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Abstract
Contrastive learning is a powerful framework for learning discriminative representations from
image-text pairs. Despite its success, its theoretical foundations, especially when the image-text
pair exhibits misalignment, remain underexplored. This paper provides the first theoretical analysis
of contrastive learning under data misalignment, proving how the ground-truth modality-paired
features are amplified while spurious features are suppressed through the training dynamics analysis.
Specifically, we study two nonlinear encoders trained jointly with a contrastive loss and demonstrate
that noisy (or misaligned) data pairs result in mixed representations and degrade the model’s
generalization ability. In contrast, recaptioning and filtering improve the data alignment, which in
turn purifies the features learned by neurons and subsequently enhances generalization. Our analysis
identifies feature purity as a key factor in the success of contrastive learning and offers insights
into how data quality and training procedures impact representation learning and downstream
generalization. Theoretical insights are supported by experiments on standard benchmarks.
Keywords: Contrastive Learning, Training Dynamics, Feature Learning, Generalization Guarantees

1. Introduction
Vision-language models (VLMs) achieve strong results in tasks like image captioning and retrieval
by contrastively aligning image-text pairs. Leading methods such as CLIP [16] and SimVLM [23]
train dual encoders on large-scale web data, pulling matched pairs closer in a shared embedding
space. These models are highly effective in zero-shot settings without task-specific tuning. However,
web-sourced captions often include irrelevant or spurious content, weakening cross-modal alignment.
For instance, [15] highlights an image of a Mercedes-Benz paired with a caption describing its
price and leather seats—details not visually inferable from the image. Such misalignments degrade
representation quality and generalization. To address this, many works [2, 6, 8, 15, 17, 20, 21] use
text generation models to rewrite captions during training. Methods like LaCLIP [6] and BLIP [12]
improve both caption quality and diversity, leading to better model performance.

Despite empirical success, the theory behind VLM pretraining and recaptioning remains under-
developed. Key open questions include:
How do contrastively trained VLMs learn aligned features and enable zero-shot inference? How
does text recaptioning on noisy image-text pairs provably enhance generalization performance?
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Prior theoretical studies either assume convergence to optimal solutions [7, 9, 11, 27], or focus
on simplified settings—e.g., unimodal or linear models [4, 14, 24]. None address training dynamics
under misalignment or the effect of recaptioned text on feature quality.

Contributions. We present the first theoretical analysis of how text recaptioning improves
zero-shot generalization in VLMs under modality misalignment. First, we analyze the training
dynamics of multimodal contrastive learning with two ReLU networks, extending prior results
beyond linear or unimodal settings. Second, we formalize a misalignment model in which spurious
or missing features entangle the learned representations and degrade generalization. Third, we prove
that recaptioning and filtering reduce spurious correlations and enhance semantic relevance, leading
to improved representations and out-of-domain performance.

2. Problem Formulation and Algorithm
VLMs are pre-trained on large-scale web datasets of paired images and texts using dual encoders: an
image encoder fW and a text encoder hV, parameterized by weights W and V. Contrastive learning
pulls positive pairs close and pushes apart negative ones. Let S be the index set of image-text pairs
(xp; yp). A pair (xp; yp) is positive, while (xp; yn) with p 6= n is negative. Training minimizes a
spectral loss over these pairs.

L(f; h) =
X
p2S

24�hf(xp); h(yp)i+
X

n2Snfpg

(hf(xn); h(yp)i)2

2�
+

X
n2Snfpg

(hf(xp); h(yn)i)2

2�

35 (1)

where the hyper-parameter � > 0 is referred as the temperature.

2.1. Training Framework
Let S = Sh [ Sw include human-annotated high-quality image-text pairs with indices in Sh and
noisy web low-quality dataset with indices in Sw. Due to the inherently noisy nature of web data,
the learned embeddings from (1) may be suboptimal. To address this, many methods [6, 12] use
rewritten text to enhance image-text pair quality and diversity. Though implementations differ, most
follow a similar four-stage framework:

(S1) Image-text contrastive pre-training (ITCP) on raw data: The image encoder f and text
encoder h are trained using the image-text pairs f(xp; yp)gp2S by minimizing the contrastive loss as
in (1). Let W and V denote the learned weights in f and h. We then estimate the image and text
embeddings of (xp; yp) by z0xp = fW(xp) and z0yp = hV(yp). Due to the low-quality data in Sw
when training the encoders, these estimations might not be accurate.

(S2) Generating text captions: The high-quality data pairs in Sh are used to finetune an image-
grounded text decoder G, which maps an image xp to text through G(xp). Then, the learned G is
applied to every image xp in Sw to generate a synthetic caption ŷp = G(xp). Next, the estimated
text embedding of ŷp is computed as ẑyp = hV(ŷp) = hV(G(xp)), where V represents the weights
of h learned from Stage S1.

(S3) Filtering: For every (xp; yp) 2 Sw, we compute the cosine similarity between the image
embedding z0xp and the text embeddings of the original caption z0yp and the synthetic caption ẑyp . If
(z0xp ; ẑyp) yields higher similarity than (z0xp ; z

0
yp), we replace (xp; yp) with (xp; ŷp). Let ~Sw denote

the index set of selected data pairs. By filtering out noisy captions in Sw and replacing them with
better-aligned synthetic ones, ~Sw forms a cleaner dataset for training.

(S4) ITCP on filtered data: The image encoder f and text encoder h are trained by minimizing
the contrastive loss in (1), repeating the procedure from Stage 1 (S1) with the only difference being
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that the original dataset S is replaced by ~S = Sh [ ~Sw. The resulting loss is denoted by ~L(f; h).
Let fW and eV denote the resulting learned weights. ffW and geV can produce improved embeddings
compared with fW and gV.

2.2. Downstream Tasks
As a demonstration of the performance of the learned model (ffW; geV), we consider a downstream
image classification task in a zero-shot setting. We consider a K-classification problem for any
constant K � 2. Each class label is associated with a given text prompt yk, where k 2 [K]. For any
image x with its ground-truth label lx 2 [K], the zero-shot predicted label by the pre-trained models
(ffW, geV) is computed as arg maxk2[K]hffW(x); geV(yk)i. This approach follows the typical setting
of zero-shot classification takes [4, 10, 12].

3. Technical Assumptions and Setups
We introduce a set of assumptions that are either derived conceptually from the real data distribution
or follow existing approaches in contrastive learning theory.

3.1. Backbone of the Encoders
We use a two-layer neural network with ReLU activation functions as the image and text encoder,
respectively. Formally, we have

Definition 1 The image encoder fW : Rd1 ! Rm and text encoder hV : Rd1 ! Rm is

f(x) = (f1(x); : : : ; fm(x))
> 2 Rm; with fi(x) = � (hwi; xi � bi)� � (�hwi; xi � bi) ; (2)

h(y) = (h1(y); : : : ; hm(y))
> 2 Rm; with hi(y) = � (hvi; yi � bi)� � (�hvi; yi � bi) ; (3)

where � is ReLU function, and W = [w1; w2; : : : ; wm]>, V = [v1; v2; : : : ; vm]> 2 Rm�d1 .

3.2. Data Model for ITCP
Assumption 1 (Sparse coding model for image-text pairs) Each image-text pair (xp; yp), p 2 S,
is generated i.i.d. from the following sparse coding form:

xp = Mzxp
+ �xp

; yp = Hzyp
+ �yp

; (4)

where xp; yp 2 Rd1 , zxp ; zyp 2 Rd, and d1 = poly(d). We assume:
(a) Image dictionary: M = [M1; : : : ;Md] 2 Rd1�d is column-orthonormal.
(b) Text dictionary: H = [H1; : : : ;Hd] 2 Rd1�d is column-orthonormal.
(c) Additive noise: �xp ; �yp � N (0; �2

�Id1) with !(1=d1) � �2
� � O

�p
log d=d1+c0

�
.

(d) Sparse latent vector: zxp = (z1
xp ; : : : ; z

d
xp) with zjxp 2 f0;�1g, where jzjxp j � Bernoulli(Cz=d).

We introduce Assumptions 2 and 3 to capture the characteristics of the dataset S = Sh [ Sw.
Notably, high-quality pairs in Sh may be significantly fewer than low-quality pairs in Sw, with
jShj = �(d2) and jSwj = poly(d)� !(d2). For high-quality data Sh, we assume learnable latent
feature, consistent with the common assumption in prior work [4] that focuses exclusively on such
data in contrastive learning.

Assumption 2 (High-quality image-text pairs) Every high-quality image-text pair (xp; yp) with
p 2 Sh shares the learnable latent feature, i.e., zxp = zyp , where zxp and zyp denote the shared
feature representations underlying the image and text, respectively.
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Compared to high-quality pairs in Sh, low-quality pairs in Sw suffer from modality misalignment,
modeled as either spurious image-text correlations or missing text descriptions.

Assumption 3 (Low-quality image-text pairs) There exists a constant Cs 2 (!( 1
log d); 1=2) such

that for every low-quality pair (xp; yp) in Sw and every image feature Mj (j 2 [d]) in xp, we have

Pr
�
zj

0

yp
= zjxp

j jzjxp
j = 1

�
= Cs; Pr

�
zjyp

= 0 j jzjxp
j = 1

�
= Cs; (5)

where the first term in (5) is the probability that a text feature Hj0 (j0 6= j) is spuriously correlated
to the image feature Mj , and the second term is the probability that Hj is missing in the text while
the image feature Mj exists.

3.3. Image-Grounded Text Decoder G in Stage (S2)
Recall that G is employed in Stage (S2) to generate synthetic text captions. In practice, the core
idea behind the widely adopted approaches [12, 22, 26] is to train the encoder-decoder model G and
leverage the high-quality image-text pairs Sh to improve its performance. In this paper, we consider
a simplified form of G, given by:

G(xp) = VT�(Wxp); (6)

where � denotes the ReLU function. The parameters W and V are learned by solving

min
W;V

LC =
X
p2Sh

1

2



VT�(Wxp)� yp


2

2
; (7)

initialized at W and V, using SGD with step size �. Although G in (6) is a conceptual simplification,
where �(Wxp) acts as the encoder and VT as the decoder, it serves as a realistic abstraction to
illustrate the underlying advantages of synthetic text caption generation.

4. Main Results
4.1. Feature Purity Improvements in Converged Models via Recaptioned Data
We first characterize the training dynamics and convergence of solving (1) using SGD in Stage S1
and S4 in Sec 2.1. Let L� and ~L� denote the optimal values of the contrastive loss on the raw dataset
S and the filtered dataset ~S, respectively. Note that (W;V) and (fW; eV) are the converged weights
from contrastive training on S and ~S in stage S1 and S4, respectively.

Theorem 2 (Convergence of ITCP) Suppose Assumptions 1 to 3 hold. Let the model complexity
be m = d1:01, initialized at w(0)

i ; v
(0)
i � N (0; �2

0Id1), where �2
0 = �

�
1

d1poly(d)

�
. After T =

�
�
d2 log d

�
iterations with batch size B = 
(d) and � = O(1), the returned weights achieve a loss

that is sufficiently close to the optimal loss in Stage S1 and Stage S4, respectively, i.e.,

(L(fW; hV)� L�)= jL�j � o(1); (~L(ffW; heV)� ~L�)=
���~L���� � o(1): (8)

Remark 3 Theorem 2 demonstrates that SGD iterations can converge to weights that achieve a near
optimal loss of (1), respectively. This result is of independent interest, as existing training dynamics
and convergence analyses for contrastive loss are limited to linear networks. Here, we extend such
analysis to nonconvex optimization settings where the network contains nonlinear ReLU activations.
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Theorem 4 (Unsuccessful learning of ITCP on raw data S with low feature purity in Stage S1)
For each neuron pair ( �wi; �vi) in (W;V), there exists a spurious feature pair (j; j0) 2 [d] such that

�wi = �i;jMj + �i;j0Mj0 + ri; �vi = �i;jHj + �i;j0Hj0 + si (9)

where �2
i;j ; �

2
i;j0 = �

�
k �wik22 + k�vik22

�
and krik22; ksik22 � O((k �wik22 + k�vik22)=d). Moreover, for

every spuriously correlated pair (j; j0), there exist at least 
(1) neuron pairs ( �wi; �vi) that primarily
learn the mixed feature pair (Mj ;Hj); (Mj0 ;Hj0).

Remark 5 Theorem 4 shows that ITCP on raw data yields low feature purity. Each neuron pair
( �wi; �vi) learns a mixture of features, with Mj entangled with Mj0 and likewise for Hj and Hj0 . Thus,
the learned weights W and V fail to separate features j and j0, degrading downstream performance.

Theorem 6 (Spurious feature suppression and relevant feature preservation by recaption) Af-
ter T = �(d log d) steps of SGD, the decoder G in (6), finetuned by solving (7), converges to weights
(Ŵ; V̂) with expected loss LC � �(1=d). The recaptioned texts in ~Sw are computed by ŷp = G(xp).
Then for any index j 2 [d] such that jzjxp j = 1, the decoder output satisfies:

Pr(zjŷp
= 1 j jzjxp

j = 1) � 1�� (1=d) ; Pr(zj
0

ŷp
= 1 j jzjxp

j = 1) � � (1=d) ; 8j0 6= j: (10)

Remark 7 After captioning and filtering, the text in ~Sw contains fewer spurious features and more
aligned pairs than in raw data Sw. Under Assumption 3, the spurious feature probability drops from
Cs to �(1=d), while the chance of retaining all aligned features increases from Cs to 1��(1=d).
The resulting dataset ~S = Sh [ ~Sw thus provides better-aligned pairs for contrastive learning,
leading to higher feature purity. We next show how ITCP trained on ~S improves purity.

Theorem 8 (Successful learning of ITCP on filtered data ~S with high feature purity in Stage S4)
Each ( ~wi; ~vi) in (fW; eV) primarily learns some (Mj ;Hj) with j 2 [d]:

~wi = ~�i;jMj + ~ri; ~vi = ~�i;jHj + ~si (11)

where ~�2
i;j = �(k ~wik22 + k~vik22) and k~rik22; k~sik22 � O

�
(k ~wik22 + k~vik22)=d

�
. For each j 2 [d], at

least 
(1) neuron pairs ( ~wi; ~vi) primarily learn purified feature pair (Mj ;Hj).

Remark 9 Theorem 8 indicates that the model learned by ITCP on filtered data achieves a pu-
rified representation. Specifically, a neuron pair ( ~wi; ~vi) learns one single feature pair (Mj ;Hj),
respectively. As a result, fW and eV yield purified representations that effectively separate individual
features, enabling improved downstream performance.

4.2. Performance Comparison on Downstream Tasks
We next compare the performance of the models (fW, gV) and (ffW, geV) on the zero-shot image
classification problem with out-of-domain data described in Appendix B.5.
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Theorem 10 (Zero-Shot Image Classi�cation)
For the OOD zero-shotK -class image classi�cation problem, the model (f W , gV ) from ITCP

using raw data has a constant failure probability:

Pr
�

arg max
k2 [K ]

hf W (x); gV (yk )i = lx

�
= 1 � �(1); : (12)

In contrast, the model (f fW , geV ) from ITCP using �ltered caption succeeds with high probability:

Pr
�

arg max
k2 [K ]

hf fW (x); geV (yk )i = lx

�
= 1 � o(1): (13)

Remark 11 Theorem 10 �rst shows that the zero-shot performance of(f W ; gV ) is poor due to
low feature purity, as established in Theorem 4. It further shows that(f fW ; geV ) achieves accurate
classi�cation, owing to high feature purity from Theorem 8. Notably, this result holds under
distribution shift in the test images.
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The overall structure of the appendix is as follows. Each appendix provides supplementary
information that supports the main content of this document but is not included in the main body to
maintain clarity and �ow.

• Appendix A: Experiments
Experiments include both synthetic simulations and CLIP/LaCLIP evaluations on real datasets.

• Appendix B: Preliminaries
Mathematical preliminaries and notation used throughout the paper. Aproof sketchis also
provided to outline the key ideas behind the main results.

• Appendix C: Technical Lemmas
Full statements and proofs of supporting lemmas used in the theoretical analysis.

• Appendix D–J: Proofs and Theoretical Analysis

– Appendix D–F: ITCP on Raw Data (Phase I–III)
Theoretical proof of ITCP across three training phases on raw data.

– Appendix G: Captioning
Theoretical proof of reception using high quality data.

– Appendix H: Filtering
Theoretical proof of �ltering noisy caption-text pairs.

– Appendix I: ITCP on Synthetic (Recaptioned) Data
Theoretical proof of training dynamics when using synthetic recaptions.

– Appendix J: Downstream Task Evaluation
Theoretical implications for performance on downstream tasks.
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Appendix A. Experiment
All experiments were conducted on an internal compute cluster using 8 NVIDIA A5000 GPUs with
24 GB memory each, and each run completed within 50 GPU-hours. No large-scale pretraining or
resource-intensive tuning was performed beyond the reported experiments.

A.1. Simulated Experiment

(a) (b) (c) (d)

Figure 1: Performance comparison of ITCP on raw data and �ltered (recaptioned) data when the
probability of spurious correlationCs changes. (a) Number of features that have puri�ed
representation in the model (b) Average magnitude of puri�ed presentations (c) Zero-shot
out-of-domain classi�cation accuracy (d) Silhouette Score with cosine distance.

Experiment Setup. We �rst validate our results via simulated experiments, using the same
framework from Section 2.1. We adopt a more general spurious correlation model than Assumption 3,
allowing eachM j to be spuriously linked with multipleH j 0 (j 0 6= j ), while keeping the total
spurious correlation probability atCs. We setd1 = 2500, d = 50, jSw j = 5000, jSh j = 1000, and
usem = 80 neurons. MatricesM ; H are drawn from standard Gaussians and orthonormalized via
QR decomposition. Sparse codeszx follows Bernoulli(0:1) Noise variance� 2

� = 1=d. SGD runs
with batch size 500 and step size 0.001. Downstream evaluation uses 5-way classi�cation with test
zx � Bernoulli(0:2); class codeszyk partition thed-dim space. Results are averaged over 20 trials.
Models(W ; V ) and( fW ; eV ) are trained on raw and �ltered data, respectively.

Improved feature representation using �ltered (recaptioned) data. We say a weight�wi

learn apuri�ed representationof M j if its projection alongM j achieves the largest magnitude and
satis�esjh�wi ; M j ij =k �wi k > 0:5. The same applies to( fW ; eV ). Figure 1(a) shows the number of
featuresM j (out ofd = 50 total features) for which at least one neuron inW (or fW , respectively)
learns a puri�ed representation. The results show that ITCP trained on �ltered data learns puri�ed
representations for nearly all features, even at high spurious correlation levels (Cs = 0 :3). In contrast,
ITCP on raw data degrades signi�cantly, with purity dropping faster asCs increases. Moreover,
Figure 1(b) shows the average of the largest projection magnitudes among neurons that learn puri�ed
features. The magnitude fromfW (ITCP on �ltered data) is consistently higher than that fromW ,
indicating stronger puri�ed representations. This aligns with Theorems 4, 8 and Remark 9.

Improved zero-shot out-of-domain performace using �ltered (recaptioned) data.Figure 1(c)
compares the classi�cation accuracy of both models on zero-shot out-of-domain data. The model
trained on �ltered data consistently outperforms the one trained on raw data, with the performance
gap widening as spurious correlations in the raw data increase. We also adopt the widely used
Silhouette Score (SS) with cosine distance [13, 25, 28] to evaluate feature embedding quality in
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different clusters, as shown in Figure 1(d). A higher SS indicates better intra-class alignment and
inter-class orthogonality, re�ecting more puri�ed representations. These results verify Theorem 10.

Impact of feature purity. WhenCs reaches 0.35 in Figure 1, even the �ltered data fails to
maintain full feature puri�cation: the number of neurons learning disentangled representations of
all d = 50 features drops signi�cantly (Figure 1(a)), and the SS (Figure 1(d)) and classi�cation
accuracy (Figure 1(c)) both decline sharply. This highlights thatfeature purity—the extent to which
each neuron aligns to a single semantic direction—is a key bottleneck in contrastive pretraining and
downstream generalization.

Neurons trained on �ltered data exhibit a more concentrated distribution. Figure 2 visualizes
the histograms ofjh�vi ; H j ij =k�vi k andjh~vi ; H j ij =k~vi k for all i 2 [m] andj 2 [d]. The values of
jh~vi ; H j ij =k~vi k are more concentrated, typically around0:05 and0:7. In contrast, the values for
jh�vi ; H j ij =k�vi k are less concentrated. This phenomenon is consistent with Theorem 8, which
indicates that for everyH j , certain neurons~vi in eV predominately learnsH j . In such cases,
jh~vi ; H j ij approaches1, while jh~vi ; H j 0ij =k~vi k approaches0 for j 0 6= j . The concentrated values
of 0:05 and0:7 observed in Figure 2 are due to noise in the data. In contrast, feature alignment is
less signi�cant forV , leading to less concentration of the corresponding values. Similar results are
obtained for image encoderjhwi ; M j ij , deferred to Figure 3.

Figure 2: Histogram ofjh�vi ; H j ij =k�vi k for ITCP on raw data andjh~vi ; H j ij =k~vi k for ITCP on
�ltered data (split into two �gures to highlight the signi�cant differences in the value
distributions).

Figure 3: Histogram ofjh�wi ; M j ij =j �wi j for ITCP on raw data andjh~wi ; M j ij =~wi for ITCP on
�ltered data (split into two �gures to highlight the signi�cant differences in the value
distributions).

Enhanced class separation of downstream tasks by ITCP with recaptioned data. Figure 4
visualizes the t-distributed stochastic neighbor embedding (t-SNE) of the feature embeddings gen-
erated by the two models, computed asf W (xp) andf fW (xp) for eachxp, respectively. The t-SNE
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Table 1: Comparison of CLIP and LaCLIP on Accuracy (%) and Silhouette Score.
Food-101 CIFAR-10 Caltech-101 CIFAR-100 Pets STL-10

Model Acc SS Acc SS Acc SS Acc SS Acc SS Acc SS

CC12M CLIP 50.8 0.034 64.9 0.113 77.4 0.225 38.5 0.005 64.1 0.069 91.0 0.195
CC12M LaCLIP 60:7 0:038 75:1 0:157 83:3 0:276 43:9 0:029 72:4 0:070 95:1 0:273

RedCaps CLIP 81.5 0.125 70.4 0.100 72.8 0.210 39.9 � 0:002 82:7 0:091 92:8 0.226
RedCaps LaCLIP 85:0 0:175 74:8 0:107 76:4 0:233 40:7 0:011 78.2 0.074 91.4 0:275

LAION CLIP 85.5 0.116 93.0 0.181 91.2 0.258 71.7 0.078 90.1 0.122 97.3 0.223
LAION LaCLIP 86:5 0:148 93:5 0:215 92:4 0:306 73:9 0:108 90:9 0:152 98:4 0:260

method projects the high-dimensional embeddings onto a two-dimensional map. One can see that
the embeddings from different groups are more distinctly separated in the model trained using ITCP
on recaptioned data, indicating that this approach achieves better feature alignment.

(a) Raw (Cs = 0 :3) (b) Recaption (Cs =
0:3)

(c) Raw (Cs = 0 :5) (d) Recaption (Cs =
0:5)

Figure 4: t-SNE visualization of text embedding with spurious correlation probabilityCs.

A.2. Experiments on Practical Data and Models
LaCLIP improves generalization over CLIP via recaption. Tables 1 compare CLIP [16] and
LaCLIP [6], which share the same architecture and datasets, except LaCLIP replaces part of the
original captions with LLM-generated rewrites. “CC12M CLIP” denotes a CLIP model pretrained
on raw CC12M [3], while “CC12M LaCLIP” uses the same model and data but with LLM-rewritten
captions. Other models are obtained similarly using RedCaps [5] and LAION [18] datasets. We
evaluate their zero-shot classi�cation accuracy and Silhouette Scores on various downstream datasets.
LaCLIP generally outperforms CLIP in both metrics, empirically validating that higher-quality
captions improve zero-shot generalization.

Next, we study the feature purity using a CLIP model pretrained on CC3M [19]. Both the image
and text encoders are 12-layer transformers that produce features inR768, which are subsequently
projected into a shared embedding space ofR512 through �nal linear projection layers, as illustrated
in Figure 6. The �nal linear projection layer has 512 neurons and is functionally aligned withV in
our theoretical model. We now present two key �ndings from this setting:

Puri�ed neurons enhance generalization.To investigate the effect of feature purity on general-
ization, we prune the neurons in the �nal linear layer in different ways and evaluate the resulting
zero-shot classi�cation performance. Speci�cally, we rank the 512 neurons by their average pairwise
absolute cosine similarity to all other neurons, from lowest to highest. The absolute cosine similarity
of neuronsvj , vj 0 is computed asjhvj ; vj 0ij =kvj kkvj 0k for all j; j 0 2 f 1; 2; : : : ; 512g. A lower
average indicates higher feature purity (i.e., more orthogonal representations), while a higher value
suggests feature mixing. We evaluate three pruning strategies: (1) retaininghigh-purity neurons,
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