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A Experiment Settings

This section presents a comprehensive overview of the datasets, baseline methods, and training
procedures.

Task. A task is referred to the specific problem or objective that a model is designed to solve. In this
paper, a task is defined as classifying images within a given dataset.

Dataset Details. This study follows the multi-task model merging protocol from Task Arithmetic
(ITharco et al., 2023)), Ties-Merging (Yadav et al.|[2023)) and AdaMerging (Yang et al.) on eight image
classification datasets. The details are provided below:

» SUN397 (SU) (Xiao et al.} 2016): a scene classification dataset consisting of 397 classes and a
total of 108,754 images, with each class containing a minimum of 100 images.

» Stanford Cars (CA) (Krause et al.,|2013): a car classification benchmark dataset comprosing
196 categories and 16,185 images in total. For each category, the dataset is evenly divided into
training and test sets in a 1:1 ratio.

* RESISC45 (RE) (Cheng et al.,[2017): a remote sensing image scene classification benchmark
with 45 scene classes and 31,500 images. Approximately 700 images are included in each class.

* EuroSAT (EU) (Helber et al., 2019): a 10-class satellite image classification dataset with 27,000
labeled and geo-referenced images.

* SVHN (SV) (Netzer et al.,|2011): a real-world digit classification dataset derived from house
numbers in Google Street View images. This datasets consists of 10 classes with 73,257 training
samples and 26,032 test samples. Additional 531,131 samples are available for training.

* GTSRB (GT) (Stallkamp et al.|[2011): a traffic sign classification dataset consisting of 43 classes
and more than 50,000 samples in total.

o MNIST (MN) (LeCun et al., |1998): a benchmark dataset for image classification, containing
grayscale images of handwritten digits across 10 classes. It includes 60,000 training and 10,000
test images, with a balanced number across classes.

* DTD (DT) (Cimpoi et al., 2014): a texture classification dataset consisting of 47 classes and a
total of 5,640 images, with approximately 120 images per class.

Baseline Details. We evaluate performance using eight comparison baselines and four alternative
configurations of our method.

* Individual: Each task is handled by an independently fine-tuned model with no interference
between tasks. However, this approach cannot perform multiple tasks simultaneously.

* Traditional MTL: This approach aggregates the original training data from all tasks to train
a single multi-task model. It serves as a reference upper bound for evaluating model merging
performance.

Submitted to 39th Conference on Neural Information Processing Systems (NeurIPS 2025). Do not distribute.



35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58

59

60
61

62

Weight Averaging: A simple model merging technique that averages the parameters of multiple
models directly. It is typically considered a lower bound for model merging performance.

Fisher Merging (Matena and Raffel, |2022): This method computes the Fisher Information Matrix
to assess parameter importance, guiding the model merging process based on these importance
scores.

RegMean (Jin et al.| [ 2023)): Introduces a regularization constraint during merging, enforcing the
L5 distance between the merged model and individual models to remain small.

Task Arithmetic (Ilharco et al.,[2023)): This method is the first to propose the concept of “task
vectors” and merges these vectors into a pre-trained for model merging.

Ties-Merging (Yadav et al.,2023): Addresses task conflict in Task Arithmetic (Ilharco et al., [2023)
by removing redundant parameters and resolving sign conflicts through a three-step procedure:
Trim, Elect Sign, and Disjoint Merge.

EMR-MERGING (Huang et al.| [2024): This approach is a tuning-free method that merges models
in three steps, by selecting a unified parameter sign (Elect), aligning task-specific parameters via
masking (Mask), and adjusting their magnitudes with task-specific scaling factors (Rescale).
AdaMerging (Yang et al.): Builds on Task Arithmetic (Ilharco et al., |2023) by employing an
unsupervised method to automatically learn merging coefficients for each task vector.
AdaMerging++ (Yang et al.): An extension of Ties-Merging (Yadav et al., 2023)) that uses an
unsupervised approach to learn task-specific merging coefficients.

StatsMerging (Ours): A lightweight learning-based method guided by the weight distribution
statistical features (stats) of task-specific pre-trained weight models, including the mean, variance,
magnitude and singular values. This method employs StatsMergeLearnero learn stats by knowledge
distillation from task-specific teachers without manual labels.

StatsMerging++ (Ours): A more extensively trained version of StatsMerging.

Training Details.

Task-Specific Teacher: For each task, we utilize its corresponding Individual model as the
Teacher.

Code is available at https://github.com/statsmerging/statsmerging,


https://github.com/statsmerging/statsmerging
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B Extended Experiments

B.1 Merging Performance

Extended experimental merging results are presented in Table [T} Results for Pre-Trained models,
Individual models, and those trained using Traditional MTL are listed above the double horizontal
lines. Below these lines, the comparison is organized into three groups: Task-wise methods appear
first, followed by Layer-wise approaches, and finally the Parameter-wise method. Notably, while
finer granularity is generally associated with improved merging performance (Yang et al.), our LW
StatsMerging++, operating at the Layer-wise level, surpasses EMR-Merging (Huang et al., [2024),
which is based on the finer Parameter-wise granularity.

Table 1: Multi-task merging performance (Avg Acc %) when merging ViT-B/32 models on eight
tasks. Results of our method StatsMerging are shaded in gray. Bold and underscore indicate the
highest and second-highest scores within the merging group below the double rules in each column,
respectively. GL: Granularity Level. TW: Task-wise. LW: Layer-wise. PW: Parameter-wise.

Method SU CA RE EU SV GT MN DT | Avg
Acc
Pre-Trained 623 597 60.7 455 314 326 485 43.8 | 48.0
Individual 753 777 96.1 99.7 975 987 99.7 794 | 90.5
Traditional MTL 739 744 939 982 958 989 995 779 | 88.9
\ Task-wise
Weight Averaging 653 634 714 7177 642 528 875 50.1 | 658
Task Arithmetic 552 549 6677 789 802 697 973 504 | 69.1
Fisher Merging 686 692 707 664 729 51.1 879 599 | 68.3
RegMean 653 635 756 786 781 674 937 520 | 71.8
Ties-Merging 598 58.6 707 797 862 721 983 542 | 724
TW AdaMerging 580 532 688 857 81.1 844 924 448 | 71.1
TW AdaMerging++ 60.8 569 73.1 834 873 824 957 501 | 73.7
TW StatsMerging (Ours) 61.3 700 742 852 875 825 962 542 | 764
\ Layer-wise
LW AdaMerging 645 681 792 938 870 919 975 59.1 | 80.1
LW AdaMerging++ 666 683 822 942 896 89.0 983 606 | 81.1
LW StatsMerging (Ours) 674 741 829 91.1 898 947 983 775 | 84.5
LW StatsMerging++ (Ours) | 74.1 742 934 98.7 96.7 985 98.8 77.7 | 89.0

\ Parameter-wise
EMR-MERGING ‘75.2 72.8 935 995 969 98.1 99.6 744 ‘ 88.7
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B.2 Robustness Evaluation

We evaluate the robustness of StatsMerging against Task Arithmetic (Ilharco et al. 2023)) and
AdaMerging (Yang et al.) under three image corruption scenarios: Motion Blur, Impulse Noise, and
Gaussian Noise. The corrupted test sets are constructed following the protocols outlined in (Yang
et al.; [Hendrycks and Dietterichl |2019). We assess performance on four datasets: Stanford Cars
(CA) (Krause et al.,2013), EuroSAT (EU) (Helber et al.| 2019), RESISC45 (RE) (Cheng et al.| 2017)),
and GTSRB (GT) (Stallkamp et al.,[2011). Results are reported in Table 2] Overall, StatsMerging
consistently outperforms the baselines. On the clean test set, it achieves a 2.4% accuracy improvement
over AdaMerging. Under corrupted conditions, StatsMerging yields performance gains of 3.1%,
6.3%, and 4.3% for Motion Blur, Impulse Noise, and Gaussian Noise, respectively.

Table 2: Robustness results when merging ViT-B/32 models on four tasks. StatsMerging: shaded in
gray. Bold: top score. Values are reported in %.

Method | CA EU RE GT | AvgAcc
\ Clean Test Set

Task Arithmetic | 669 94.7 82.6 75.1 | 79.8
AdaMerging 737 96.1 858 963 | 88.0
StatsMerging 75.6 963 92.1 97.6 | 90.4 (+2.4)

\ Motion Blur

Task Arithmetic | 65.3 68.1 80.0 642 | 694
AdaMerging 712 746 827 94.1 | 80.6
StatsMerging 73.5 769 89.2 952 | 83.7 (+3.1)

\ Impulse Noise

Task Arithmetic | 62.1 49.1 727 404 | 56.1
AdaMerging 672 308 759 775 | 628
StatsMerging 704 504 77.6 78.1 | 69.1 (+6.3)

\ Gaussian Noise

Task Arithmetic | 63.6 554 759 494 | 61.1
AdaMerging 699 412 80.6 76.0 | 669
StatsMerging 71.2 53.6 821 78.0 | 71.2 (+4.3)
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B.3 Label Type and Loss Function Analysis

In this section, we analyze the performance of training StazsMergeLearner on two types of pseudo
labels: (1) Soft Pseudo Labels, and (2) Hard Pseudo Labels, the former of which is commonly
employed in knowledge distillation frameworks (Gou et al., 2021} Hinton et al., 2015)) especially for
classification tasks. Formally, we present two versions of our training losses:

Soft Pseudo Labels (SPL): The predicted class probability distribution. Thus we use Kull-
back-Leibler divergence (KL-Div) (Kullback and Leibler, [1951) loss function:

C
LxL = perlog (p(;k> €]

c=1 ¢

where p 1, is the predicted probability of class c from the pre-trained model ), on task £, and ¢ is
the predicted probability of class ¢ from the merged model 6,,,.

Hard Pseudo Labels (HPL): The predicted class label in one-hot encoded format. Therefore, the
cross-entropy loss is applied:
C’I’n
Log ==Y fexlog(je)) ©)

c=1

Results are shown in[3] We highlight two key observations: (1) Training StatsMergeLearner with
Hard Pseudo Labels (HPL) using cross-entropy loss (KD CE) yields performance comparable to
training with ground-truth labels (GT CE), achieving 81.2% vs. 88.5% at the task-wise (TW) level
and 83.5% vs. 90.4% at the layer-wise (LW) level. Importantly, StatsMerging eliminates the need for
manually annotated labels, validating our intuition of leveraging task-specific teacher knowledge for
supervision. (2) When trained on Soft Pseudo Labels (SPL) using KL-Divergence loss (KL-Div),
StatsMergeLearner underperforms relative to HPL with cross-entropy, obtaining 73.3% vs. 81.2% at
the TW level and 52.4% vs. 83.5% at the LW level, respectively.

We hypothesize that the observed performance drop is due to noisy inter-class relationships within
the aggregated dataset (Yuan et al.,|2021). While a detailed investigation of these relationships is
beyong the scope of this work on model merging, we believe it presents promising directions for
future research.

Identifies "regularization samples" where soft labels degrade performance due to poor calibration or
noisy class relationships. Proposes weighted soft labels to mitigate these issues.

Table 3: Multi-task performance (Avg Acc %) of StatsMerging when merging ViT-B/32 (4) models
on four tasks. StatsMerging: shaded in gray. GT: Ground Truth. KD: Knowledge Distillation. GL:
Granularity level. TW: Task-wise. LW: Layer-wise.

GL Loss | CA EU RE GT | AvgAce
TW GTCE 732 942 O91.1 95.6 88.5
TW KD KL-Div | 56.5 97.6 565 824 73.3
TW KD CE 642 88.6 852 86.7 81.2
LW GTCE 75.6 963 92.1 97.6 90.4
LW KDKL-Div | 53.1 414 659 49.1 52.4
LW KD CE 68.7 91.6 872 935 83.5
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B.4 Efficient Inference
StatsMergeLearner is designed to be lightweight, introducing minimal spatial and computational

overhead to the overall merging process. As shown in Table[d] it contains only 10.99M parameters,
requires 2.95 GFLOPs, and achieves an inference time of 5.26 ms on an NVIDIA RTX A6000 GPU.

Table 4: Model Size and Computational Overhead of StatsMergeLearner

#Params (M) GFLOPs Inference Time (ms)
10.99 2.95 5.26

B.5 Training Curve

The training curve is shown in[I]

Dataset Accuracies

—-— RESISC45
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—— EuroSAT
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Avg

I
il
i
| —— cars
|

Epoch

Figure 1: StatsMerging++ Training Accuracy Curve.

B.6 Extended Related Work

Model Merging Foundations. Recent efforts in model merging have introduced various strategies
to efficiently combine multiple models without retraining. Approaches such as Ziplt
[2024a), EMR-Merging [2024), and Training-Free Pretrained Model Merging methods
(Sun et al} 2025} [Chen et al., 2024) emphasize data-free, tuning-free methodologies, often leveraging
weight-space heuristics or task-vector alignment. Techniques like Pareto Merging
, MAP , and C2M?3 (Crisostomi et al., 2024) formulate model merging as a
multi-objective or constrained optimization problem to preserve task performance across domains.
Other works such as Parameter Competition Balancing and Sharpness-Aware
Fine-Tuning address parameter interference during merging. Meanwhile, methods
like LayerMerge 2024) and MERGE3 (Mencattini et al.l 2025) aim to improve scalability

and computational efficiency, making merging feasible on consumer-grade hardware.
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B.7 Future Work and Limitations

In this work, we focus on vision-based classification tasks, leaving extensions to other domains, such
as object detection, super resolution, and image restoration, for future work. Additionally, expanding
this approach to language tasks, particularly large language models (LLMs) (Yang et al.,|2024; Song
et al.| 2024} |[Zhang et al.| [2024b} (Tie et al.| 2025} [Kallini et al., [2025)), as well as to multi-modal
learning (Zhu et al., 2025}, |Du et al.| 2025; Bousselham et al., 2024; Lin et al.| 2024), represents a
promising direction for further research.
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