLLMs, Model Tailor [61] addresses
the same adaptation settings as our work and explores multi-
modal generation and reasoning tasks in MLLMs. However,
it requires substantial computational overhead for layer-
wise Hessian inverse calculation and lacks flexibility in bal-
ancing stability and plasticity.

3. Problem Formulation

We consider a multi-modal large language model M with
initial parameters ©., obtained through pre-training on a
diverse set of tasks P = {Dy, ..., D, }. When adapting M
to a novel target task 7 through fine-tuning, we obtain a
new set of parameters Og. This adaptation process can be
represented as:

esft = @pre + AG) (D

where A© denotes the change in parameters (referred to
as delta parameters) between pre-trained and fine-tuned
states. To mitigate the performance degradation on pre-
trained tasks while optimizing for the target task, we pro-

pose a fusion strategy JF that processes Op.. and Oy to de-
rive ®fusion:

®fusion = ]:(@prm esft)- ()

The objective is to find an optimal Oyygon that satisfies:

H‘C’P(@fusion) - L’P(Gpre)” < €pre

A3)
HCT(@fusion) - £T(65f1)|| < €targets

where Lp(-) represents the aggregate loss on the pre-

training tasks P, £7(-) denotes the loss on the target task

T. And ¢y > 0 is the maximum allowable performance

degradation on pre-training tasks.

4. Method
4.1. Overview of AdaDARE-y

In this section, we introduce AdaDARE-+v, our novel ap-
proach to efficient adaptation in MLLMs. AdaDARE-y
builds upon the foundation of DARE while introducing
layer-wise optimization for adaptive parameter selection
and a y factor for controlled task-specific information injec-
tion. The overall framework is illustrated in Fig. 2. The fol-
lowing subsections detail each component of our method,
starting with our objective and a review of the DARE ap-
proach, followed by our enhancements and theoretical anal-
ysis.

4.2. Layer-wise Objective

Given a pre-trained model with parameters Op and its fine-
tuned version O, our goal is to find optimal fusion param-
eters Ogysion that maintain performance on both pre-trained
and target tasks. We formulate this as a layer-wise optimiza-
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Figure 2. Illustration of Adaptive-DARE with ~ factor. Two-step parameter adaptation for task-specific learning: (1) Adaptive drop and
rescale of task-specific delta parameters (A6), selectively removing parameters based on varying probabilities to eliminate redundant or
task-irrelevant information. (2) Balancing pre-trained knowledge with adapted task-specific information using a scaling factor ~y to achieve

optimal performance across general and target tasks.

tion problem:

arg (r)rl;in L (fé()@g’» @fft)7 ff(‘)cg’? @fusion)) )
< fusion (4)
st. E [‘C(fﬁ(‘)(’§_7 @ﬁre)v f@(‘){g? @gusion))] <e.

However, in practical scenarios, access to pre-training
data is often restricted due to proprietary or privacy con-
siderations. Therefore, we approximate the constraint by
measuring the parameter distance between Ofygion and Opye:

; ¢ e ¢ €2
arg g}ll’l H@sleT - @fusionXTHQ )
fusion (5)
‘ ¢
S.L. H@fusion - Gpre”l <.

4.3. Preliminary: Drop And REscale

The Drop And REscale (DARE) method forms the basis of
our approach. DARE introduced a groundbreaking insight:
in Supervised Fine-Tuned (SFT) language models, a signif-
icant portion of delta parameters can be zeroed out while
preserving model capabilities. This finding suggests that
model adaptation often involves substantial parameter re-
dundancy, which can be efficiently managed through ran-
domly dropping and rescaling.

The DARE process can be formally described by the fol-
lowing equations:

M7 ~ Bernoulli(p),
20T =(1-MT)o A0, ©6)
ne” =ne’/(1-p),

where M7 is a binary mask with each element sampled
from a Bernoulli distribution with probability p € [0,1),
AOT represents the delta parameters, ® denotes element-
wise multiplication and / denotes element-wise division.
Notably, the drop rate p directly corresponds to the spar-
sity ratio, where a drop rate of p yields a (100p)% sparsity

of delta parameters. The rescaling factor 1/(1 — p) ensures
that the expected values of the remaining parameters com-
pensate for the dropped ones.

To understand the simple theoretical foundation of
DARE, we can examine its effect on the expectation of em-
beddings. Consider the ¢-th dimension:

Jj=1

= Z z;Blwi;] + E[bi] + Zl‘jE[Aﬁiij] + E[Ab;]
Jj=1 j=1

L 1—p)- Aw,,;
:ﬂ(m’%wﬁ

=1 L—p

n
= Zwijl‘j + b; +
Jj=1 J

1—p)-Ab;
1-p
= WP+ Ah,.
(N

This derivation shows that DARE approximates the fine-
tuned embeddings while incorporating a scaled version of
the changes introduced by fine-tuning.

4.4. AdaDARE-~: Methodology

Our method introduces a principled framework for efficient
adaptation in MLLMs through two key innovations: adap-
tive parameter-wise probabilities and a ~ factor for con-
trolled task-specific information injection.

4.4.1. Adaptive Parameter Selection

We propose an adaptive parameter selection mechanism that
leverages the properties of parameter importance to deter-
mine optimal retention strategies. This approach extends
beyond simple drop and rescale by introducing parameter-
wise probabilistic selection. The process can be formalized
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as:
M7 ~ Bernoulli( P*),

N =1 - M7 e A0TY, )
o™ = xe" /a1 - P,

where P’ is a probability matrix with the same shape as
AOT* with each element in P’ specifying the drop prob-
ability for the corresponding delta parameter in layer /.
M7t is a binary mask, where each element is sampled from
a Bernoulli distribution with the probability defined by P°.
And / denotes element-wise division. By replacing p with
p; (j-th dimension of P% in Eq. (7), it’s easy to show this
process effectively drops parameters with their respective
probabilities and rescales the remaining ones, maintaining
the expected value of the embeddings for each dimension.

4.4.2. Controlled Task-specific Information Injection
We introduce a y factor to regulate the injection of task-
specific information into pre-trained knowledge:

@7—,5 — F(@T,[’ (_:)7_,@)

fusion pre sft

S NN

pre

€))

This equation combines the pre-trained parameters with a
scaled version of the adaptive selected delta parameters.
The ~ factor allows us to balance between retaining old
knowledge (when 7 is closer to 0) and incorporating new
information (when 7 is closer to 1).

4.5. Theoretical Analysis

4.5.1. Optimizing Drop Probabilities

To determine the optimal drop probabilities, we formulate
an optimization problem that minimizes the expected layer-
wise loss while maintaining a desired ratio of sparsity. This
leads to our key theorem:

Theorem 1 (Optimal Probabilities) Consider the opti-
mization problem of minimizing the expected layer-wise
loss:

. £ 4t ¢ 22
arg HI})IZH]E |:||®3)‘1X7_ - @ﬁuionXTHQ:| ’ (10)
subject to the constraints:
LictPi o and 0<pi<1 Vi (1)
n

where p represents the desired sparsity ratio. Then, the op-
timal probabilities p; that minimize the expected loss are
given by:

1— p)/Hyd2
(0,1 — n(p)—u(Sl) Vi, (12)
>y Hjjo?

Here, H;; represents the i-th diagonal element of the Hes-
sian matrix, and 6; is the i-th element ofA@T’Z.

p; = max

The detailed proof of this theorem can be found in Ap-
pendix A. This theorem provides us with a way to adap-
tively determine which parameters are more important to
retain based on their contribution to the loss and the model’s

sensitivity to their changes.
4.5.2. Theoretical Bounds on v
Theorem 2 (upper bound of ) Given the constraint

B[O 5
vy

] < m, there exists an upper bound for
1

fusion pre

v < _n 1
Z:‘L:l |5i|’ (13

where 0; represents the i-th element of the delta parameters
AQT*,

The detailed proof of this theorem can be found in Ap-
pendix A. This bound ensures that parameter changes re-
main within the constraint specified in Eq. (5), maintain-
ing the optimization objective due to its monotonic relation-
ship with ~. The relationship between v and 7 provides a
theoretical guarantee for controlled information injection,
enabling precise balance between knowledge retention and
task adaptation.

4.6. Pratical Implications of v Bounds

As illustrated in Theorem 2, v < %, where 7 repre-
sents our desired pre-trained performance constraint and J;
reflects parameter changes. This relationship has important
practical implications. The 7 parameter controls how much
pre-trained task performance we aim to preserve. Similar
to neural network training where absolute loss values don’t
directly map to dataset performance, we validate +’s effec-
tiveness on validation sets, which represents generalization
ability, rather than explicitly setting 1. This approach allows
practical tuning while respecting theoretical bounds.

5. Experiments

5.1. Experiments Setup

Architectures and Datasets. Our experiments focus on
two representative multi-modal models: InstructBLIP [10]
and LLaVA-1.5 [28], both based on Vicuna-7B [58]. These
models differ in their fine-tuning approaches: Instruct-
BLIP adjusts only the Q-Former, whereas LLaVA-1.5 fine-
tunes the language model with an optional projector up-
date [59]. For InstructBLIP, we evaluated image cap-
tioning datasets including COCO Caption [26] and No-
Caps (with in-domain, near-domain and out-of-domain sub-
sets) [3], as well as VQA tasks such as OKVQA [32],
AOKVQA [35], and VQAV2 [15]. We fine-tuned Instruct-
BLIP on Flickr30k [47] for image captioning and GQA [19]
for VQA, both of which were unseen during InstructBLIP’s
pre-training phase. In the case of LLaVA-1.5, our eval-
uation encompassed a diverse range of datasets: VQAV2,
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GQA, Vizwiz [16], SQA [30], TextVQA [38], POPE [25],
MM-Bench [29] and MM-Bench-CN [51]. For LLaVA-1.5,
we conducted fine-tuning on Flickr30k for image caption-
ing and OKVQA for VQA, both distinct from LLaVA-1.5’s
pre-trained datasets.

Compared Baselines. We compare our method against
three existing approaches. The first is Fine-Tuning, where
for InstructBLIP, the process targets the Q-Former, a con-
nector between the vision encoder and the LLM, involv-
ing approximately 188M parameters. For LLaVA-1.5, fine-
tuning is applied to 11 layers, uniformly sampling from the
32-layer LLM at equal intervals, totaling 2.5 billion param-
eters (constrained by GPU memory limits). The second
approach is Model-Tailor [61], which employs a two-step
strategy: initially, it retains only about 10% of delta pa-
rameters based on a specific selection strategy, discarding
the rest; subsequently, it compensates the remaining delta
parameters to mitigate performance loss on the target task,
then fuses the selected and decorated parameters with pre-
trained parameters. The third method is DARE [48], which
randomly selects and rescales delta parameters, then fuses
them with pre-trained parameters to maintain the model’s
performance on the target task. Similar to our method, both
Model-Tailor and DARE achieve parameter-efficient adap-
tation without requiring model re-training.

Evaluation Metrics. We employ two complementary
metrics to evaluate MLLM performance. The first is arith-
metic mean across both pre-trained and target tasks, provid-
ing an overall performance measure:

Avg = Mean(score(P), score(T)). (14)

The second is the H-score, defined as the harmonic mean
between pre-trained and target task performances:

2 * Mean(score(P)) * Mean(score(7))

H-score = Mean(score(P)) + Mean(score(7))

, (15)

where score(P) and score(7) represent performance scores
on pre-trained and target tasks respectively. The H-score is
particularly sensitive to performance imbalances, providing
a rigorous measure of the trade-off between retaining pre-
trained knowledge and adapting to new tasks.
Implementation Details. All experiments were con-
ducted using 8 A100 GPUs, each with 40GB memory. For
InstructBLIP fine-tuning on both Flickr30k and GQA, we
performed a grid search over learning rates in the range [1le-
6, le-5], identifying le-5 as optimal. The training utilized
a batch size of 16 per GPU for 5 epochs. For LLaVA-1.5,
we explored learning rates in the range [le-6, le-4], with
optimal values of 5e-6 for both Flickr30k and OKVQA.
Similarly, we maintained a batch size of 16 per GPU and
trained for 5 epochs in both cases. When combined with
LoRA, we set the LoRA rank to 128 and learning rate to

5e-6, maintaining the same batch size and training epochs
as in the standard fine-tuning experiments. Specifically, we
tune ~ within the range [0.4, 0.8], assessing specialization
on the target validation dataset and generalization ability on
the VQAV?2 validation dataset.

5.2. Experimental Results

Now, we present the results of our empirical investiga-
tion, including the overall performance of our method and
compared baselines, an ablation study of adaptive selection
mechanism and the trade-off between stability and plastic-
ity of tuning v and a complexity analysis.

5.2.1. Overall Performance:

Tab. 1 and Tab. 2 present the experimental results for
fine-tuning InstructBLIP and LLaVA-1.5 across different
datasets. For both models, we maintain a 90% sparsity ra-
tio across all parameter-efficient methods and set v = 0.5
for AdaDARE-~. The results demonstrate that AdaDARE-
~ consistently achieves the best H-score across all experi-
mental settings, achieving optimal trade-off between model
stability and plasticity. Notably, while maintaining strong
performance on pre-trained tasks, AdaDARE-y achieves
comparable or even better performance on target tasks com-
pared to full fine-tuning (99.7 vs. 101.3, 57.22 vs. 60.53
on InstructBLIP and 90.1 vs. 93.2, 57.21 vs. 55.72 on
LLaVA-1.5). In contrast, although DARE achieves almost
the same target performance as full fine-tuning, it shows
significant performance degradation on pre-trained tasks.
Model-Tailor, when only fine-tuning the Q-former in In-
structBLIP, exhibits sub-optimal target task performance
(e.g., 81.8 vs. 101.1 on Flickr30k and 54.36 vs. 60.53 on
GQA).

5.2.2. Combination with LoRA

AdaDARE-y is compatible with existing parameter-
efficient fine-tuning (PEFT) methods such as LoRA [18].
While LoRA dramatically reduces trainable parameters by
freezing pre-trained weights and introducing low-rank de-
composition matrices, our experiments fine-tuning LLaVA-
1.5 with LoRA on Flickr30K and OKVQA demonstrate
that it still encounters catastrophic forgetting. As shown in
Fig. 3, incorporating AdaDARE-~y into LoRA-based fine-
tuning yields significant performance gains across multiple
datasets, outperforming existing methods on most datasets
as well as in Average and H-score metrics. This confirms
AdaDARE-~’s effectiveness as a complementary technique
to PEFT approaches.

5.2.3. Ablation Study

Adaptive Selection Enhances Target Task Performance
and Drop Rate Robustness. We conduct ablation stud-
ies comparing our adaptive selection strategy with DARE’s

19763



Table 1. InstructBLIP Fine-tuning on Flickr30k and GQA. All parameter-efficient methods maintain 90% sparsity ratio with v = 0.5
for AdaDARE-v. Results are reported on both pre-trained tasks (COCO, NoCaps, OKVQA, AOKVQA, VQAV2) and the target task
(Flickr30k, GQA). #Params denotes the number of trainable parameters. The optimal and sub-optimal results are denoted by boldface and

underlining.
Method #Params Pre-trained tasks Target task Metrics
COCO NoCaps-in NoCaps-near NoCaps-out OKVQA AOKVQA VQAv2 GQA Flickr30k ~ Avg  H-score
Zero-shot - 143.0 116.9 124.0 122.6 57.26 60.75 76.65 49.19 83.4 92.64  88.29
Fine-tune 188M 123.2 109.0 120.0 120.0 45.54 55.31 61.03 43.91 101.3 86.58  92.28
DARE 18.8M 123.6 110.1 120.3 119.9 45.59 55.34 60.99 43.98 101.1 86.76  92.33
Model-Tailor ~ 18.8M 139.7 116.5 125.0 125.9 56.50 60.75 70.84 49.15 96.4 9341  94.69
AdaDARE-y  18.8M 137.6 116.2 125.4 126.6 55.71 60.29 70.46 48.95 99.7 9343  96.05
Method #Params Pre-trained tasks Target task Metrics
COCO NoCaps-in NoCaps-near NoCaps-out OKVQA AOKVQA VQAv2 Flickr30k GQA Avg  H-score
Zero-shot - 143.0 116.9 124.0 122.6 57.26 60.75 76.65 83.4 49.19 92.64 65.51
Fine-tune 188M 123.6 101.4 109.2 110.7 34.95 44.1 64.17 72.5 60.53 80.13  69.85
DARE 18.8M 125.6 102.1 110.7 112.2 35.84 45.32 64.31 74.2 60.28 81.17  70.11
Model-Tailor  18.8M 141.5 116.5 122.7 121.4 55.23 59.79 71.04 81.8 54.36 91.59  69.47
AdaDARE-y  18.8M 139.6 114.1 122.0 120.3 51.56 57.75 70.14 81.1 57.22 9042  71.30

Table 2. LLaVA-1.5 Fine-tuning on Flickr30k and OKVQA. All parameter-efficient methods maintain 90% sparsity ratio with v = 0.5
for AdaDARE-~. Results are reported on both pre-trained tasks (VQAv2, GQA, VizWiz, SQA, TextVQA, POPE, MM-Bench, MM-Bench-
CN) and the target task (Flickr30k, OKVQA). #Params denotes the number of trainable parameters. The optimal and sub-optimal results

are denoted by boldface and underlining.

Pre-trained tasks Target task Metrics

Method #Params

VQAv2 GQA VizWiz SQA TextVQA POPE MM-Bench MM-Bench-CN  Flickr30k  Avg  H-score
Zero-shot - 7852 6194 50.06 70.22 58.21 86.1 64.6 58.1 12.2 59.99  20.59
Fine-tune 2.5B 7527  60.05 25.63 66.28 52.07 87.7 56.7 52.92 93.2 63.31 72.68
DARE 248M 76.7 60.8 27.05  66.89 52.78 86.2 57.3 53.86 91.9 63.72  72.74
Model-Tailor  248M 7774 6146 3841 69.02 57.17 87.0 65.12 57.64 91.9 67.27 7558
AdaDARE-y 248M 77.89  61.61 47.83 69.28 57.53 87.1 65.21 57.99 90.1 68.28  75.89
Method #Params Pre-trained tasks Target task Metrics

VQAvV2 GQA VizWiz SQA TextVQA POPE MM-Bench MM-Bench-CN  OKVQA Avg  H-score
Zero-shot - 78.52 6194 50.06 70.22 58.21 86.1 64.6 58.1 0.02 58.64 0.04
Fine-tune 2.5B 70.24  51.79 4237  52.06 53.16 65.6 45.79 57.98 55.72 5496  55.29
DARE 248M 7135 53.08 42.87 52.25 53.92 69 42.52 57.64 56.45 5545  55.88
Model-Tailor  248M 75.01 59.1 48.33  69.16 55.96 85 64.17 58.67 54.86 6336  59.25
AdaDARE-y 248M 75.52  59.51 48.81 69.49 56.42 85 64.78 58.33 57.21 63.90 60.74

Note: We observed that fine-tuning only the last 12 layers of the LLM leads to substantially lower performance compared to PEFT methods, as reported
in [59]. In response, we developed a more reasonable fine-tuning approach that, under limited GPU resources, achieves superior performance compared to
both the baseline fine-tuning results and the Model-Tailor approach reported in Model-Tailor’s paper.

random selection approach. As shown in Fig. 3, adaptive se-
lection not only improves target task performance but also
significantly enhances model robustness under high drop
rates.

Performance Trade-off with +. Performance Trade-
off with . We investigate the impact of different  values
on model performance. As illustrated in Fig. 4, v regulates
the injection of task-specific information, creating a balance
of stability and plasticity. As established in Theorem 2,
v < ﬁ, where 7 represents our desired pre-trained
performance constraint and J; reflects parameter changes.
This relationship manifests clearly in our experiments: (1)

For full fine-tuning across datasets, we set v = 0.5 as used
in Tab. 1 and Tab. 2; (2) For parameter-efficient fine-tuning
(PEFT) with LoRA shown in Tab. 3, we set v = 0.7. This
difference arises because PEFT induces smaller parameter
changes (4;), allowing for larger v values while maintaining
the theoretical bound. As shown in Fig. 4, the method re-
mains highly stable for v € [0.5,0.8]. This stability across
a range of ~y values demonstrates the robustness of our ap-
proach in practical settings.

5.2.4. Computational Complexity Analysis

The computational complexity of our method consists of
two main components: (1) Initial Hessian Computation:
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Table 3. Combination with LoRA on LLaVA. Performance comparison of AdaDARE-y (y = 0.7, sparsity ratio = 90%) combined
with LoRA-based LLaVA-1.5 fine-tuning and Model-Tailor across multiple datasets. Results demonstrate significant improvements in

maintaining both pre-trained and target task performance.

Method Pre-trained tasks Target task Metrics
VQAv2 GQA VizWiz SQA TextVQA POPE MM-Bench MM-Bench-CN  Flickr30k Avg  H-score
LoRA 7276 5745 8.29 62.44 40.44 80.70 51.63 33.76 89.50 53.03  62.33
Model-Tailor ~ 78.04 6126 26.79  68.03 53.96 86.50 60.22 53.78 89.70 64.25  72.67
AdaDARE-y 7836  61.65 3245 68.92 55.82 86.10 62.97 56.44 89.20 65.77 73.73
Method Pre-trained tasks Target task Metrics
VQAv2 GQA VizWiz SQA TextVQA POPE MM-Bench MM-Bench-CN  OKVQA Avg  H-score
LoRA 2551 5325 43.11 62.18 54.47 70.05 50.25 56.78 58.11 52.63  54.85
Model-Tailor ~ 74.15  57.09 48.09 68.52 55.45 81.49 63.14 58.24 59.28 62.82 61.21
AdaDARE-y  74.66 58.19 47.76  68.69 55.87 84.20 64.43 58.67 58.97 63.49 6141

—e— AdaDARE on Fine-tuned task DARE on Fine-tuned task
InstructBLIP on Flickr30k LLaVA on Flickr30k
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Figure 3. Performance comparison between AdaDARE-y (7 = 1)
and DARE on Flickr30k across various drop rates. Results demon-
strate that AdaDARE-~y consistently outperforms DARE, particu-
larly showing enhanced robustness at higher drop rates.
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Figure 4. Performance trade-off across different v values
on InstructBLIP (Flickr30k, GQA) and LLaVA-1.5 (Flickr30k,
OKVQA). The plots demonstrate that ~y effectively controls the
stability-plasticity trade-off.

Computing the initial Hessian matrix (H = 2X X7 + I,
where X represents input samples) has a time complexity

of O(nd?,;), where n denotes the number of input samples

Table 4. Computational complexity comparison of different meth-
ods. n denotes the number of input samples, d.o; and d,o. rep-
resent the column and row dimensionality of the weight matrix,
respectively.

Method Computational Complexity

DARE o)
AdaDARE-y O(nd%,; + drowdeol)
Model-Tailor | O(nd?, + d> ), + deoid2,,,)

(set to 128 in our experiments) and d.,; represents the col-
umn dimensionality of the matrix. (2) Adaptive Drop and
Rescale: This process primarily involves calculating opti-
mal probabilities with a time complexity of O(d,owdcor),
where d,.,,, denotes the row dimensionality of the matrix.

6. Conclusion and Limitation

In this paper, we present AdaDARE-~, demonstrating ef-
fective MLLM adaptation through principled parameter se-
lection and controlled knowledge injection. Our method ad-
dresses the stability-plasticity dilemma by identifying cru-
cial parameters and regulating their integration with pre-
trained knowledge, achieving state-of-the-art performance
across multi-modal tasks with computational efficiency.
While promising, our approach relies on manual tuning of
v, and theoretical bounds may not directly align with opti-
mal practical values. Future work could explore automatic
optimization of ~ and better connections between theory
and practice for optimal balance between adaptation and
knowledge preservation. Our framework provides valuable
insights for efficient multi-modal adaptation.
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