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Abstract

Fine-tuning pre-trained models with custom data leads to numerous expert models
on specific tasks. Merging models into one universal model to empower multi-task
ability refraining from data leakage has gained popularity. With the expansion in
data and model size, parameter-efficient tuning becomes the common practice for
obtaining task-specific models efficiently. However, few methods are dedicated to
efficient merging, and existing methods designed for full fine-tuning merging fail
under efficient merging. To address the issue, we analyze from low-rank decompo-
sition and reveal that direction robustness during merging is crucial for merging
efficient modules. We furthermore uncover that compensating for the gap between
stark singular values contributes to direction robustness. Therefore, we propose
RobustMerge, a training-free parameter-efficient merging method with comple-
mentary parameter adaptation to maintain direction robustness. Specifically, we (1)
prune parameters and scale coefficients from inter-parameter relations for singular
values to maintain direction stability away from task interference, and (2) perform
cross-task normalization to enhance unseen task generalization. We establish a
benchmark consisting of diverse multimodal tasks, on which we conduct experi-
ments to certify the outstanding performance and generalizability of our method.
Additional studies and extensive analyses further showcase the effectiveness. Code
is available at https://github.com/AuroraZengfh/RobustMerge.

1 Introduction

Rapid development of foundation models has facilitated the construction of expert models from
custom data. Modern models like large language models (LLMs) are pre-trained on various datasets
to obtain general knowledge and employing pre-trained models typically involves fine-tuning on
task-specific data to gain ability in specific areas. When dealing with tasks of different domains, multi-
task learning [47] is a common paradigm to mitigate performance variations. However, particular
knowledge may be required progressively over time. As the model becomes larger [4, 59], once the
model is specialized on specific datasets, it is time-consuming and resource-intensive to retrain models
to gain knowledge of another area, even encountering catastrophic forgetting [67]. Furthermore,
issues regarding data privacy may obstruct its practical application. To address these issues, model
merging [51] has been proposed to integrate multiple separate models of specific knowledge off-the-
shelf into one model with multi-task ability without the demand of training or accessing data. Its
effectiveness and convenience show great potential in various downstream tasks [10, 49].
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Despite its popularity, crucial problems for model merging remain unsolved, restricting its real-world
deployment. First, with larger model sizes like multimodal large language models (MLLMs) and
massive data, parameter-efficient tuning (PEFT) [16] has become the most popular and effective tuning
approach for large models. However, existing model merging methods focus on full fine-tuning (FFT)
techniques [62, 11], which struggle with distribution shift and undergo performance drops when
directly applied to parameter-efficient model merging, as is illustrated in Fig. 1. Moreover, another
issue lies in that current high-performance methods rely on extra information of seen tasks (e.g.,
validation data [64], extra storage [18]) to boost the performance. Therefore, they can only handle
seen tasks and fail to generalize to unseen tasks, questioning their robustness and extensibility in
real-world scenarios, as is concluded in Tab. 1. The most related work is LoraHub [17]. However, its
requirement for coefficient optimization through test-time adaptation severely hinders its application.

Inspired by the stated shortcomings, we aim to de- w0
velop a merging algorithm for parameter-efficient Multi-Task
modules with generalizability. First, we analyze ” * oDARE
the reason behind the performance drop. We ob- ® Ties-merging
serve (1) stark singular values and (2) a distinct
wider distribution in efficient parameters that differ
from full fine-tuning. Moreover, starting from the »
perspective of low-rank decomposition, we reveal merformance ofseen task(%)
that .dlrectlon robustpess, i.g., mamtaml.ng d1rect19ns Figure 1: Performance balance between seen task
of singular values, is crucial for efficient merging. ephancement and unseen task generalization.
From the above observations, we propose Robust- ) o
Merge, a novel parameter-efficient method for high- Table 1: Prerequisites and application scope of
performance merging of multimodal large models ~different methods.
and introduce effective Complementaryz parameter  yiemods Validation Extra Storage Unseen Parameter-Efficient
adaptation to maintain directions for performance free free  Tosks Mereing
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enhancement. Concretely, we prune ineffective pa- ¢
rameters and construct scaling coefficients from inter-  Ties-merging
parameter relations directly on LoRA components  Pcb-Merging
to mitigate interference between tasks aroused from  LoraHub
stark singular values difference. Additionally, we ' Merging
perform cross-task normalization to balance tasks of
different data scales and enhance unseen task gener-
alization. It is notable that our method is free from any additional data or storage and does not require
explicit decomposition, which equips the method with more flexibility and efficiency.
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We conduct experiments on a benchmark consisting of eight seen tasks and four unseen tasks with
diverse fields to evaluate the ability on multimodal generative tasks. We also report results on common
evaluation benchmarks, and it shows that our method promotes both seen (3.4% ), unseen tasks (4.5%)
and comprehensive common ability with a substantial margin, demonstrating the effectiveness and
generalizability of our method. We additionally perform experiments on vision tasks along with
extensive analyses to validate the utility of our method. Our contributions are summarized as follows:

* We focus on parameter-efficient model merging, highlighting the necessity of high-performance
parameter-efficient merging algorithms free from additional data or storage.

* We analyze from the perspective of direction robustness of singular values in low-rank decompo-
sition and propose an effective training-free merging algorithm with complementary parameter
adaptation to maintain direction for merging performance enhancement.

* We conduct extensive experiments and achieve superior results compared to existing approaches,
which strongly validates the effectiveness and generalizability of the method.

2 Related Work

Multimodal large language models. With the surge in data volume and model size, large language
models (LLMs) [46, 56, 1] have shown their powerful performance. They are constructed with
decoder-only blocks and respond to inputs in an auto-regressive way, which shows their potential

*In contrast to individual, we use the term to distinguish between subspace multiplication (along  dimension)
and original multiplication (along d;/d, dimension) of matrix.
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Figure 2: Illustration of merging A and B in low-rank space for evaluation of each task. The magnitude of vector
represents the numerical singular value. Left: Stark singular values exist within task, leading to instability when
merging between tasks. Right: As directions of large singular value are naturally robust, direction instability is
more likely to happen for small values when merging specific singular vectors. Scaling tail values contributes to
direction robustness and promotes the performance.

in both classification [57] and generative tasks [7]. Furthermore, multimodal large language mod-
els (MLLMs) enhance large models with vision perception ability. They obtain visual features with a
vision encoder and align image-text features with a cross-modality module [32, 26] and so on. Current
research on large models is dedicated to directly fine-tuning one independent model with task-specific
data to get better results. Rather than improving the performance of a certain domain, we focus on
integrating models into one model to boost efficiency and handle multiple tasks simultaneously.

Parameter-efficient tuning. When fine-tuning a pre-trained model with task-specific data, training
the whole model would not only disrupt the representations obtained from billions of data but also
become resource-intensive. To address the issue, parameter-efficient tuning [13] is introduced to
refrain from fine-tuning the whole model. It typically trains lightweight modules to make the model
adapt to downstream tasks and achieves competitive results compared to full fine-tuning models.
Various efficient tuning techniques have been explored, like prompt learning [20, 23, 66], adapter
learning including LoRA [16, 60, 34, 41, 33], (IA)? [31] and so on. In this paper, we focus on LoRA,
as it is the most commonly utilized PEFT method and has demonstrated its usefulness in various
fields [68, 9] especially for large models [32].

Model merging. Model merging [63, 52, 27] refers to merging multiple models of different capabili-
ties to handle multi-task learning with one universal model [21, 40]. Task Arithmetic [19] presents
a paradigm that obtains task vectors from subtracting a pre-trained model from fine-tuned models
and treats model merging as arithmetic operations of task vectors. It has gained widespread attention
in various fields [53]. Ties-merging [62] trims and elects signs to reduce interference. DARE [65]
randomly drops parameters and rescales the remaining ones to approximate the original embedding.
PCB-merging [11] introduces parameter adjustment with competition balancing to address potential
conflicts. However, most of them focus on merging models with FFT on classification tasks [5],
and the distribution shift prevents their ability to acquire satisfying performance [54]. Some re-
cent works [29, 30] also focus on merging checkpoints during pre-training to enhance downstream
performance. By contrast, we concentrate on parameter-efficient merging with multimodal tasks.

3 Methodology

We first describe basic notations for efficient merging, then show our observation and motivation
for reducing task interference when merging efficient modules, and finally introduce our method to
improve the performance of parameter-efficient merging for multimodal large language models.

3.1 Preliminary and Notations

Parameter-efficient tuning keeps the pre-trained model frozen and fine-tunes a lightweight module
to adapt to downstream tasks. In this paper, we focus on LoRA [16], a low-rank adaptation technique
that decomposes additional parameters into two low-rank matrices. Formally, for a weight matrix
Wy € R%*%  the updated matrix is depicted as:

W =Wy +AW =W, +B-A, )
where B € R%*" A € R"*%i and rank r < min(d;, d,).
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Figure 3: (a) Magnitude of singular values for original and pruned matrix. Stark singular values are observed in
original matrix and pruning effectively scale tail ones. (b) Effectiveness of RobustMerge by adaptively reducing
interference with larger scale on smaller singular values. (c) Distribution of FFT and PEFT modules. Parameters
of FFT, and different components in efficient tuning have different distributions.

Model merging targets at combining multiple models of the same structure {61, --- ,0y} that are
fine-tuned from pre-trained model 6, into one new model ¢,,, and maintaining multi-task ability
in a training-free manner. Existing full fine-tuning (FFT) methods follow the paradigm proposed
by Task Arithmetic (TA) [19]. Typically, they construct the task vector by performing a subtraction
operation 7, = 6, — 0prc € R<, conduct a merging algorithm on the task vector subspace, and obtain

the final merged model by adding the pre-trained model, i.e., 6., = Oprc + A ZnN=1 ®(7,), where
®(-) stands for the merging algorithm.

Parameter-efficient model merging differs from the traditional model merging, as the backbone
of the foundation model is frozen and the updated matrices to be merged are randomly initialized.
Consequently, we use AW to represent merging modules for simplification, and exploit the model

merging method on these parameter-efficient modules, i.e., W,,, = Wg + A 25:1 D(AW,).

3.2 Motivation and Observation

While existing methods perform well on FFT merging, challenges remain unsolved when it comes to
PEFT merging with suboptimal performance. To have a better understanding of the difference, we (1)
first analyze the parameter distribution and low-rank decomposition of a single task, (2) then reveal
key factors for parameter-efficient merging of multiple tasks, and (3) finally propose an effective
merging algorithm for parameter-efficient modules built on these observations.

Direction robustness is crucial for merging models of multiple tasks. To illustrate the uniqueness
of parameter-efficient tuning in merging compared to full fine-tuning, i.e., the low-rank matrices,
we decompose them using singular value decomposition (SVD) to obtain singular values with
corresponding directions and introduce the notation of Direction Robustness that plays a vital role
in merging. Concretely, for a single matrix, the direction for each singular value can be viewed as
task-specific knowledge in low-rank space and the magnitude of the singular value is the extent to
which the knowledge is utilized in the current task. Theoretical analysis is provided in Appendix A.

We visualize the distribution of singular values for efficient modules in Fig. 3a and observe a stark
difference between head and tail singular values (intra-task). Therefore, for models of diverse
tasks (inter-task) to be merged, directions of large singular values are inherently prone to direction
change. When merging models and evaluating on a certain task, i.e., task-specific knowledge, the
corresponding small singular values are more likely to alter the direction, challenging the stability.
The same direction instability appears on other singular vectors when the evaluated task changes.
Therefore, direction robustness, which refers to maintaining the direction of each singular vector
during low-rank matrix merging, is crucial for reducing task interference, as each of them represents
task-specific knowledge and contributes to merging performance. We give an illustration of merging
models fine-tuned on specific tasks A, B and evaluating on each task separately in Fig. 2.

Mitigating gap between singular values is effective for high-performance merged model. As
different tasks have their principal singular directions, certain directions may possess large singular
values in one task and small ones in another. Based on the observation above and in Fig. 3, it can
therefore be inferred that the direction of tail singular values for certain tasks is more likely to cause
instability when merging, and mitigating the gap is crucial for resolving the interference between
different tasks. One direct way is to adaptively scale tail values, which has less impact on vectors
with larger singular values, while greatly contributing to small ones. This can be confirmed by Fig. 3a
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Figure 4: Diagram of RobustMerge. Tasks are divided into seen and unseen ones. Checkpoints of seen tasks
are trained employing the standard individual training and are merged following the pipeline of inter-parameter
adaptation. During inference, the merged model is required to both enhance seen tasks and be generalizable to
unseen tasks with an unknown distribution.

and Fig. 3b, which clearly show that our method introduced in Sec. 3.3 changes the distribution of
singular values and adaptively adjusts the singular values by scaling smaller singular values by a
larger multiple, thereby alleviating direction instability and achieving better performance. Detailed
illustration of singular values is shown in Appendix B.

Parameters of efficient modules have distinct distributions. We also depict the distribution of
elements in Fig. 3c to figure out the difference between two types of merging. It can be found that
most parameters of full fine-tuning have a much smaller and concentrated distribution (distribution
in dark blue), where the problem of sign conflict becomes particularly prominent [62]. Conversely,
parameters in efficient components have a relatively wider range of distribution ( and gray),
and direction instability rather than sign conflict is the main issue for interference between tasks,
which we give a detailed comparison in Sec. 4.3.

Parameter-efficient modules have intrinsic relations. The two LoRA matrices have asymmetric
functions in PEFT [69, 55]. As pointed out by AsymmetryLoRA [69], a random untrained A performs
as well as a fine-tuned one and B improves the bound. HydralLoRA [55] reveals that shared A can
reserve knowledge. To determine the distinct function of the two matrices in merging, we depict the
distribution of A, B respectively in Fig. 3c. It turns out that B follows a Gaussian distribution and A
has an approximately uniform distribution. It corresponds with existing research that B also has a
more unique and crucial role in PEFT merging. Due to their expression, we aim to scale the singular
value directly on two LoRA modules to avoid explicit and time-consuming decomposition.

3.3 RobustMerge: Parameter-Efficient Model Merging for MLLMs

Motivated by the observations, we introduce a novel model merging method for parameter-efficient
components, which targets maintaining direction robustness and compensating for the gap between
singular values by adaptively scaling tail singular values. As is illustrated in Fig. 4, our approach is
divided into pruning and complementary parameter scaling and cross-task normalization.

Pruning and complementary parameter scaling. Due to significantly wider distributions, changing
larger parameters are more likely to alter directions in low-rank space. Therefore, rather than electing
parameters of the same sign [62, 18] with delicate design, we simplify the definition of ineffective
parameters to be those with small values in magnitude. In this way, the direction of matrices is
not greatly changed by reserving larger parameters, and knowledge of the specific task is therefore
retained when mitigating interference between models of different tasks. Consequently, with M(-)
as the binary operation matrix, the updated matrices can be formulated as:

A=Mxk)®A, B=Mgzgk) oB, 2)



where © stands for element-wise multiplication, and k is the pruning rate of parameters. Formally,
it sets k percentage of parameters with small values sorted by magnitude to zero. Fig. 3a shows its
utility in altering distribution and scaling tail singular values.

After pruning ineffective parameters, the remaining ones should be refined to scale tail singular
values and complement the performance gap caused by task interference. Considering that explicitly
operating on decomposed matrices is time-consuming, we directly adjust original low-rank matrices
to achieve the same goal inspired by the asymmetry and correlation between two LoRA modules
stated in Sec. 3.2 and that A is almost orthogonal in high-dimensional space. Specifically, we propose
to adaptively adjust singular values through complementary parameter scaling for transforming B
to compensate for performance deficiencies resulting from the gap between singular values. As A
follows a uniform distribution, we construct scaling coefficients from the statistical characteristics of
A for singular values. We define the scaling matrix S as a diagonal matrix, and the elements on the
diagonal are:
; 25;1 abs(Ay; ;) .
S'=— , =1, 3)
>l abs(Magi ) © Apj)

This can be viewed as singular value adaptation in low-rank space, in which small values of each
model are effectively increased in larger proportions (Fig. 3b), thereby contributing to minimizing task
conflicts aroused by direction instability while refraining from explicit computation of decomposition.

Cross-task normalization. Complementary
parameter scaling coefficient S is determined
in a task-independent manner. On the one
hand, the imbalance in data size between Input: Fine-tuned models {A,,,By,}i_,, pruning rate
different seen tasks leads to overfitting for k, rank r and A )

data-abundant tasks and underfitting for data- Output: Merged Parameter-Efficient Model W

scarce tasks. Additionally’ it also poses a neg- D> Step 1: Pruning and Complementary Parameter Scaling.

Algorithm 1 Procedure of parameter-efficient merg-
ing with complementary parameter adaptation.

ative effect on the generalization to unseen M (k) = binary(set_topk_nonzero(A, k))
tasks. Consequently, we conduct normaliza- MB(k) = binary(set_topk_nonzero(B, k))
tion on scaling matrices across all tasks to A=Mulk)OA

reduce the impact of coefficient imbalance, B=— Mzg(k) ©B

mathematically formulated as: foralli =1,--- ,rdo

. d; d;
} N | ST =371, abs(Ap.)/ 5L, abs(Magi.) © Agi)
< i Z i end

el D> Step 2: Cross-Task Normalization.

foralln=1,--- , N do
The normalization provides more balance | § —si/xN sl

across diverse types of tasks and therefore epd n=rn

achieves more stable performance. It alsO 5 gutain parameter-efficient modules.

enhances the ability on unseen tasks, which  forallp = 1,--- , N do
is shown in Fig. 5c. The final efficient param- S,, = Diag(S?)
eter can be rewritten as follows: AW, + B, S, A,
~ ~  ~ end
Awn:BnSnA'rwn:lava 5

D> Merge parameter-efficient modules.

and the merged model weights can be ob- W Wo + AT, AW,

tained by adding merged parameter-efficient return W

modules of all tasks. It should be emphasized that during the whole merging process, no validation
data or extra information storage of seen tasks is required, certifying the superiority of the method.

4 Experiments

Implementation details. We conduct experiments on multimodal generative tasks, unseen task
generalization, and vision tasks using multimodal models [32, 45]. We comprehensively extend our
approach on the scale of the model, number of tasks, rank, and so on to certify the utility. Unless
otherwise stated, all models are trained with a rank of 16. More details can be found in Appendix C.

Datasets and baselines. For multimodal task merging, we establish a MultiModal Merging
Benchmark (MM-MergeBench), which comprises eight multimodal generative tasks including Sci-
enceQA [36], ImageNet [5], VQAvV2 [7], REC-COCO [22, 39], OCRVQA [42], Flickr30k [44],



Table 2: Performance of MM-Merge-Bench on eight seen and four unseen tasks.

‘ SEEN TASKS ‘ UNSEEN TASKS
Method ‘SciQA Image VQA REC OCR VizWiz Flickr IconQA Average‘AVQA Image-R S2W TabMWP Average
Individual 83.74 96.02 67.58 43.40 65.50 64.80 57.29 75.54 69.23 - - - - -
Zero-Shot 61.73 40.87 62.88 36.10 41.16 41.03 49.07 14.09 43.37 |51.62 28.27 598 15.01 25.22

Multi-Task 76.90 74.08 67.05 35.98 65.37 66.67 56.09 66.87 63.62 |76.33 4139 834 1820  36.06

Task Arithmetic| 71.94 57.49 67.06 38.90 62.87 44.80 49.20 39.21 53.93 |74.78 3737 7.52 13.57 3331
DARE 71.59 57.25 66.26 39.38 62.56 44.93 49.13 39.59 5384 |73.75 37.67 7.56 13.62  33.15
Ties-merging | 71.49 55.88 66.73 39.67 65.12 44.35 47.06 34.46 53.09 |7343 3844 747 1323 33.14
PCB-merging | 71.10 57.82 67.59 38.22 64.35 44.58 4890 37.01 53.70 |74.57 36.28 7.84 1544  33.53

RobustMerge ‘73.43 65.54 67.20 44.80 62.97 46.61 52.80 45.90 57.33 ‘79.30 4579 9.23 17.62  37.99

VizWiz-caption [12], IconQA [38]. It includes diverse multimodal tasks across various areas like
question answering, grounding, classification, captioning and can comprehensively evaluate the perfor-
mance of different merging methods in generative tasks. To demonstrate the generalizability on unseen
tasks, we evaluate the merged models on four diverse datasets, ImageNet-R [15], AOKVQA [48],
Screen2Word [58], TabMWP [37]. Detailed interpretation can be found in Appendix E. Besides, we
also evaluate on general benchmarks like POPE [28], MME [6] and MMBench [35]. Experiments on
vision tasks are provided in Sec. 4.2 and more results are shown in Appendix F.

For comparison methods, we re-implement Task Arithmetic [19], Ties-merging [62], DARE [65] and
PCB-merging [11] on parameter-efficient modules of MLLLMs to have a fair comparison. Detailed
information about these baselines can be found in Appendix D.

4.1 Experiments on MLLM with Generative Tasks

We systematically evaluate parameter-efficient merging methods on multimodal generative tasks, in
which LLaVA [32] is used as the foundation model, with CLIP-L-336 [45] as the image encoder.

RobustMerge is effective in parameter-efficient tuning. We evaluate the performance of various
model merging methods. Concretely, we obtain independent models from fine-tuning separate
datasets and merge models without re-accessing data. It is indicated from the left part of Tab. 2
that existing approaches suffer from a severe performance drop when merging parameter-efficient
models, even worse than zero-shot in some cases. Also, they do not necessarily perform better
than simple Task Arithmetic, showcasing the challenge in PEFT merging. By contrast, our method
achieves superior results, consistently and substantially outperforming all previous methods by a
solid margin (3.4% improvements on average). Notably, our approach even achieves comparable
performance with multi-task learning. These results strongly validate the effectiveness of the method.

RobustMerge enhances performance on  Taple 3: Performance of different merging models on
unseen tasks. Generalizability is crucial  geperal multimodal benchmarks.

for evaluating merging methods as domain
shifts are unavoidable and frequently oc-  Method POPE MME MMBench
cur in real-world scenarios. On the right

. Zero-Shot 86.4 1476.9 66.1
of Tab. 2, we report merging performance . jivionai ML 86.9 14335 629
directly evaluated on four unseen tasks. It
is harder as the merged models have no  Task Arithmetic 87.0 1465.2 67.3
clue for the distribution of unseen tasks. DARE 86.4 1475.7 67.4
This is further confirmed by the poor per- ~ 1ies-merging 86,7 1489.4 66.6
formance of existing merging methods (TA, PCB-merging 86.6 14507 66.3
DARE, Ties), which is even worse than  RobustMerge 87.2 1494.9 68.1

zero-shot on some occasions. Conversely,
our method significantly enhances performance with substantial 4.5% average improvements and
even outperforms multi-task learning. Notably, our method successfully promotes domain trans-
fer (ImageNet-R) and specific knowledge task (TabMWP), further demonstrating the generalizability.

RobustMerge outperforms on general multimodal benchmarks. We additionally report results
on general multimodal benchmarks POPE [28], MME [6] and MMBench [35] in Tab. 3 to evaluate



Table 4: Results of merging eight vision tasks with CLIP-ViT-B-32 as pre-trained foundation model.

Method Cars MNIST EuroSAT GTSRB DTD RESISC45 SUN397 SVHN  Average
Zero-Shot 59.7 48.5 62.3 32.6 60.7 43.8 45.5 314 48.0
Individual 74.3 99.3 65.2 92.9 88.7 58.4 99.1 96.4 84.2
Task Arithmetic  60.3 52.3 63.2 37.6 62.8 44.0 50.9 37.6 51.1
DARE 60.4 52.4 63.1 37.5 62.8 44.0 50.3 37.7 51.0
Ties-merging 60.7 56.4 62.4 33.9 61.3 43.1 51.1 429 51.5
RobustMerge 61.4 65.0 65.0 43.1 63.3 44.7 52.2 524 559 (+4.4)

Table 5: Results of merging eight vision tasks when pre-trained model scales to CLIP-ViT-L-14.

Method Cars MNIST EuroSAT GTSRB DTD RESISC45 SUN397 SVHN  Average
Zero-Shot 71.7 76.3 66.8 50.5 71.0 553 59.9 58.4 64.4
Individual 99.7 99.4 80.0 97.2 95.8 70.3 98.6 97.9 92.4
Task Arithmetic ~ 78.6 79.7 68.5 53.6 73.5 55.8 65.7 60.9 67.0
DARE 79.5 81.4 68.8 56.5 75.0 56.6 65.8 62.8 68.3
Ties-merging 79.4 834 69.5 59.4 76.0 55.7 64.0 64.4 68.9
RobustMerge 79.7 82.8 70.6 62.4 78.4 58.2 64.7 70.3  70.9 (+2.0)

base capabilities of merged models like hallucination and so on. It shows that multi-task learning
achieves inferior results, indicating the challenge. By contrast, our method enhances zero-shot perfor-
mance, substantially outperforms existing methods, and retains common knowledge on challenging
benchmarks with outstanding outcomes, certifying the effectiveness.

4.2 Experiments on VLM with Vision Tasks

For vision language model (VLM) with vision tasks, we follow the experimental setup outlined by
Task Arithmetic [19] and fine-tune eight models with LoRA on corresponding vision datasets. The
datasets consist of Cars [24], MNIST [25], EuroSAT [14], GTSRB [50], DTD [3], RESISC45 [2],
SUN397 [61] and SVHN [43]. See Appendix E for details.

RobustMerge is effective in vision tasks. We evaluate our methods on CLIP-ViT-B-32 [45] and
showcase the results in Tab. 4. It is indicated that when fine-tuning models with parameter-efficient
techniques, previous methods do not observe significant improvements against zero-shot performance,
questioning their utility in vision task-efficient tuning. By contrast, our method obtains a considerable
7.9% promotion against the ability of zero-shot and outperforms previous merging methods by a
substantial margin (4.4%). It strongly validates the effectiveness of our method when merging vision
models in a parameter-efficient way.

RobustMerge scales well to large VLM models. We also apply our method to larger models to
certify the scalability of the method. Concretely, we fine-tune CLIP-ViT-L-14 on eight vision tasks
separately and evaluate models with merged parameter-efficient components. The results in Tab. 5
exhibit that the performances of all methods improve with larger foundation models. Furthermore,
RobustMerge achieves the best results with a 2.0% average improvement, demonstrating superiority.

Table 6: Influence of each component. Prune&scale and norm refer to pruning and complementary scaling.

Prune&Scale Norm ‘ SciQA Image VQA REC OCR VizWiz Flickr IconQA ‘ Average
71.94 57.49 67.06 38.90 62.87 44.80 49.20 39.21 53.93
v 73.03 64.18 67.50 43.12 58.19 46.36 52.24 44.54 56.14 (+2.21)
v v 73.43 65.54 67.20 44.80 62.97 46.61 52.80 45.90 57.33 (+3.40)

4.3 Ablation Study and Further Analysis

Effectiveness of each component. We progressively apply key components of our method, i.e.,
pruning and complementary parameter scaling and cross-task normalization, to substantiate their
effectiveness. Results in Tab. 6 illustrate that pruning and complementary parameter scaling fun-
damentally contribute to direction robustness and mitigating interference in model merging, and
integrating them all further achieves more advanced results.
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Influence of pruning rate. As is revealed in Sec. 3.2, parameters of small values have less influence
on the direction robustness of low-rank decomposition. Therefore, we prune parameters according to
the magnitude to facilitate the merging procedure. To further validate this point of view, we gradually
increase the pruning rate and show the variation of average performance in Fig. 5a. It is elucidated
that: (1) As the pruning rate increases, the performance gradually boosts due to reduced interference
between tasks; (2) Finally, the performance undergoes a sharp decrease as pruning larger parameters
significantly influences directions and task knowledge. Consequently, the results are in accordance
with the aforementioned analysis, underlining the utility of the ineffective parameter pruning strategy
in our method.

Parameter pruning in magnitude provides su- Table 7: Influence of complementary parameter
perior results. We additionally compare with scaling. Coefficients solely dependent on specific
pruning techniques employed in DARE [65] and  module (A, B or both) perform inferior to adaptive
Ties-merging [62] to showcase the effectiveness  coefficients with inter-parameter relations.

of the proposed parameter pruning technique.
Concretely, we employ random pruning and ag-
gregated sign as pruning criteria, respectively,
and evaluate their performance. The results in ~ Ours (individual, A) 54.5(+0.4)  32.1(-04)
Fig. 5b reveal that sign conflict is not crucial ~ Ours (individual. ) 3413 341 (+1.6)

. . N . Ours (individual, A + B) | 51.7 (—2.4) 35.0 (+2.5)

in efficient merging, with performance worse -

than random. By contrast, our magnitude-based Ours (inter-parameter) | 573 (+3.2) 380 (+5.5
parameter pruning technique achieves better results in multimodal tasks and outperforms existing
approaches by a substantial margin (2.3% and 4.0%, respectively). It indicates that the value in
magnitude, other than sign interference, plays a vital role in parameter-efficient model merging. We
attribute the promotion to a significantly wider distribution of parameter-efficient models than full
fine-tuning models, and pruning according to sign inevitably changes direction in low-rank space.
Conversely, our method avoids task conflicts with less impact on principal direction.

Method ‘ Seen Tasks  Unseen Tasks
Baseline (w/o adaptation) ‘ 54.1 32.5

Complementary parameter scaling effectively compensates for performance drop. It is elucidated
in Sec. 3.3 that we construct coefficients with influence interwoven between parameters. To figure out
its effectiveness, we replace it with different scaling strategies. Concretely, we decouple the interaction
between the two modules, employing coefficients from A, B, individually. We additionally conduct
scaling for A and B simultaneously and report quantitative results in Tab. 7. The study certifies the
benefit of scaling coefficients from complementary parameter adaptation, and adaptively adjusting
coefficients of B effectively promotes performance, which is in accordance with the analysis above.
It is also demonstrated that the performance does not necessarily become better by utilizing more
complex scaling coefficients (2.4% decrease in seen tasks).
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Cross-task normalization provides more stable performance. As is illustrated in Sec. 3.3, cross-
task normalization provides not only consistent and stable performance on seen tasks but also
advanced promotion on unseen tasks. We analyze the correlation between performance and variance
in Fig. 5¢c. Concretely, compared with existing methods, our approach achieves 3.4% better perfor-
mance (57.3% v.s. 53.9%) with significantly smaller variance (1.2%). Notably, employing cross-task
normalization strengthens the advantage. Specifically, it improves 1.2% average performance while
reducing 0.2% on standard deviation, showcasing the superiority of the proposed method.

Further analysis of direction robustness. We formulate the evaluation metrics for measuring
direction robustness to better understand parameter-efficient model merging. We use the average
similarity of each corresponding singular vector between task-specific models and merged models as
the criterion, which reflects the direction deviation in merging. Larger similarity means the direction
possesses more robustness and is not prone to changing direction during merging, thereby maintaining
the performance of a specific task. Moreover, we also incorporate the ratio of singular value between
merged and original models to comprehensively reflect the degree of specific knowledge learning. As
is depicted in Fig. 3, the largest singular value displays more direction robustness, so we divide the
value into the largest and the average of the remaining parts in Fig. 7 for better illustration of different
model merging approaches.

It can be concluded that: (1) During merging, the largest vector tends to be stable, while remaining
vectors are extremely dissimilar (direction instability), which leads to a performance drop in evalua-
tion. By contrast, our method substantially improves the similarity of remaining vectors, strongly
promoting merging performance; (2) The results of the ratio of value also reflect that for a specific
model, existing methods would decrease the largest singular value and fail to sufficiently strengthen
smaller singular values. By contrast, our method better enhances smaller values and maintains
task-specific knowledge during merging, which is consistent with our view that scaling smaller values
contributes to direction robustness. Furthermore, these analyses also give a clear explanation about
the function of each component in the proposed method: (1) Prune is to resolve the interference
between tasks while exhibiting the least influence on the direction, and the sparsification also boosts
the robustness of small values; (2) Scaling after prune aims to compensate for the singular value drop
raised by pruning, thereby enhancing the direction robustness.

5 Conclusion

This paper focuses on parameter-efficient model merging for large foundation models. We analyze
from low-rank decomposition and reveal that direction robustness is crucial for merging efficient
modules. We furthermore uncover that scaling tail singular values can effectively mitigate task
interference and maintain direction robustness. Therefore, we introduce RobustMerge, an effective
merging technique to maintain directions in low-rank space. We conduct extensive experiments and
comprehensive analyses to showcase the superiority and scalability of the approach. This is the first
attempt at parameter-efficient model merging from the perspective of direction robustness, and we
hope it can inspire more advanced parameter-efficient merging methods.

Limitations and future work. We do not validate the method on more structures and tasks. However,
since our method is a model-agnostic and task-agnostic post-processing algorithm, this will not be a
bottleneck given numerous models on platforms like Huggingface. Also, we propose the concept
of direction robustness in parameter-efficient merging, but we do not design a specific algorithm on
decomposed matrices for the purposes of efficiency. We believe they would be promising directions
that are left for future development in various downstream areas of parameter-efficient learning.
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Appendix

A Theoretical Analysis of Singular Value Decomposition in Merging

As we focus on the merging of low-rank matrices, we first introduce basic notations of singular value
decomposition and then describe its application in merging.

A.1 Background of Singular Value Decomposition

Denote the parameter-efficient module W = B x A, W € R"*"™ and W as a low-rank matrix, i.e.,
Rank(W) =r, r < n. The singular values of the matrix W are o1 > 09 > --- > g, > 0.

Based on singular value decomposition, the matrix W can be decomposed as:
wW=UxVv7T, (6)

where U = [uj,u2, - ,u,] € R**" and V = [vy, v, -+ ,v,] € R"™" are orthogonal matrices
with left and right normalized singular vectors, respectively, and 3 € R"*" is a diagonal matrix
containing singular values of the original matrix, which can be formulated as:

g1
02

%= . @

g
T rxr

The low-rank matrix can therefore be rewritten as:
T T T
W =u101v] + u202v5 + -+ + upo,0;

®

T T T
=01U1v] + OuU2V5 + -+ + OpURY,. .

A.2 Theoretical Analysis in Merging

For better illustration, we consider merging in a simplified situation and take two parameter-efficient
modules as an example.

Let W1, W4 be two decomposed modules that are fine-tuned on task A and B, respectively:
W1 =011u110]; + 021U2105; + + 4 Op1Ur1v), ©)

_ T T T
Wy =012U12015 + T22U22V59 + -+ + Or2Ur2Upg,

where o5, u;; and v;; represent the i" singular value/left singular vector/right singular vector of the
5t low-rank matrix, respectively.

Given the practical significance of singular vectors in LoRA, consider two permutations of 1 to 7, i.e.,
(1),(2),--,(F),and (1),(2),- -, (r), merging the two modules can therefore be rewritten as:

W =AW; 4+ Wy)

)‘(0(1)1“(1)1”( 1T 0(2)1u(2)1v(2) et J(r)lu(r)lvg;)
+o2u)2V(1)2 + O@)2U@)2(a) T T Ow)2U)2V(r)2) (10)
:A{(Umlu(mv?m + 0(;)2“@)2”@)2) (0@)1%@)19(3), + T(2)2U@)20{z2)2) +

HOE U@V + 0wet@2v()}s

where each pairwise subscript {(4), (i)},4 = 1,-- - ,r stands for similar singular components, i.e.,
similar knowledge of two different matrices in low-rank space.

Empirically, U contains more general knowledge in low-rank space with larger similarity across
tasks. Consequently, the merging process can mathematically be expressed as merging each of the
task-specific vectors in low-rank space:

)‘0({)1”5)1 + AU(;)QUE‘Q)Q = XNi1&in + Aigkiz, i=1,--- 7 (1D
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Given that U,V are normalized, it can be inferred from Eqn. 11 that merging in low-rank space
can be seen as vector addition for each group of task-specific singular vector, with singular vector &;
indicating the direction and singular value o; indicating the magnitude. Based on vector synthesis,
direction change for task A and task B would be complementary to each other for each singular value.

It can be seen from the above derivation that due to the difference in original direction and magnitude,
the singular values with larger magnitude are more likely to determine the direction and magnitude
of the merged singular vector. As a result, the change in singular vector angle will vary from the
perspective of singular value vectors belonging to different tasks due to the stark difference in singular
values, e.g., for task A, the direction angle change for vector 1 is small while the angle change for
vector 2 is relatively large, and the situation is just the opposite for task B. Therefore, the key for
merging would be maintaining direction robustness for vectors with small singular values. Without
the loss of generality, the derivation can be extended to merging any number of models.

B Distribution of Singular Value in Different Layers

We depict the distribution of attn.v in Layer 1, 18, and 32 to show the distribution of singular value
changes with different layers. It clearly shows in Fig. 8 that: (1) As the position of the layer becomes
higher, the maximum singular value becomes larger, and the tail singular values become smaller,
making the distribution more stark. This shares a similar observation with HiDe-LLaVA [8] that
lower layers carry more general knowledge and higher layers contain more task-specific knowledge,
so in the first layers, the gap between top and tail values would not be as large as in the last layers.
Therefore, the distribution becomes more stark with increased layer, highlighting the necessity to
properly handle direction instability during merging; (2) Moreover, compared with the original model,
our method successfully and consistently scales both top and tail singular values across different
layers, thereby contributing to robust and efficient merging with improved performance, which
strongly demonstrates the effectiveness and rationality of the method.
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Figure 8: Singular value distribution of original and our model in attn.v of layer 1, 18 and 32.

C More Implementation Details

We build a multimodal codebase for multimodal tasks and vision tasks upon LLaVA 3 and CLIP ¢,
respectively. For training, we follow the standard training procedure described in LLaVA, i.e., training
each task individually and obtaining parameter-efficient modules. LoRA is added to linear layers in
foundational blocks, and all models are trained for 1 epoch for merging.

For inference, the tasks are evaluated by accuracy. The vision task is conducted by constructing
textual prompts for each category and calculating the similarity. Each evaluated sample is classified
into the category with the largest similarity. Hyper-parameter A is set to 2 by default. All merging
experiments are carried out on a single NVIDIA A6000 with the temperature set to 0.

D Details of Comparison Methods

The crucial operation of merging method involves designing a merging algorithm, i.e., ®(-) defined
in the paper. We primarily compare with DARE, Ties-merging, and Task Arithmetic in the main

3https://github.com/haotian-liu/LLaVA
*https://github.com/openai/CLIP
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results. For comparison to these traditional approaches, we employ traditional approaches to LoRA
components. Specifically, we fine-tune the foundation model using LoRA, merge LoRA components
using traditional approaches, and finally evaluate performance with merged LoRA attached to base
models. Their ways of merging are briefly introduced in the following paragraph.

Task Arithmetic views all parameters as vectors. It obtains task vectors by subtracting pre-trained
models from fine-tuned models and performs standard arithmetic operations like addition and
subtraction on them. It sums the parameters from checkpoints of different tasks and constructs
a strong baseline for multi-task learning.

Ties-merging reduces the conflicts between parameters of different tasks by a trim, elect sign, and
merging paradigm. Concretely, it first keeps parameters with the highest magnitudes, and then
determines the aggregated sign based on the summation of remaining parameters. Finally, it merges
the parameters with the same sign as the aggregated sign to mitigate disagreements.

DARE empirically observes the sparsity in parameters. It randomly drops parameters with a fixed
ratio p, and rescales the remaining parameters with 1/(1 — p) to match the expectation of parameters
lost from dropping ones.

E Details of Different Tasks

E.1 Composition of Instruction Tuning Datasets

The instruction tuning datasets follow the format ~ Table 8: Instruction templates for each dataset.

of instruction tuning and are composed of image- Dataset | Instruction
text paifs and additional iqstruction templates. S N Answer with the option’s letter from
Instruction templates provide a clear and ex- cienceQ the given choices directly.
pressed task environment and purpose in natural What is the object in the image?
language and are crucial for instruction tuning. ImageNet Answer the question using a single word
The templates are shown in Appendix 8. In mul- or phrase.
timodal generative tasks, we carefully design Answer the question using a single

. . VQAV2 word or phrase
the instruction template for each dataset. The :
templates are concatenated with task-specific in- ) Please provide the bounding box coordinate

ts of image and text to the model to generate ~ OroUnding of the region this sentence

puts o g g describes: <description>.

responses in an auto-regressive way. The lan-
guage model is set to be trainable with the visual TconQA
encoder frozen.

Answer the question using a single
word or phrase.

What is happening in the image?

VizWiz Generate a brief caption for the image.

E.2 Datasets of Vision Tasks What is happening in the image?

Generate a brief caption for the image.

Flickr30k ‘
All the vision tasks are traditional datasets con- ‘ Answer the question using a single

taining common objects across wide domains OCR-VQA word or phrase.
like cars, texture, traffic signs, and so on for im-
age classification. Categories for them vary from
10 to 397. We fine-tune VLMs with LORA on  ImageNet-R
each task and merge them employing different
types of merging methods. Only the visual en-
coder is trainable, and the text encoder remains

frozen for label embedding extraction.

Answer with the option’s letter from
the given choices directly.

What is the object in the image?

You are given a phone Ul screen.

Screen2Word . .
Describe the screen in one sentence.

Answer the question using a single
word or phrase.

F More Experimental Results

RobustMerge generalizes to the number of tasks. We gradually increase the number of tasks to
substantiate the robustness of our method. As is illustrated in Fig. 9, in seen tasks, the performance
undergoes a slight drop as merging more models interferes with specific tasks. In unseen tasks, the
performance first improves and then declines modestly. It could be attributed to the fact that in the
first stage, seen tasks transfer knowledge and enhance unseen tasks of similar distribution; in the
second stage, interference dominates merging rather than knowledge transformation. Under both
circumstances, our method consistently outperforms existing approaches by a substantial margin as
the task number varies, indicating the superiority and stability of our method.
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Table 9: Results of merging models fine-tuned with DORA.

Method SciQA  Image VQA REC OCR VizWiz Flickr IconQA Average
Task Arithmetic  69.91 6745 66.18 41.43 5857 46.60 52.68 40.57 55.42
Ties-merging 69.01 64.06 66.60 40.68 61.94 46.51 51.97 35.82 54.57
RobustMerge 7095 68.25 6648 41.67 58.39 46.72 52.78 43.40 56.08
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Figure 9: Average performance of seen and unseen tasks when number of tasks increases. Our
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method consistently outperforms TA and Ties with significant improvement.

RobustMerge extends well to different PEFT methods. We primarily test our method on LoRA
since it is the most commonly used and comparable PEFT technique. To demonstrate the extensibility
of the proposed method, we additionally conduct experiments on DoRA [34], which is a LoRA-based
efficient technique with an advanced algorithm to improve the performance of PEFT learning. Results
shown in Tab. 9 reveal that our method achieves consistent and substantial improvements against
existing merging methods in different PEFT methods. It strongly certifies that the problem of direction
robustness is widespread in merging different kinds of PEFT modules, where attention is primarily
paid to improving the performance of a single task. By contrast, our method handles the issue to

8

some extent, thereby promoting the multi-task performance when the PEFT technique varies.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: See abstract and introduction.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

 The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: See limitations in Conclusion.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
Justification: See in Appendix.

Guidelines:
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The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.
The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: See in Sec. 4 and Appendix.

Guidelines:

The answer NA means that the paper does not include experiments.
If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We released the code, dataset and model.

Guidelines:
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» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: See in Sec. 4 and Appendix.

Guidelines:

* The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: See in Appendix.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).
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o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: See in Appendix.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: The authors have reviewed the code of ethics.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]
Justification: No societal impacts.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

o If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.
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* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: No such risks.

Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: We correctly cite the original paper.

Guidelines:

» The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: No new assets released.

Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.
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* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: No crowdsourcing or research with human subjects involved.
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* The answer NA means that the paper does not involve crowdsourcing nor research with
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* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: No crowdsourcing or research with human subjects involved.
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* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
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