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ABSTRACT

We show that deep neural networks trained across diverse tasks exhibit remarkably similar
low-dimensional parametric subspaces. We provide the first large-scale empirical evidence
that demonstrates that neural networks systematically converge to shared spectral subspaces
regardless of initialization, task, or domain. Through mode-wise spectral analysis of over
1100 models - including 500 Mistral-7B LoRAs, 500 Vision Transformers, and 50 LLaMA-
8B models - we identify universal subspaces capturing majority variance in just a few
principal directions. By applying spectral decomposition techniques to the weight matrices
of various architectures trained on a wide range of tasks and datasets, we identify sparse, joint
subspaces that are consistently exploited, within shared architectures across diverse tasks
and datasets. Our findings offer new insights into the intrinsic organization of information
within deep networks and raise important questions about the possibility of discovering
these universal subspaces without the need for extensive data and computational resources.
Furthermore, this inherent structure has significant implications for model reusability, multi-
task learning, model merging, and the development of training and inference-efficient
algorithms, potentially reducing the carbon footprint of large-scale neural models.
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Figure 1: Deep Networks Converge to Shared, Low-Rank (Universal) Subspaces. Across distinct architec-
tures and modalities, neural networks systematically learn to operate within remarkably similar low-dimensional
parameter subspaces. Left: Principal component analysis of 200 GPT2, 500 Vision Transformers, 50 LLaMA-
8B, and 8 Flan-T5 models reveals consistent sharp spectral decay - strong evidence that a small number of weight
directions capture dominant variance despite vast differences in training data, objectives, and initialization. The
black baseline (independent subspaces reference) represents the naive expectation that models would learn
distinct directions; our empirical findings contradict this. Right: Strikingly, 500 randomly initialized ViT
models converge to a common low-rank subspace, demonstrating this is a fundamental neural network property.
This emergent structure unlocks powerful applications: parameter-efficient adaptation, efficient model merging,
compressed storage, and accelerated training and inference. Further discussion in Section A.
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1 INTRODUCTION

We show that backpropagated neural networks trained on a variety of datasets - which could be
disjoint and unrelated - diverse hyper-parameter settings, initializations and regularization methods,
often learn an architecture-specific, layer-wise similar, low-rank joint subspaces (we refer to this
as the Universal Subspace). We provide the first large-scale empirical analysis - across a diverse
set of models - that neural networks tend to converge to these joint subspaces, largely independent
of their initialization or the specific data used for training. Our study encompasses different model
architectures trained on a variety of datasets, sometimes with different loss functions and tasks.
Our spectral subspace analysis of the weights of all these models (Figure 1) suggests that although
individual tasks appear to induce distinct subspaces, individually, they are all part of an unusually
low-ranked joint subspace. Our work extends the scientific community’s understanding of what
neural networks learn. This universality could explain several puzzling neural properties: why
overparameterized models with millions more parameters than training samples still generalize;
how different initializations converge to similar representations; and why techniques like weight
sharing and parameter-efficient fine-tuning succeed across architectures. If networks indeed learn
within shared subspaces, this would provide a supporting explanation for implicit regularization,
transferability, and the effectiveness of sparse training methods, while also opening up avenues for
applications like efficient merging, new optimization techniques, faster and more efficient learning
and inference.

Several lines of prior research have hinted at phenomena consistent with our joint (universal) subspace
hypothesis. For example, Neural Tangent Kernel (NTK) theory demonstrates that, in the infinite-
width limit, the training dynamics of deep networks are governed by a kernel largely invariant to
task specifics (Jacot et al., 2018). Similarly, research into mechanistic interpretability—specifically
its own universality hypothesis (Olah et al., 2020; Chughtai et al., 2023)—has uncovered recurring
circuits and patterns within specific layers of toy or vision networks, lending indirect support to the
concept of universality. Other phenomena, such as the lottery ticket hypothesis (Frankle & Carbin,
2019) and mode connectivity (Garipov et al., 2018), provide further evidence for the existence of
reusable, low-dimensional structures in neural networks. notably, Krizhevsky et al. (2012) observed
that the first layer of convolutional networks consistently learns Gabor-like filters across diverse
vision tasks. More recently, studies by Guth & Ménard (2024); Guth et al. (2024); Kaushik et al.
(2025) have shown initial evidence of recurring eigenvectors in certain layers of convolutional neural
networks trained on natural images. While works such as Martin & Hinrichs (2025); Mao et al.
(2024) have explored neural properties to explain generalization or loss landscape convergence, they
do not address the convergence of parametric properties across distinct models trained on disjoint
data. Importantly, in contrast to the abstract, weak, or speculative notions of universality presented in
earlier works like Chughtai et al. (2023); Olah et al. (2020) - which focus primarily on representations
and are arguably easier to demonstrate due to direct data dependency - ours is the first work to provide
concrete evidence and a clear universal hypothesis at the neural parameter or weights level.

In our analysis, we present compelling empirical evidence for the existence of universal subspaces
within LoRA adapters across different modalities and tasks. We initially focus on LoRA adapters due
to their ease of training and the ability to collect a large number of adapters for diverse tasks, models,
and datasets, which enables robust evaluation of our hypothesis. E.g., we demonstrate the emergence
of a universal subspace across approximately 500 LoRA adapters for the Mistral-7B (Jiang et al.,
2023) model. We further extend our investigation to the full weight space, where we observe similar
universality, extracting sparse, low-rank universal subspaces from about 500 Vision Transformer
models and 50 LLaMA3-8B models, each trained on different datasets and initializations.

Although the underlying causes and broader implications of this universal property remain an open
area of investigation, even an initial understanding of parameter subspace universality has profound
implications for neural network efficiency and interpretability. Shared subspaces could enable:
(1) massive model compression by storing only subspace coefficients rather than full weights; (2)
rapid adaptation to new tasks within learned subspaces; (3) theoretical insights into generalization
bounds and optimization landscapes; and (4) environmental benefits through reduced computational
requirements for training and inference.

To date, our work presents the most rigorous empirical evidence for the existence of “Universality”
within the parameter space of deep neural networks. This geometric universality offers a novel
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vantage point for investigating fundamental neural properties, including generalization, grokking,
catastrophic forgetting, and dataset ef�ciency. Crucially, the pervasive nature of this universal
property underscores the relative primacy of model architecture over other factors in shaping the
learned parameter space (?) However, our �ndings also delineate clear frontiers for future inquiry.
We leave open the question of cross-architectural comparison: how do the universal subspaces of
distinct architectures differ, and can we explicitly design architectures to optimize the geometry of this
subspace? Furthermore, a fundamental question emerges from our results regarding the implications
of convergence: if neural networks systematically collapse into the same subspace - thereby inheriting
shared biases, capabilities, and failure modes - is this lack of diversity a fundamental bottleneck, and
should we develop methods speci�cally designed to break this convergence?

The remainder of this paper is organized as follows. We �rst de�ne the problem set up formally in
Section 2 followed by listing of essential properties and conditions with corresponding empirical
justi�cations. Section 3.3.1 proposes the method to adapt to new tasks leveraging the shared
approximate universal subspace. Section 3.1 explains our analysis methodology and Section 3.2
presents the comprehensive empirical evidence of the Universal subspaces. Section 4 brie�y discusses
the analysis providing useful insights and answers the fundamental questions raised in the introduction.
We discuss related work in appendix A.1 and discuss limitations and scope for future work in Section
5. Our primary contributions include

• We empirically demonstrate the existence of a lower-dimensional shared universal subspace
in backpropagated neural networks, and also provide relevant theoretical analysis.

• Illustrate the approach to learning an approximate low-dimensional shared subspace using
the available set of tasks. Propose conditions for convergence of this learned subspace to the
true universal shared subspace.

• Reuse the learned shared subspace to ef�ciently adapt to new unseen tasks with signi�cantly
fewer of trainable parameters. Our experiments across a wide variety of large pretrained
models across various architectures and data modalities extensively verify and validate our
hypothesis and theoretical �ndings.

• We show that we can use the Universal subspace for ef�cient, faster learning, ef�cient model
scaling, and model compression.

2 NOTATIONS, DEFINITIONS AND THEORETICAL ANALYSIS

Our theoretical analysis models predictors as elements of a Hilbert space, for example a reproducing
kernel Hilbert space (RKHS), while our experiments are conducted with practical large-scale models
such as transformers and LoRA-based variants. Modeling predictors in a Hilbert space (kernel)
framework is standard when analyzing aspects such as generalization and inductive bias of modern
deep architectures, and has been widely used to approximate or interpret the behavior of large neural
networks in practice (Ortiz-Jimenez et al., 2023; Wei et al., 2019; Chen & Xu, 2021; Belfer et al.,
2024; Bietti et al., 2019). We aim to understand whether the shared structure across tasks can be
consistently recovered from data as number of tasks increase. Speci�cally, each task has an associated
ground-truth predictorf ?

t , and we are interested in the covariance (second-moment) operatorS that
captures the common subspace spanned by these predictors. Since in practice we only observe �nite
samples per task and learn approximate predictorsf̂ t , two sources of error arise: (i) variability due
to having �nitely many tasks, and (ii) estimation noise within each task. Our goal is to establish
conditions under which the empirical operators built fromf̂ t concentrate aroundS, and to show that
the learned top-k subspace converges to the true one, with convergence rates that separately re�ect
the number of tasks and the accuracy of per-task learning.

Setup. Let(H; h�; �i) be a separable Hilbert space with normk�k = k�k H . For a; b 2 H, the
rank-one operatora 
 b : H ! H is (a 
 b)g = hb; gi a ; in particularka 
 bk op = kak kbk. Tasks
t = f1; 2; 3:::; Tg are drawn i.i.d. from distributionT and each task datasetSt = f(x t;i ; yt;i )gn t

i=1
with nt samples is drawn independently fromD t . Let f ?

t 2 H denote the (unknown) ground-truth
predictor for task t and̂f t 2 H be the learned predictor for the task.
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De�nition 2.1 (Task second-moment operator). The population, true empirical, and learned empirical
task second-moment operators are respectively,

S := E t�� [ f ?
t 
 f ?

t ]; Ŝ :=
1
T

TX

t=1

f ?
t 
 f ?

t ; ~S :=
1
T

TX

t=1

f̂ t 
 f̂ t :

whereS;Ŝ; ~S are self-adjoint and positive semi-de�nite such that tr(S) < 1 . Its top-k eigenspace
H ?

k is the population rank-k shared subspace of tasks.
Remark 2.2. We work with the second-moment operator (rather than centered covariance), so the top
eigenspace may include the mean direction of ff?

t gt�T .

Let � 1 � � 2 � � � � be the eigenvalues ofS with orthonormal eigenvectorsf� i gi�1 . Write Pk =
P k

i=1 � i 
 � i for the projector onto the population top-k subspaceH ?
k = spanf� 1; : : : ; � k g, and

let ~Pk be the projector onto the top-k eigenspace of~S (the learned shared subspace). De�ne the
eigengap 
k := � k � � k+1 > 0.
Assumption 2.3 (Realizability, bounded second moment and effective rank). For a constantB > 0
and for all tasks,f ?

t 2 H almost surely,kf ?
t k � B a.s.,Et�� kf ?

t k2 = tr(S) < 1 . In addition,S
has bounded effective rank,tr(S)

kSk op
� �

Assumption 2.3 ensures that all ground-truth predictors are bounded and have �nite second moment,
so the population covariance operatorS is well-de�ned. The bounded effective rank condition
further guarantees that the shared structure of the tasks is not arbitrarily in�nite-dimensional, making
subspace recovery feasible.
Assumption 2.4 (Per-task estimation accuracy inH). For any� t 2 (0; 1) with probability at least
1 � � t over the draw of St ,






 f̂ t � f ?

t






 � � t ; ...where �t = R n t ;D t (H) +

s
ln(1=� t )

2nt

HereR n t ;D t (H) represents Rademacher complexity of the solutions within Hilbert spaceH over
nt samples drawn i.i.d. fromD t This form is satis�ed, for example, by strongly convex regularized
ERM in an RKHS (e.g., kernel ridge regression or NTK ridge), under bounded kernel norm and
sub-Gaussian response noise (Bartlett & Mendelson, 2003).

Assumption 2.4 requires that each task predictorf̂ t is learned accurately from its �nite dataset. In
other words,f̂ t is close to the truef ?

t in H-norm with high probability, at a rate governed by sample
size and complexity of the hypothesis space.
Theorem 2.5 (Two-level convergence to the shared subspace). Assume 2.3–2.4. Letc1; c2 be any
absolute constants. For any� 2 (0; 1) , choose� t = �=(2T ) and set� T = �=2 . With probability at
least 1 � � (over tasks and all per-task samples),






 ~S � S








op
� c 1B 2

r
log(c2=�)

T
+ (2B�� + � 2) (1)

If moreover 
k > 0, then





 ~Pk � P k








op
�

2

 k

 

c1B 2

r
log(c2=�)

T
+ (2B�� + � 2)

!

: (2)

where �� = 1
T

P T
t=1 � t , � 2

t = 1
T

P T
t=1 � 2

t and � t is de�ned same as in assumption 2.4

Proof of Theorem 2.5 can be found in appendix Section A.2. The Theorem 2.5 shows that the
empirical second-moment operator built from the learned predictors converges to the true operatorS,
and the learned top-k subspacêPk converges to the true subspacePk . The rates capture two sources of
error: averaging across tasks (scaling with1=

p
T) and per-task estimation errors (through�� and� 2).

A larger eigengap
 k makes the subspace recovery more stable. In practice, we obtain the eigenvectors
of ~S using HOSVD (Higher-Order Singular Value Decomposition) of the concatenated weight matrix
X highlighted in Section 3. Motivated by our theoretical analysis, we try to approximateŜ for a set
of tasks by extracting principal directions from as many trained models as possible.
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3 ANALYSIS

This analysis constitutes the core contribution of our work. We demonstrate that architecture-speci�c,
layer-wise universal subspaces consistently emerge across a diverse array of neural models. In our
experiments, adherence to the universal subspace hypothesis appears robust, showing no signi�cant
deviation regardless of whether models are trained from scratch, fully �netuned, or adapted via
low-rank methods. Furthermore, this phenomenon remains invariant across differing initialization
strategies, modalities, data formats, and dataset contents. Notably, however, the �delity of the
extracted subspace correlates with the quantity and quality of the available models. This observation
leads us to postulate the existence of an "ideal" universal subspace intrinsic to each architecture,
towards which individual model instances converge. We hypothesize that superior algorithms, cleaner
data, and more effective optimization strategies enable models to approximate this ideal more closely.
While we do not formally verify the "ideal universal subspace" hypothesis in the present work, leaving
it for future investigation, we suggest that this subspace represents the most stable con�guration for
contemporary neural networks trained via backpropagation. Consequently, exceptions to this rule
may offer fertile ground for further research. We present the analysis methodology in Section 3.1, and
experimental evidence of the universal subspace using the methodology in the following subsections.

3.1 ANALYSIS METHODOLOGY

Algorithm 1 Truncated Zero-Centered Higher-Order SVD (HOSVD)

Require: A high-order tensorX 2 R I 1 �����I N constructed by stackingN rank-r n task matrices
along mode n, where 1 � rn � I n and n 2 [1; N].

Ensure: Mean tensor� ; factor matricesU(n) 2 R I n �r̂ n (orthonormal columns), wherêr n is
chosen as the smallest number of left singular vectors whose cumulative explained variance
is at least� ; and the truncated core tensorS 2 Rr̂ 1 �����r̂ N . Reconstruction is given bybX =
� + S � 1 U(1) � � � � N U(N) , where � n denotes mode-n tensor–matrix multiplication.

1: Zero-centering: �  mean(X ) . elementwise mean over all entries
2: Xc  X � � . broadcast � to the shape of X
3: for n = 1 to N do
4: X (n)  unfold(X c; n) . mode-n matricization; X(n) 2 R I n �

Q
m6=n I m

5: Compute thin SVD: X(n) = ~U(n) � (n) ~V (n)>

6: U(n)  ~U(n) (:; 1:r̂ n ) . keep �rst r̂ n left singular vectors (variance � � )
7: end for
8: Truncated core: S  X c � 1 U(1)> � 2 U(2)> � � � � N U(N)>

9: return �; fU (n) gN
n=1 ; S . Optionally compute bX = � + S � 1 U(1) � � � � N U(N)

Since there is no current method that enables us to compare subspaces of models with different
architectures, we focus on large number of models trained on the same architecture. To this end,
we perform analysis using Low rank adapters (Hu et al., 2021) (LoRA) as well as classical weights
of transformer and CNN (Convolutional Neural Network) architectures. For all our experiments,
unless stated otherwise, we perform Order 1-2 HOSVD only, to ensure that our methodology works
even in the simplest case. Algorithm 1 provides the algorithm we implement. Refer to Section B for
discussion regarding secondary subspace and how to choose the number of top components.

3.2 RESULTS FROM JOINT SUBSPACES' ANALYSIS

We present empirical results using method shown in Section 3.1, extracting our layer wise universal
subspace approximations using thousands of publicly available models for most of our experiments.
This choice allows us to have no training costs whatsoever, for extracting the universal subspace.
Spectral analysis relies on ef�cient spectral decomposition libraries, and can even be run on CPUs.
We run all our analysis and experiments on one Nvidia A5000 GPU. The presented large scale
empirical results forms the crux of our work and provide strong evidence for the presence of such
low ranked joint subspaces across a wide range of task, architecture and modalities. In summary,
we present a total of eight set of analysis and applications, including tasks like image classi�cation,
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(a) Comparison of model performance across datasets.

Method ImageNet EuroSat CIFAR-10 CIFAR-100 Oxford Pets Avg

ResNet50 80.86 98.96 97.35 83.82 93.48 90.89
Universal R50 77.89 98.83 95.89 81.49 83.81 87.58

(b) Summarized (averaged for all layers) eigenvalue plot of all model weights corresponding to all 31 layers of 5
ResNet50 models. Mean refers to the fact that it has been averaged for all layers for conciseness. The vertical
axis is Explained Variance (for all models) and X axis indicated Principal Components. We will follow this
setup throughout the paper. We also refer to the low-ranked shared subspace as 'Universal' subspace and may
refer to a speci�c model consisting of extracted basis as the 'Universal variant'.

Figure 2: Proving existence of universal subspaces in CNNs. Decomposing 5 ResNet50 models
trained on different tasks shows the emergence of a low rank, universal subspace where the majority
of the information is present in only 16 (or fewer) distinct subspace directions for all layers of the
network.

natural language understanding, text to image generation, model merging, etc for different model
architectures and modalities.

3.2.1 LOWER-RANK JOINT SUBSPACES IN CNNS, LORA AND FINETUNED MODELS

In smaller and conventional architectures such as CNNs, evidence for universal structure has been
more limited but suggestive. Early work observed that the �rst convolutional layer often learns
Gabor-like �lters across diverse vision tasks (Krizhevsky et al., 2012). More recently, works report
recurring eigenvectors in certain CNN layers trained on natural images (Guth et al., 2024; Guth &
Ménard, 2024).

We extend these observations and examine whether a shared low-rank joint subspace emerges across
tasks. Speci�cally, we train ResNet-50 models from random initialization for image classi�cation on
�ve disjoint datasets (CIFAR-10, CIFAR-100, ImageNet, Oxford-IIIT Pets, and EuroSAT), ensuring
no overlap in samples. While our theoretical analysis indicates that a small number of models may
lead to an under-approximation of the joint universal subspace, training CNNs from scratch at scale
constrains the number of models we can include in this study.

Despite these limitations, Figure 2b reports the average explained variance across all layers of ResNet-
50 and reveals a distinct, shared low-rank structure spanning these disjoint tasks. Moreover, even
when the estimated universal subspace is relatively coarse, projecting to this subspace to obtain a
low-rank ResNet-50 (thereby reducing parameters) preserves competitive performance relative to full
�ne-tuning, further supporting the presence and utility of a joint subspace (2a).

In order to conduct a more real-world experiment, we choose to run the subspace analysis for
LoRA Hu et al. (2021) models simply because they are available in abundance in public domain.
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(a) Eigenvalue/Variance plot for Orthogonal Spectral Components for 500 unique LoRAs of different
layers of Mistral-7B model

(b) Summarized eigenvalue plot of all LoRAs corresponding to all 31 layers of all 500 Mistral 7B
models

Figure 3: Proving existence of universal subspaces in deep networks. Decomposing 500 sets of
LoRAs trained on different tasks using the Mistral-7B model shows the emergence of a low rank,
universal subspace where the majority of the information is present in only 16 (or less) distinct
subspace directions for all layers of the network. Plots of other layers are present in the Section B.1.

Given LoRA models distinctly capture task speci�c directions as they show weak alignment with
the original weights Hu et al. (2021), they form a good main model parameter alternative to run our
subspace analysis and verify whether this holds true. We spectrally decompose (Section 3.1) LoRA's
submatrices individually, each concatenated across all the available �netuned LoRAs and choose top
k spectral basis. This setup allows us to truly stress test the Universal Subspace.

In our �rst experiment, we use LoRA models trained on 500 natural instruction tasks (Wang et al.,
2022) using Mistral-7B-Instruct-v0.2 (Jiang et al., 2023) as the base (Brüel-Gabrielsson et al., 2024).
Each LoRA, individually, is at least of rank 16. Figure 3 shows the results of our analysis. Figure 3a
shows the subspace analysis of individual layers of the Mistral model. Each bar corresponds to
the Eigenvalue or explained variance of every unique component (unique for all models, trained in
disjoint/different datasets), showing that the parameters of all 500 models can be well approximated
by a �nite low-rank subspace for all layers. Note that for visualization purposes, the graphs only show
the top 100 components, but there exists a signi�cantly larger number of basis. Figure 3b provides
a summary of this subspace analysis, (summarized) for all of the layers of the 500 Mistral models,
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Figure 4: Lots of LoRAs Model Size vs Performance plot.

further validating the idea of a layer-wise universal subspace. Please refer to the appendix for all
other and larger versions of the given spectral plots.

To test the expressiveness of this universal subspace, we analytically reconstruct the LoRA parameters
of randomly chosen seen (IID) and unseen (OOD) tasks by projecting it onto the universal subspace.
Figure 4 shows the result of our experiment, and as can be seen, that the Universal subspace model
perform robustly for both seen and unseen cases. In order to verify the importance of this chosen
subspace, we redo the experiment with the leftover components from our spectral decomposition
(called Secondary Subspace). As can be seen from the results, the performance of this model lags
drastically behind our chosen subspace. We note that our universal subspace model is19� more
memory ef�cient since it is no longer necessary to save all 500 LoRAs.

We extend our analysis to text-to-image generation using Stable Diffusion-XL (Podell et al., 2023).
A universal subspace is extracted from publicly available LoRAs on HuggingFace (von Platen et al.,
2022). When projecting individual LoRAs into this subspace, the resulting generations preserve
visual quality and style (Figure 5). CLIP-based evaluations (Table 1) show that the universal subspace
even outperforms individual LoRAs in some cases, possibly due to denoising effects previously
observed in (Sharma et al., 2023).

Table 1: CLIP scores (higher is better) of images generated using SDXL.

Method Style 1 Style 2 Style 3 Style 4 Style 5 Style 6 Style 7 Style 8 Style 9 Style 10 Avg

LoRA 21.95 15.59 22.18 18.84 16.65 17.99 24.66 17.47 22.07 19.93 19.73
Universal SDXL LoRA 21.96 16.07 22.07 18.79 16.68 17.99 24.66 17.56 22.46 20.09 19.83

Figure 5: Text-to-Image Generation Results for Individual models vs. our Universal Subspace model.
We notice no visual reduction in style quality despite signi�cant reduction in total model size.
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