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Abstract

Model Merging and Feature Visualization in Deep Neural Networks

Congshu Zou

Linear mode connectivity (LMC) has recently become a topic of great interest. It has been
empirically demonstrated that popular deep learning models trained from different initializations
exhibit linear model connectivity up to permutation. Based on this, several approaches for finding
a permutation of the model’s features or weights have been proposed leading to several popular
methods for model merging. These methods enable the simple averaging of two models to create a
new high-performance model. However, besides accuracy, the properties of these models and their
relationships to the representations of the models they derive from are poorly understood. In this
work, we study the inner working mechanisms behind LMC in model merging through the lens of
classic feature visualization methods. Focusing on convolutional neural networks (CNNs) we make
several observations that shed light on the underlying mechanisms of model merging by permute

and average.
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Chapter 1

Introduction

1.1 Introduction

Deep neural networks have achieved remarkable advancements in recent years, demonstrating
their capability to perform various valuable tasks. Understanding the inner mechanism of a neural
network becomes critical, which leads to the exploration of the loss landscape. Frankle, Dziugaite,
Roy, and Carbin (2020) suggest linear mode connectivity, where two neural networks, randomly
initialized and trained using stochastic gradient descent (SGD), are observed to be connected by a
linear path in the parameter space with no or little loss barrier. The study of LMC can offer valuable
insights into the complex structure of loss landscapes and training dynamics. It will also help
various deep learning applications such as model merging, transfer learning, etc. However, naive
LMC often fails due to the permutation invariance of neural networks (Entezari, Sedghi, Saukh, &
Neyshabur, 2022). Thus several algorithms are designed to linearly connect two trained models by
first aligning one to another, and second by finding a permutation (Ainsworth, Hayase, & Srinivasa,
2023; Jordan, Sedghi, Saukh, Entezari, & Neyshabur, 2023). This has been shown to lead to linear
mode connectivity and models that can be merged (or averaged).

However, why the LMC works with permutation models and what properties this induces on
the average model is challenging to understand. In this work, we propose to study this through the
lens of feature visualization. By maximizing the activation of certain neurons in a network, we can

visually understand what features the model is detecting. If two models can be linearly interpolated,



then they should activate similar features. In addition to visually inspecting the extracted features,
we use some metrics to characterize the similarity of images extracted from two models Nanfack,
Fulleringer, Marty, Eickenberg, and Belilovsky (2023).

In this study, we train multiple randomly initialized models with SGD optimization, then apply
the REPAIR Jordan et al. (2023) method to permute the model weights space and visualize the
top 10 images that most activate each neuron. We find that models after permutation share some
similar top-activated features, but not all of them. We shed light on the features that don’t match
and highlight that they correspond to rare features in the models being aligned against. Finally,
we show that despite the limitation of one-to-one permutation matching, features in a given model
can be approximated by a sparse subset of features in another model, motivating recently proposed

methods in model merging.

1.2 Contributions

* We visualize the top images that maximize the activation of each convolutional layer in the

model, both before and after alignment and merging.

* We analyze the features learned by the models by comparing their feature visualizations,

allowing us to assess the similarity in their internal representations.

* We explore the linear combinations of features from one model to approximate features of

another model, providing insights of inner connection of the channels

* We submitted to and were accepted by the NeurIPS 2024 UniReps workshop under a paper
titled Understanding Permutation Based Model Merging with Feature Visualizations, cited as
Zou, Nanfack, Horoi, and Belilovsky (2024). This paper forms the basis for Chapter 3 in this

work.



Chapter 2

Background

2.1 Linear Mode Connectivity and Model Merging

2.1.1 Mode Connectivity

Deep neural networks are highly overparameterized, and the loss functions are non-convex.
Traditionally it is believed that training from different initialized parameters leads to isolated local
minima. However recent research shows that many independently trained models can be connected
through a low-loss path. First proposed by Garipov, Izmailov, Podoprikhin, Vetrov, and Wilson
(2018), mode connectivity investigates the relationship between two optimal solutions found after
training. It demonstrates that the optimal solutions for deep neural networks can be connected by
very simple curves.

Given two trained networks with parameters 64 and g, the goal is to find a parametric curve,
¢g(t), with t € [0,1] and parameters 6, where ¢g(0) = 64 and ¢y(1) = 60p, such that, L(¢p)
remains low along the curve. It is shown that one can find a simple curve such as polygonal chain
or quadratic Bezier curve. Draxler, Veschgini, Salmhofer, and Hamprecht (2019) suggest that these
minima are points sitting on a single connected manifold of low loss, rather than as the bottoms of
distinct valleys. Two minima can be connected with segments of linear lines, where the loss remains

low.



2.1.2 Linear Mode Connectivity

One special case of mode connectivity is linear mode connectivity. Instead of Frankle et al.
(2020) propose that there exists a linear path between two optima, where the loss barrier is low
along the path. Mathematically, two trained neural network with parameters 64 and 6p, the linear

interpolation between the two weight space:

0=(1-a)fs+ablp ac|0,1] (1)

If the loss along this path remains low, we say that models are linearly mode connected (LMC).
However, in may cases, the loss is high along the path of direct linear interpolation. Entezari
et al. (2022) propose that if we take permutation invariance into account, SGD solutions of neural
networks will likely have no loss barrier in the linear interpolation between them. We can permute
weights of a neural network, without affecting the model performance. This is called permutation
invariance. Entezari et al. (2022) show that after permuting one model to align with another, we can

often achieve low loss barrier along the linear interpolated path.

2.1.3 Model Merging

Model merging is a technique to combine two or more trained neural networks into a single
model, aiming to retain or even enhance the performance of the original models. This approach is
particularly relevant in scenarios involving model ensembling, continual learning, federated learn-
ing, or collaborative model development. The key challenge is to merge models too much extra,
while preserving their functional characteristics and avoiding destructive interference.

Several methods have been proposed to perform model merging effectively:

Model Soups, proposed by Wortsman et al. (2022), average the weights of several fine-tuned
models, based on validation performance. Three recipes are proposed for model souping, the uni-
form, greedy, and learned soup. Uniform soup is the straightforward approach, where all weights
are averaged equally. Greedy soup iteratively add weights which improve the validation perfor-
mance. The third approach is learned soup, involving learning the soup mixing coefficients for each

of the ingredients on the held-out validation set. These simple interpolation in the weight space



has been shown to enhance model generalization and overall performance comparable to traditional
ensemble methods, but without additional computational overhead during inference.

Git Re-Basin, proposed by Ainsworth et al. (2023), suggests that neural network loss land-
scapes often contain a single basin if taking all possible permutation of hidden units into account.
This implies that models trained from different random initializations can learn functionally similar
solutions with different weight configurations. In order to align the weight space of two models,
the authors introduce three algorithms to permute the weights of one model to match the other
(Ainsworth et al., 2023). This allows for merging the two models, resulting in a functionally equiv-
alent model within the same basin. Zero-barrier linear mode connectivity is achieved between
independently trained ResNet models on CIFAR-10 dataset (Krizhevsky, 2009). It further demon-
strates that linear mode connectivity is an emergent property of training procedures, not of model
architectures.

Jordan et al. (2023) further investigate the permutation invariance conjecture proposed by En-
tezari et al. (2022), and propose a phenomenon called variance collapse: the poor performance of
the merged models is caused by the collapse in the variance of the activations. The authors proposes
REPAIR, a method to renormalize neuron activations after interpolation (Jordan et al., 2023). The
algorithm mitigate the variance collapse by rescaling the pre-activations of the interpolated net-
works. Experiments show reduction of loss barrier across a wide variety of architecture families
and tasks.

CCA Merging is a model merging algorithm based on Canonical Correlation Analysis. Instead
of one to one mapping of the weights space in previous permutation based algorithms, CCA merg-
ing aims to maximize the correlations between linear combinations of the model features (Horoi,
Camacho, Belilovsky, & Wolf, 2024). It also show promising results in merging many models.

While most merging methods only consider models trained on the same tasks, Stoica et al.
(2024) propose a novel algorithm to merge models trained on distinct tasks without requiring access
to data or additional training. ZipIt! combines weights of multiple models into a single model
which can perform all tasks of each individual model. They zip within one model as well as across
two models, preserving features that aren’t shared between models. Furthermore, the authors also

suggest partial merging up to certain layers to create a multi-head model (Stoica et al., 2024).



2.2 Feature visualization

With the rapid progress in deep learning, the interpretability of models is becoming increasingly
important. Feature visualization is one of the interpretability technique, aiming to provide insights
of a model’s internal behavior by visualizing the features it has learned.

First proposed by Erhan, Bengio, Courville, and Vincent (2009), activation maximization is
one classic approach. The idea to find a set of input images to maximally activate certain neurons or
layers in the network. Let 6 be the parameters of a neural network fy, where fy(x) is the activation.

The goal of activation maximization is to find the input z* that:
x* = arg max fy(x)
x

In the case that x € D, where D is training or test dataset, then x* consists top-k images in the
dataset that activate the corresponding networks most (Yosinski, Clune, Nguyen, Fuchs, & Lipson,
2015). Alternatively, if = can be optimized as synthetic images. Olah, Mordvintsev, and Schubert
(2017) proposed such a gradient based approach, to find synthesized images by solving a optimiza-
tion problem and finding an input z which maximize the activation through backpropagation.

To improve the quality of these synthesized images and reduce noisy patterns, various regular-
ization techniques are typically employed. These include adding an L2 norm penalty to encourage
smoothness, total variation regularization to reduce high-frequency noise, and techniques such as
Gaussian blur and jittering during optimization. These strategies help produce more interpretable
and natural-looking visualizations that reflect meaningful features learned by the network (Mahen-
dran & Vedaldi, 2014; Olah et al., 2017; Simonyan, Vedaldi, & Zisserman, 2014; Yosinski et al.,
2015)

Another method is to generate synthesized images using a Generative Adversarial Network
(GANSs) (Nguyen, Dosovitskiy, Yosinski, Brox, & Clune, 2016).GAN is a type of generative model,
composed with a generator network G and a discriminator network D (Goodfellow et al., 2014). The
generator is trained with real images dataset to produce synthetic images which the discriminator
can not distinguish from real ones. In the context of feature visualization, GANs can be used to

generate more realistic images, reducing the high-frequency visualizations which often produced



by standard gradient based methods (Nguyen et al., 2016).
In addition to interpretability, feature visualization also plays a role in model debugging, detect-

ing biases, and enhancing robustness.

2.3 Mechanistic Interpretability

Mechanistic interpretability is a bottom-up method that analyzes models at a detailed level (fea-
tures, neurons, layers, and connections) to uncover the causal relationship and computations trans-
forming from inputs to outputs. It focuses on identifying which parts of a network correspond to
which features (Bereska & Gavves, 2024).

One main approach of mechanistic interpretability is to uncover a circuit within the model. Cir-
cuits are subsets of neurons consisting of linked features and the weights connecting them (Bereska
& Gavves, 2024). Rather than analyzing individual neurons in isolation, this approach focuses on
identifying how neurons compose and interact across layers to form structured pathways that con-
tribute to specific model behaviors. Olah et al. (2020) suggest that circuits are the primary building
blocks of neural networks, acting as logic gates on visual features. By identifying these circuits,
researchers aim to reverse-engineer internal algorithms that the network has learned, for example,
the composition of low-level feature detectors into higher-level object recognition units in convo-
lutional networks (Olah et al., 2020). This allows for causal attributions, revealing not just which
components are active, but which are necessary for the behavior to emerge, thus offering a deeper
and more mechanistic explanation of model functionality (Nanda, Chan, Lieberum, Smith, & Stein-
hardt, 2023; Wang, Variengien, Conmy, Shlegeris, & Steinhardt, 2022).

As discussed in Olah et al. (2020) and expanded upon in (Elhage et al., 2021), neural networks
often exhibit superposition, where a single neuron encodes a linear combination of multiple, distinct
features, potentially unrelated. This phenomenon gives rise to polysemantic neurons, which can
make interpretability difficult by entangling different concepts into the same unit. One way to
disentangle this is via sparse dictionary learning, using sparse autoencoders (SAEs), which are
neural networks trained to reconstruct inputs through a sparse latent space, where only a few units

are active at a time (Olshausen & Field, 1997). In mechanistic interpretability, SAEs have been used



to recover monosemantic feature directions from superpositions. Recent works show promising
results of SAEs extracting interpretable monosemantic features from polysemanticity (Bricken et

al., 2023; Cunningham, Ewart, Riggs, Huben, & Sharkey, 2023; Gao et al., 2024; Gorton, 2024).

2.4 Adversarial Attacks

Adversarial attacks refer to broad techniques which maliciously trick neural networks to produce
incorrect outputs, e.g., misclassifications in vision models (Eykholt et al., 2018; Goodfellow, Shlens,
& Szegedy, 2015).

Based on the attacker’s level of knowledge about the target neural network, adversarial attacks
are typically categorized into three types: white-box, black-box, and gray-box attacks. In a white-
box attack, the attackers have full access to the model’s architecture, parameters, and the dataset
used for training. This allows precise computation of gradients, enabling highly effective perturba-
tions. In contrast, a black-box attacker assumes no knowledge of the model’s structure or training
data. The attacker can only observe inputs and outputs, often relying on techniques like query-based
optimization or transferability from surrogate models. Gray-box attacks represent an intermediate
case, where the attacker has partial information, such as the model architecture or training dataset,
but lacks access to the model’s exact parameters or gradients (Chakraborty, Alam, Dey, Chattopad-
hyay, & Mukhopadhyay, 2021; Long, Gao, Xu, & Zhou, 2022).

Chakraborty et al. (2021) further categorize adversarial attacks based on the attack surface,

identifying three primary scenarios: evasion attacks, poisoning attacks, and exploratory attacks.

» Evasion attacks occur at inference time, where attackers craft malicious inputs to bypass

model detection or trick misclassification by the model.

» Poisoning attack target the training phase by injecting manipulated data or labels into the

training set, thereby compromising the model’s learning process and degrading performance.

» Exploratory attacks aim to extract as much information as possible about the model, partic-

ularly in black-box settings, without directly altering its operation.



In addition to traditional adversarial attacks that target the input or output levels of neural net-
works, Nanfack et al. (2023) introduce a novel adversarial framework that operates on the model’s
intermediate feature representations. Specifically, their method perturbs the internal activations of
the network to manipulate feature visualizations. Notably, these manipulations can significantly
alter the results of feature visualization, with minimum effect on the model performance. This form
of attack highlights a critical vulnerability of interpretability tools: they can be deceived, raising
concerns about their reliability in understanding neural network behavior, especially in high-stakes

applications (Nanfack et al., 2023).

2.5 CLIP Model

CLIP (Contrastive Language—Image Pre-training) is a neural network trained by OpenAl on a
variety of (image, text) pairs. The model consists of two encoders, one for text and one for images,
projecting both text and image inputs into a shared multi-modal embedding space (Radford et al.,
2021). The image encoder can be either a convolutional neural network or a vision transformer. The
text encoder is a Transformer-based language model.

CLIP is trained with a contrastive dual-image-text objective that maximizes the cosine similarity
of the image and text embeddings of real pairs in the batch while minimizing the cosine similarity of
the embeddings of the incorrect pairings (Radford et al., 2021). The goal is to predict which caption
goes with which image among a batch, rather than predicting the actual caption words in previous
works (Desai & Johnson, 2021; Sariyildiz, Perez, & Larlus, 2020). After training, CLIP encoders
produce aligned image and text embeddings. The two encoders are independent by design, making
CLIP a dual encoder system.

CLIP model enables powerful applications like zero-shot image classification, where images are
matched to text prompts without labeled training data, achieving strong performance on benchmarks
like ImageNet (Radford et al., 2021). CLIP also plays an important role in modern generative
models, guiding or ranking generated images by how well they align with text prompts (Ramesh,
Dhariwal, Nichol, Chu, & Chen, 2022). Additionally, CLIP can be used to compare and cluster

images by calculating similarity of images embeddings (Nanfack et al., 2023).



Chapter 3

Feature Visualization for Model Merging

Understanding why permutation-based model merging works is a fundamental open question.
Previous researches has shown that direct linear interpolating neural networks often fails unless
the models are aligned through neuron permutations (Ainsworth et al., 2023; Jordan et al., 2023).
While theoretical analyses and performance metrics demonstrate promising results, they provide
little insight into the internal representations of merged models. In this study, we investigate the
mechanisms behind model merging through the lens of feature visualization. By analyzing top-
activated features before and after alignment as well as merging, we aim to uncover how aligning
and merging affects the internal behavior of neural networks.

Feature visualization techniques allow us to probe what each convolutional channel in a model
responds to, using top-activated input images as a proxy for learned representations. We apply
these techniques to analysis models across several scenarios: independently trained models, mod-
els aligned via permutation, direct averaged model, permuted-and-merged model, and regression-
aligned models. Through both qualitative (visual) and quantitative (metric-based) comparison, we
reveal patterns of both successful and unsuccessful alignment. Our observations suggest that some
features are universally learned across models, while others are distinct or require more flexible
matching than one-to-one permutations can offer. These insights help explain both the strengths
and limitations of current model merging methods and motivate more general approaches for future

work.

10



Hypothesis We hypothesize that certain features are consistently and easily learned across differ-
ent models, while some others are rare or unstable, leading to mismatches in feature visualizations
after permutation. These hard-to-learn features contribute to dissimilarities in visualizations and

limit the effectiveness of one-to-one merging methods.

3.1 Method

3.1.1 Notions and Background

Let fy denote a neural network with parameters 6. For an input image x, the activations at layer
[ is denoted dg) (x). In this study, we consider multiple independently trained instances of a given

architecture, denoted fy,, fo,, - - , fo,, and analyze them through feature visualization techniques.

3.1.2 Model Merging

We employ the REPAIR algorithm (Jordan et al., 2023) to align two independently trained
networks by identifying a neuron permutation P such that the permuted model fp(g,) is more closely
aligned to fp, in terms of activations. After alignment, models are merged by linearly interpolating
their weights:

emerge:a"91+(1_a)'P(92)v ae[O,l]

This interpolation is performed layer-wise.

In addition, we study feature alignment via linear regression. For each channel in a given layer
of fy, , we learn a linear combination of features from the corresponding layer in fy, to approximate
the same activation behavior. The regression model is trained using activation data extracted from a

random subset of the ImageNet training set (Deng et al., 2009).

3.1.3 Feature Visualization

To understand the learned features of each model, we use dataset-based activation maximization.
For a given channel c in layer [ of a neural network fy, we extract the input images that maximize

the activation fé’c(x). Specifically, the goal is to find inputs * € D where D is the training dataset

11



that satisfy:

* l,c
2" = argmax f;"(z)

In practice, we identify the top-10 images from the ImageNet dataset (Deng et al., 2009) that pro-
duce the highest activations for each convolutional channel. This is done for the original models,
the permuted models, the merged models, and the regression-aligned models.

These top-activated images provide qualitative insight into the types of features each channel
responds to. We perform visual inspection of the extracted images to assess feature similarity and

track how alignment and merging affect the visualizations.

3.1.4 Similarity Metrics

To quantitatively evaluate the similarity between channels across different models, we adapt the

following metrics from Nanfack et al. (2023):

Kendall-7: We take a subset of images D' C D, and compute the rankings R; ;. of images w.r.t
the activations in model 7 layer / channel c. The Kendall-7; . score is the Kendall rank correlation
coefficient between R;, ;. and R;, ;. of two models. Higher values of Kendall-7 scores can be
interpreted as higher similarity in the ordering of image activations between corresponding channels

in two models.

CLIP-5: We use the cosine similarity between CLIP embeddings of top 10 activated images,
providing a semantic similarity measure that incorporates high-level features. Given two models
aligned after permutation, we compute the cosine self-similarity of top 10 activated images from
layer [ channel c, of one model C1jc 1., as well as cosine similarity between images from both
models, Cjc 2jc. Then,

N

1
CLIP —§;,. = (C’1jc,1jc - C1jc,2jc) / N_1 Z Cljc,l(pséj)c
p=1

Intuitively, this quantifies the relative semantic difference of top-k images w.r.t. CLIP embeddings

and a lower score can be interpreted as the fact that the channel j from two models have semantically

12
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Figure 3.1: Merge Results for Standard Trained AlexNet. Model validation accuracies after
permutation aligned improve significantly compared to direct merging.

similarities in the top-k images.

We also record the correlation matrix used in finding the permutation alignment of one model
to another. This indicated the similarity of images activations in the permuted model.

These metrics are computed for each channel to support the visual analyses and to capture
different aspects of feature similarity. High correlation or Kendall-7 values and low CLIP-§ indicate

strong similarities between features learned by each model.

3.2 [Experiments and Results

Our experiments focus on the AlexNet (Krizhevsky, Sutskever, & Hinton, 2012) and ResNet
(He, Zhang, Ren, & Sun, 2015) architectures trained on the ImageNet dataset (Deng et al., 2009).
This choice is made largely because feature visualization methods work well and have been exten-
sively studied for this model and dataset Krizhevsky et al. (2012); Li, Yosinski, Clune, Lipson, and
Hopcroft (2016).

We train five AlexNet models to use in our merging experiments. All model weights are ran-

domly initialized, and each model is trained with 90 epochs. The validation accuracy for each model

13



Partial Model Merged with Top Values - Partial Model Merged with Bottom Values

—e— Kendall-t —e— Kendall-t
55 q 55 4
+— CLIP-6 : +— CLIP-6

=X i =R ;
<. 501 \ —eo— Correlation 290 —e— Correlation
o —e— Random 2 —e— Random
= 45 L 45
3 3
[} |5
= =
M 40 1 T 40 1
c c
(=] o
= 35 = 35
1] 1}
3 =]
© 304 T 304
> >

25 25

N
=1

~
=1

(I) 2‘0 4‘0 6‘0 8‘0 160 6 Zb 4‘0 Gb Eb 160
percentage of parameters merged per layer percentage of parameters merged per layer

Figure 3.2: Validation accuracy shows little difference compared with random base line. In
each experiment, we select top (left figure) / bottom (right figure) 10% to 100% channel metric
values from each convolutional layer, and merge the weights of selected channels from model 1 and
2. The rest channels remains the model 1. The base line are models merged with randomly selected
channels.

is 56.74%, 56.25%, 56.27%, 56.45% and 56.27%. We also trained two AlexNet models with strat-
ified ImageNet dataset, which one model trained with 80% of 500 first image classes and 20% of
the last 500 image classes, and another model trained on the rest data. Three ResNet18 He et al.
(2015) models are trained as well. Visualization results of standard trained AlexNet are included in
the main paper. More results for stratified AlexNet and ResNet are provided in Appendix, which

follow similar trends.

3.2.1 Model Permutation and Merging

We take two trained models and permute one model (Model 2) to align with the other model
(Model 1) using algorithm proposed in REPAIR paper Jordan et al. (2023). Next, we merge the
models using multiple interpolation coefficients « ranging from O to 1, with a step size of 0.05 and
evaluate the merged models performance on the validation dataset. Additionally, we implement the
algorithm to rescale the weights in merged model (referred to as Repaired Model in the Figures)
and record the corresponding validation accuracy. Models are also directed merged without per-
mutation as base line for comparison. Figure 3.1 shows merge results for standard trained AlexNet
model. Validation accuracies improve greatly compared to direct merging. However repaired merge

models do not perform significantly better.
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To explore more efficient merging strategies, we investigate whether quantitative similarity met-
rics can guide the merging process. Specifically, we compute Kendall-7, CLIP-d, and correlation
values for each channel in the permuted Model 2 with respect to the corresponding channel in Model
1. Based on the magnitude of these metrics, we perform channel-wise merging of the two models.
The results, shown in Figure 3.2, indicate that this approach does not yield a significant improve-
ment in validation accuracy compared to a random baseline. This suggests that the current similarity
metrics are insufficient to reliably capture the semantic alignment of features across models, limiting

their utility for guided merging.

3.2.2 Visualizing Permutation Based Model Merging

We take two trained AlexNet models, with one (Model 2) permuted to align with the other
(Model 1). Then we feed the training dataset to both models and extract the 10 images that activate
each convolutional channel most (top-10 feature visualizations). For a selected channel top images
of original model 1, model 2 (before permutation), permuted model 2, permute merged model, and
direct average merge (without permutation) are shown in Fig 3.3.

Observation 1: Many but not all permutation matched features are similar. We informally
define feature visualization similarity (FV) as a visual observer identifying the same structures and
patterns (and sometimes the same images) between two visualizations of two different channels
(typically found in two different models). We observe by looking through the visualizations over
many channels that the permuted model 2 feature visualizations are often but not always similar
to those from model 1 as illustrated in Fig 3.3 (bottom). Thus despite being trained from different
initializations the training will often find similar features. This also matches observations in Li et
al. (2016).

We now turn to analyzing the feature visualization of the merged model.

Observation 2: Merged model feature visualization is dependent on the source models and
whether there is an FV similarity after permutation matching. Analyzing the feature visual-
izations from many channels we make the following observations. In the case that the permuted
model has similar top activated images, the top images from merged model are also similar. This

is illustrated on the top in Fig 3.3 where the permuted model 2 shows similar features to model 1.
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Figure 3.3: Example of top images. Top shows the permuted model 2 has similar top-activated
images as model 1 and thus we have similar results in the merged model. Middle shows one
example that top images from one model dominate top images of merged model. Bottom shows
one example that top activation images do not match in models 1 and 2. The top images from the
merged model also do not match and are not from either model. More examples are included in the
Appendix.



However when the images from 2 models are not similar after permutation (e.g. bottom of Fig 3.3),
we observe different behavior on merged models top images. These behaviors were observed by

inspection of all channels in AlexNet to fall into three general categories:

(1) Images from one model (either model 1 or 2) dominate the top images of merged model.
(2) Images from both models appear in the top images of merged model.

(3) Most top images of merged model do not belong to any of the 2 models.

3.2.3 Aligning Multiple Models to One

Since the matching of features is so critical to the visualization observed in the merged model,
we ask whether the mismatched cases after permutation occur randomly or they represent rare fea-
tures in model 1 that are hard to match in model 2? To study this we perform the matching process
multiple times with one fixed model being matched.

Specifically, we permute the 4 of our AlexNet models (all trained from different initialization)
to aligned with model 1. Top activated images are extracted for all 5 models.

Observation 3: Certain features of the reference model are challenging to match in terms
of FV similarity. Analyzing all channels in all layers of AlexNet we have the following cases (see

Fig 3.4):
(1) For a channel all 5 models have very similar top images (occuring (5 — 10%))
(2) For a channel most model have similar top images except one or two (occuring (35 — 50%)).

(3) For a channel top images from all 5 models are dissimilar (40 — 60%)

We also study the mean and standard deviation of the metrics we use. It is clear that channels with
high means (low for CLIP-§ scores) and low standard deviations usually have very similar top-
activated images. On the other hand, if we have high standard deviation and low means, visually,
the top images vary a lot.

These results support our hypothesis that some features are easily learned across models, while
others are rare or unstable, leading to dissimilar feature visualizations after permutation (Observa-

tion 1).
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Figure 3.4: Top Images Extracted from 5 AlexNet Models. Model 2 to 5 are all permuted to align
with model 1. The three columns show examples of the three cases we observe. The left column
show the case that all top images from the 5 models are visually similar. The middle column is
an example of one channel with similar top activated images from 3 models, and the right column
is the case where all top images are not similar. The metrics show consistent trends, where high
Kendall-7 and correlation values, along with low CLIP-9, are typically associated with high feature
similarity, and the opposite holds for low similarity.



3.2.4 Aligning Models Using Linear Regression

We observe that although per neuron or channel, feature visualization is based on the hypothesis
that each channel represents a particular feature of the data, a given useful feature may be repre-
sented by a single channel in one network but can be represented in a distributed way by another
network.

We take all the features in a given layer of model 2 and regress them onto the features of model 1,
building a separate regression model for each feature in model 1. Specifically, we get the activation
of each convolutional channel from both models with 5000 images randomly selected from the
ImageNet dataset, i.e., 5 images per class. Then for each layer, we find a linear regression model,
such that for activation values of each channel in model 1, it is approximated by a linear combination
of activation values from all channels in model 2. Afterward, we feed the entire dataset to model
2, apply the regression model on the activations, and extract the top 10 activated images of each
channel.

Observation 4: For each feature in the model there is a (often sparse) linear combination
of features in model 2 that gives an FV similarity. In Fig 3.5, we see the results of visualizing the
regression model outputs at each layer. The results show that top-activated images are now visually
aligned. Furthermore, we study the sparsity of the weights we got from the regression model. As
shown in Figure 3.5, we can see the top images do not change a lot when we only select the weights
with top magnitude and set the rest to 0. This shows that the weights that impact the alignment
are sparse. However we do find that for certain channels (particularly in the early layers), the top
activated images change when we use less weights, and these channels are also visually hard to
align channels when we compare the 5 models (Figure 3.5).

Our results suggest that permutation-based merging can be substantially limited since it is too
restrictive to assume a one-to-one matching between features. Indeed recent model merging meth-
ods specifically aim to address this restriction (Horoi et al., 2024; Stoica et al., 2024), showing

promising new results. Our work helps to provide additional motivation for these new methods.
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Figure 3.5: Top images aligned after applying regression model. Left and middle columns show
the examples where even with only 10% sparse regression weights, the images are still similar
to model 1. However, there are also some cases where after applying sparse weight, the images
changed. Examples are shown in right row.



Chapter 4

Conclusion and Future Work

4.1 Conclusion

In this work, we explored the internal mechanisms of model merging in deep neural networks
through the lens of feature visualization. While previous studies demonstrated that permutation-
based alignment enables linear mode connectivity, they provided little insight into how features are
preserved or distorted in the merged models. By visualizing the top-activated images across vari-
ous models, both before and after alignment, we gained a deeper understanding of how individual
features behave through permutation and interpolation.

Our results showed that many features are consistently aligned across independently trained
models, but a significant portion remains hard to match. These unmatched features often correspond
to rare or distributed representations that are not well captured by one-to-one alignment. We also
found that feature similarity can be improved through regression-based alignment, and that the
resulting weights are often sparse—indicating that only a few channels contribute meaningfully to
cross-model feature approximation.

Altogether, our findings support the hypothesis that feature-level redundancy and sparsity un-
derlie the success of merging strategies. However, they also highlight fundamental limitations of
existing permutation-based methods. These insights provide a more mechanistic explanation of
merging performance and point toward new directions for building more flexible and interpretable

model merging frameworks.

21



4.2 Future Work

Similarity Metrics Our experiments revealed limitations in current quantitative similarity met-
rics, which do not always align with visual or qualitative observations. Metrics such as correlation
and Kendall-7 may not always capture the semantic similarities between activation patterns. For
instance, two channels may respond to conceptually similar inputs (e.g., animals or textures) but
produce low metric scores. Future work should explore alternative metrics that are more consistent
with visual intuition and potentially better suited for tasks involving model comparison and merg-
ing. Such metrics could lead to more reliable evaluations of feature similarity and support the design

of more effective model merging strategies.

Model Merging with Sparse Autoencoders The sparsity observed in linear combinations of fea-
tures between models suggests that representations are often distributed rather than aligned one-
to-one. This motivates the use of sparse autoencoders to learn a disentangled latent space where
overlapping features from multiple models can be more easily aligned or combined. By enforc-
ing sparsity, we can encourage the emergence of monosemantic units, which are easier to interpret
and merge. Future work can also investigate training autoencoders jointly across multiple models
to discover shared and distinct feature subspaces, potentially enabling more robust merging across

diverse architectures or tasks.

Feature Visualization Across Architectures While our study focused on model merging meth-
ods acting on identical architectures, an important direction for future work is to apply feature visu-
alization techniques to compare and analyze models across different architectures. Understanding
how features are represented in structurally distinct networks, such as AlexNet, ResNet, or Vision
Transformers, can provide deeper insights into the generality and transferability of learned repre-
sentations. Visualization can help reveal which features are shared across architectures and which
are architecture-specific, potentially guiding cross-model merging strategies or transfer learning ap-
proaches. Additionally, it may expose limitations in current visualization techniques when applied

to deeper or more complex models, motivating new tools for interpretability in diverse models.
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Synthetic Feature Visualization Our analysis primarily relied on dataset-based top-activated im-
ages to interpret learned features. However, synthetic feature visualization, using optimized or
generative inputs, may reveal additional properties of merged models, such as robustness, feature
superpositions, or latent biases. Future work can incorporate synthetic feature optimization (e.g., via
GAN5) to analyze how merging affects abstract feature hierarchies, and to identify whether merged

models exhibit unexpected behaviors not easily detectable through dataset examples alone.
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Appendix

A Additional Results for Standard Trained AlexNet Models

We trained 5 AlexNet models on full ImageNet Dataset for 90 epochs with SGD optimization.
Learning rate starts at 0.01 and decays by a factor of 10 every 30 epochs. All experiments were

conducted using a single V100 GPU with 16GB of memory.
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A.1 Top Images for Permutation Based Model Merging

Model 2 is permuted to align with model 1. Both direct merge and permuted merged models
are studied, as well as repaired merge model. Top activated images from original model 2 before
permutation is also included. Visually for most channels, top images are getting more similar after
permutation, and the merging model shares the same similarity with slightly change in repaired
model. (Figure A) In the case where top images from permuted model are not similar to those from

model 1, we get different cases for merged model images. See Figure B, C, D.
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A.2 Top Images for Aligning Multiple Models to One

We permuted 4 models against model 1. Visually, we can see that the similarity of the top im-
ages from 5 models varies from channel to channel. Some channels have similar images from all 5
models, and some have images totally dissimilar from all 5 models. There are also channels with
similar images from 3 model and another type of similar images from 2 other models. Furthermore,
We compute the CLIP-§, Kendall-7 and correlation metrics for each channel compared to model 1.
Means and standard deviations are also shown. These metrics match our visual intuition. For indi-
vidual model, a higher Kendall-7 and correlation value or a lower CLIP-4 usually means top images
are more similar to those in model 1. Cross all 5 models, a higher mean with lower standard devi-
ation implies similar images, and a lower mean with higher standard deviation show dissimilarity.

Feature visualization results from selected channels are shown in Figure E, F, G.
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Figure A: Similar top images from model 1 and permuted model 2 with similar results from merged
models.
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Figure B: Dissimilar top images from model 1 and permuted model 2 with images from one model
dominate the top images of merged mode.
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Figure C: Dissimilar top images from model 1 and permuted model 2 with images from both models
appear in the top images of merged model.
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Figure D: Dissimilar top images from model 1 and permuted model 2 with most top images of
merged model do not belong to any of the 2 models



A.3 Top Images for Linear Regression

We create a linear regression model, which take all the features in a given layer of model 2
and regress them onto the features of model 1. We compute the activation of each convolutional
channels from both models with 5000 images randomly selected from ImageNet dataset, i.e., 5
images per classes. Then for each layer, we implement a linear regression model, such that for
activation values of each channel in model 1, we have a linear combination of all channels in model
2 to approximate them. Afterwards, we feed the entire dataset to model 2, apply the regression
model on the activations, and extract the top 10 activated images of each channels. Results for
linear regression experiments are in Figure H, 1. For majority of the channels, top activated images

are aligned with even top 5 weights used.

B Results for AlexNet Models Trained with Stratified Dataset

We trained 2 AlexNet model with stratified dataset. One model is trained with 80% of 500 first
image classes and 20% of the last 500 image classes, and another model is trained on the rest data.
Both models are trained with SGD optimizer for 90 epochs. Learning rate starts at 0.01 and decays

by a factor of 10 every 30 epochs.

B.1 Permutation and Merge Results

Figure J shows merge results for AlexNet model trained with unbalanced data. We carry the
same experiment as described in A.1. Validation accuracies improve greatly compared to direct

merging. Repaired merge models also perform better than the permuted only models.
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Figure E: Examples where all top activated images from different model are very similar.
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Figure F: These channels have similar top activated images from most models but not all 5.

33



34

features 0 channel 1 features 8 channel 77 features 3 channel 74
Model 1 (base model) Model 1 (base model) Model 1 (base model)
CLIP-6 mean: 0.113 std: 0.074 CLIP-6 mean: 0.118 std: 0.042 CLIP-6 mean: 0.095 std: 0.055
Kendall-t mean: 0.490 std: 0.309 Kendall-T mean: 0.302 std: 0.020 Kendall-t mean: 0.471 std: 0.169
correlation mean: 0.619 std: 0.294 correlation mean: 0.252 std: 0.052 correlation mean: 0.408 std: 0.234

A & - > X \ \
: . ‘( .
L,aif_‘_'- - .
Permuted Model 2 Permuted Model 2 Permuted Model 2
CLIP-6: 0.170 CLIP-6: 0.114 CLIP-6: 0.101
Kendall-t: 0.297 Kendall-t: 0.330 Kendall-t: 0.597

correlation: 0.479 correlation: 0.294 correlation: 0.696

'E“LU \U.‘ !" ]

| X
G 33358 A
Tl MRS

%4

Permuted Model 3 Permuted Model 3 Permuted Model 3
CLIP-6: 0.117 CLIP-6: 0.104 CLIP-5: 0.148
Kendall-t: 0.698 Kendall-t: 0.291 Kendall-t: 0.246

correlation: 0.867 correlation: 0.234

correlation: 0.186
el >

P
Permuted Model 4 Permuted Model 4 Permuted Model 4
CLIP-6: 0.008 CLIP-6: 0.077 CLIP-6: 0.111
Kendall-t: 0.805 Kendall-t: 0.305 Kendall-t: 0.435

correlation: 0.858

correlation: 0.253

b oNLLIRDS ™

U

Permuted Model 5 Permuted Model 5 Permuted Model 5
CLIP-6: 0.157 CLIP-6: 0.176 CLIP-6: 0.019
Kendall-t: 0.162 Kendall-t: 0.284 Kendall-t: 0.605

correlation: 0.272 correlation: 0.294 correlation: 0.497

Figure G: Top activated images are mostly distinct across models even after alignment. This may
indicate hard to learn or rarely learned features.
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Figure H: Similar Top Activated Images After Regression. In most channels features are similar
with only 10% sparse regression weights.
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Figure I: Dissimilar Top Activated Images With Sparse Regression. In some channels, full weights
regression model have similar top activated images, while similarity decrease with sparse weights.
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Figure J: Merge Results for AlexNet Trained with Stratified Dataset.

B.2 Top Images for Permutation Based Model Merging

Model 2 is permuted to align with model 1. Both direct merge and permuted merged models
are studied, as well as repaired merge model. Top activated images from original model 2 before
permutation is also included. Figure K, L. show some selected results. We observe similar pattern as
standard trained models. It is also observed that features are harder to align compared to standard

trained models. This is probably because of the unbalanced training dataset.

C Results for ResNet18 Models

We trained 5 ResNetl8 models. Each models are trained on full ImageNet Dataset for 100
epochs with SGD optimization. Learning rate starts at 0.1 and decays by a factor of 10 every 30
epochs.

C.1 Permutation and Merge Results

Figure M shows merge results for ResNet model. Same experiments as in A.1 are performed.

We observe some accuracy improvement with permuted only models, especially when « is less than
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Figure K: Top activated images from selected channels for AlexNet models trained with stratified
dataset. Here are some results for aligned model with similar top images.
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Figure L: Top activated images from selected channels for AlexNet models trained with stratified
dataset. We also observe channels which do not have similar top images after permutation.
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Figure M: Merge Results for Standard Trained ResNet18.

0.4 and greater then 0.6. After rescaling, the validation accuracies are improved significantly.

C.2 Top Images for Permutation Based Model Merging

Due to the ResNet18 model architecture and permutation algorithm, the feature visualization
experiments are not performed with each convolutional layer, but with each residual block instead.
There total 8 residual blocks in a ResNet18 model. Similar to previous experiments, we visualize
top-10 images that activate each block most in following models: model 1, model 2, permuted
model 2, directly merged model and permuted and merged model. Results are shown in Figure N,

O. We also observe similar pattern as AlexNet models are observed.

C.3 Top Images for Aligning Multiple Models to One

We then permute three more model (model 3, 4, 5) and visualize top-10 images that activate
each block most in each model. Results are shown in Figure P, Q. We can see similar pattern as

AlexNet models are observed.
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block 5 channel 48
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Figure N: Top images for 2 ResNet18 models. Model 2 is permuted to align with model 1. Top im-
ages from original model 2 and direct merged model are also shown. Top images shows similarities
between model 1 and permuted model 2. In the case of dissimilarity, we observe that top images
from merged model after permutation can have images from both model 1 and permuted model 2 or
from none of them, which shares the same pattern as AlexNet models.
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Figure O: Top images for 2 ResNet18 models. Model 2 is permuted to align with model 1. Top im-
ages from original model 2 and direct merged model are also shown. Top images shows similarities
between model 1 and permuted model 2. In the case of dissimilarity, we observe that top images
from merged model after permutation can have images from both model 1 and permuted model 2 or
from none of them, which shares the same pattern as AlexNet models.
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o S

Figure P: Top activated images from 3 ResNetl18 models. Model 2 to 5 are are more aligned to
model 1 after permutation. In some cases, we have only some of the models visually aligned to
model 1. There are also cases that neither of the 2 models shows FV similarity after permutation.
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Figure Q: Top activated images from 3 ResNet18 models. Model 2 to 5 are are more aligned to
model 1 after permutation. In some cases, we have only some of the models visually aligned to
model 1. There are also cases that neither of the 2 models shows FV similarity after permutation.
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