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Abstract

Vision-language models such as CLIP are
highly useful for diverse tasks due to their
shared image-text embedding space. Despite
this, the image and text embeddings are often
poorly aligned, affecting downstream perfor-
mance. Recent work has hypothesized that
this can be attributed to an information imbal-
ance: images contain more information than
their captions describe. In this work, we pro-
pose TEVI, a framework that uses captions
as a signal for what to retain from image em-
beddings. Specifically, we use sparse autoen-
coders to disentangle image embeddings and
train a masking module to selectively recon-
struct the embedding based on a given cap-
tion. In a controlled setup with synthetic
captions, we show that TEVI is effective at
preserving caption-described attributes while
discarding others. We find that this extends
to CLIP models trained on natural images,
where TEVI learns to mask meaningfully and
allows retrieval based on conditioning. Fi-
nally, we use TEVI to achieve improved re-
trieval performance across coarse-grained and
fine-grained benchmarks. Code available at
https://github.com/neuroexplicit-saar/TEVI.

1 Introduction

Vision-language models such as the CLIP fam-
ily (Radford et al., 2021; Ilharco et al., 2021; Zhai
et al., 2023; Tschannen et al., 2025) are trained
using a contrastive loss to align images and text
to a shared embedding space'. Such models have
been widely successful for a variety of multimodal
applications, such as zero-/few-shot classification
and cross-modal retrieval. Their embeddings serve
as a vital bridge between vision and language for
generative models such as text-to-image diffusion

'Throughout this work, we use “vision-language model”
to refer to CLIP-like models with aligned image-text encoders,
and not autoregressive multimodal models that generate text.

models (Razzhigaev et al., 2023) and large multi-
modal models (LMMs) (Liu et al., 2023). However,
it has been shown that the learnt embedding space
suffers from a modality gap (Liang et al., 2022),
where image and text embeddings lie in different
regions of the embedding space, often leading to
poor downstream performance (Liang et al., 2022;
Eslami and de Melo, 2025; Schrodi et al., 2025).

While various possible causes have been dis-
cussed (Eslami and de Melo, 2025; Schrodi et al.,
2025), a recent work (Schrodi et al., 2025) hy-
pothesizes that this is caused by an information
imbalance—the fact that images contain more in-
formation than their corresponding captions, which
forces models to push their embeddings apart when
minimizing training loss—and shows evidence for
this hypothesis via systematically controlled ex-
periments on the synthetic MAD dataset. How-
ever, despite finding that only a few embedding
dimensions characterize the gap, removing these di-
mensions also significantly degrades performance.
Since CLIP dimensions do not directly correspond
to concepts, this may not map to selectively remov-
ing information as the hypothesis suggests.

In this work, we explore whether captions could
instead determine what information should be pre-
served, by using text as a signal to modify CLIP
image embeddings to preserve only what the cap-
tion describes. Specifically, we use sparse au-
toencoders (SAEs) (Bricken et al., 2023; Cunning-
ham et al., 2024) to decompose image embed-
dings into constituent concepts, and train a con-
ditioning module that selects SAE latents to be
used for reconstruction based on the condition-
ing. Through a controlled setup, we show that
our proposed approach, text-conditioned editing
of visual representations for image-text alignment
(TEVI) (Fig. 1, left), can learn to preserve at-
tributes presented in the text while discarding in-
formation about other attributes and improve cross-
modal alignment and retrieval ordering (Fig. 5).
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Fig. 1: TEVI: using captions to edit image embeddings. Left: An overview of our approach. We use text captions as a signal
to modify image embeddings from CLIP (Radford et al., 2021). For details, see Fig. 2. Middle: Qualitative examples of top texts
retrieved for an image by CLIP and TEVI. Right: TEVI helps improve cross-modal alignment as well as downstream retrieval
performance. We report mean performance across datasets, for full results see Tabs. 2 and B1 and Fig. B2.

We then apply TEVI to CLIP (Radford et al.,
2021; Ilharco et al., 2021), SigLIP (Zhai et al.,
2023), SharedCLIP, and AlignCLIP (Eslami and
de Melo, 2025) models trained on CC12M (Chang-
pinyo et al., 2021). We find that TEVI learns to
selectively and meaningfully mask latents based
on the conditioning, which helps retrieval with
known attributes (Fig. 6). Further, TEVI improves
(Fig. 1, middle and right) image-to-text and text-to-
image retrieval performance across coarse-grained
(MS COCO (Lin et al., 2014), Flickr30k (Plum-
mer et al., 2015)) and fine-grained (DOCCI (Onoe
et al., 2024), IW (Garg et al., 2024)) benchmarks,
by serving as an effective reranking method of re-
trieved candidates from the base model. Using the
RoCOCO (Park et al., 2024) benchmark, which
augments captions with linguistically perturbed al-
ternatives, we also show that TEVI may help im-
prove robustness against such perturbations. On the
whole, we find that having a concept basis makes
the information imbalance controllable.

In summary, our contributions are as follows:

e CLIP-Guided SAEs (CG-SAE:s), a controlled
setup with latents that encode predefined text
concepts, to study their utility for preserving
targeted concepts.

* TEVI, a framework that uses text as a signal
to selectively retain caption-described content
in image embeddings, via a learnt mask over
sparse autoencoder latents.

We use CG-SAEs to show a proof-of-concept of
our proposed approach through controlled experi-
ments on MAD (Schrodi et al., 2025). We then use
TEVI with MAD to show that it leads to improved

alignment and retrieval, and then show that this
extends to CLIP models trained on natural images.

2 Related Work

Vision-Language Models (VLMs) (Radford et al.,
2021; Zhai et al., 2023; Ilharco et al., 2021; Yu
et al., 2022; Jia et al., 2021; Tschannen et al.,
2025) learn a joint aligned embedding space be-
tween images and texts. They typically consist of
separate unimodal image and text encoders that
each provide an embedding, and are trained using
contrastive losses so that embeddings of similar
image-text pairs are placed close to each other and
dissimilar pairs are placed apart. Such models are
useful for a diverse set of multimodal tasks such
as cross-modal retrieval and zero-shot classifica-
tion. Their embeddings are also used as a bridge
between vision and language for text-to-image dif-
fusion models (Razzhigaev et al., 2023) and large
multimodal models (LMMs) (Liu et al., 2023). In
this work, we focus on CLIP-family models.

Modality Gap (Schrodi et al., 2025; Liang et al.,
2022; Eslami and de Melo, 2025; Mistretta et al.,
2025; Shi et al., 2023) is a phenomenon observed
in trained VLMs, where, despite the contrastive
training objective, image and text embeddings lie
in different regions of the embedding space. While
initially attributed to the ‘cone effect’ at initial-
ization (Liang et al., 2022), recent work (Schrodi
et al., 2025) showed that a likely cause is the infor-
mation imbalance between the two modalities, i.e.,
images contain more information than is described
in their corresponding caption, which forces the
model to push apart their embeddings to reduce the
contrastive loss. Existing post hoc approaches to re-
duce the modality gap (Liang et al., 2022; Schrodi
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Fig. 2: Our proposed TEVI framework for obtaining text-conditioned image embeddings. We train a TopK SAE (Gao et al.,
2025) over CLIP image embeddings, and then use an MLP trained using the InfoNCE loss to learn a mask over the SAE latents
to obtain conditioned image embeddings. For details, see Secs. 4 and 5.

et al., 2025) have been shown to come at the cost of
degraded performance. Recently, AlignCLIP (Es-
lami and de Melo, 2025) proposed to use an intra-
modal separation loss during CLIP training to im-
prove alignment and downstream performance. In
contrast, we explicitly control the information im-
balance post hoc by using text as a signal to edit
image embeddings, and show that this is comple-
mentary to methods such as AlignCLIP.

Cross-Modal Conditioning methods such as
SmartCLIP (Xie et al., 2025b), FLAIR (Xiao et al.,
2025), and FILIP (Yao et al., 2022) produce im-
age embeddings conditioned on text for improved
fine-grained retrieval, at the cost of a small increase
in retrieval time. Concurently, SteerViT (Ruthardt
et al., 2026) conditions a frozen vision encoder
on text by inserting cross-attention layers into its
blocks, which steers the representation towards the
objects that a prompt names. An orthogonal line
of work (Xie et al., 2025a; Asokan et al., 2025)
performs fine-grained alignment at training with-
out conditioning at inference. Among the former
methods, all except SmartCLIP and SteerViT train
models from scratch. In contrast, TEVI is post-
hoc: it adds a small module on top of pretrained
CLIP, with the vision encoder kept frozen and only
the text encoder fine-tuned. Similar to SmartCLIP,
TEVI learns a mask over vision embeddings condi-
tioned on text, but in contrast, TEVI masks disen-
tangled SAE latents instead of raw representations.

Sparse Autoencoders (SAEs) (Bricken et al.,
2023; Cunningham et al., 2024; Gao et al., 2025;
Rajamanoharan et al., 2024a,b; Bussmann et al.,
2025) are a popular mechanistic interpretability
tool to disentangle activations learnt by a deep
network into constituent human understandable
concepts. While originally used in the context of
LLMs (Bricken et al., 2023; Cunningham et al.,

2024), SAEs have recently been used to decompose
concepts from CLIP vision embeddings (Rao et al.,
2024; Zaigrajew et al., 2025) for use in downstream
tasks such as constructing concept bottleneck mod-
els (Rao et al., 2024). SAEs have also been used
as a tool for steering models by performing edits
to their latents (Farrell et al., 2024; Cywinski and
Deja, 2025; Pach et al., 2025; Joseph et al., 2025).
In contrast to these works which apply SAE-based
interventions for interpretability or steering, we use
them for text-conditioned editing aimed at improv-
ing cross-modal alignment.

3 Using SAEs to Edit Representations

In this section, we motivate our text-conditioned
image editing approach. In Sec. 3.1, we first pro-
vide a brief overview on CLIP (Radford et al.,
2021) and sparse autoencoders (SAEs) (Bricken
et al., 2023). Then, to test whether SAEs can be
used to edit representations, we describe a con-
trolled test on a synthetic setup in Sec. 3.2 and
present our findings in Sec. 3.3. We then present
our proposed TEVI in Sec. 4, and in Sec. 5, we
show how we extend it to real data.

3.1 Background

CLIP (Radford et al.,, 2021). Let D =
{(vi,t;)}, be a paired dataset of images v; and
their corresponding texts ¢;. A CLIP model M =
(fv, ft) consists of a vision and text encoder re-
spectively which provide corresponding embed-
dings (ey4,60¢), 1. €y = fu(vi) € R? and

i = fi(t;) € R The model is then trained with
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a contrastive InfoNCE loss (Oord et al., 2018):
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where 7 is a learnable temperature hyperparameter
and & = %—. Eq. (1) pulls embeddings of cor-

PN
responding (positive) image-text pairs (e,.4,€¢)

close to each other and pushes embeddings of other
(negative) image-text pairs (€,.4,€¢ ), # j away
from each other to learn a shared semantic embed-
ding space.

Sparse Autoencoders (Bricken et al., 2023)
consist of a linear encoder Wgz € R%*% and de-
coder Wp € R%*4 where typically d; > d.
The encoder maps an input z € R? to latents
z = ReLU(Wg(az — byre) + bg), where by, €
R? bp € R are learnt biases and z is a sparse dis-
entangled concept representation of x. The decoder
then reconstructs x using z, i.e. # = Whz + bpye.
The SAE is trained with a combination of a recon-
struction 10ss Lyecon = ||z — Z||2 and sparsity loss
Lsparse, 1-€.

ESAE = Lrecon + )\SAE»Csparsey (2)

where Asag is a hyperparameter. We use Lgparse =
TopK(z) (Gao et al., 2025) where TopK(-) selects
the top K activated latents in z for hyperparameter
K.

3.2 Controlled Setup for Evaluating
Representation Editing

To understand whether subselecting SAE latents be-
fore reconstruction can effectively edit embeddings,
we construct a controlled setup using synthetic data
with known attributes, where we induce each SAE
latent to represent a predefined attribute. In con-
trast to a typical setup where SAEs automatically
learn to disentangle concepts, this is designed to
allow for targeted editing, and we refer to it as
CLIP-guided SAE (CG-SAE). Let C = {¢;}i_,
be a set of text concepts, and let (Wg, Wp) be an
SAE to be trained on image embeddings of CLIP.
Then, for an embedding ¢, ;,

2; = TopK(ReLU(W L (€4 — bpre) + bg)) (3)

g;:i = Wgzz + bpre 4

where z; = [zl-m]fl:l such that elements in z; out-
side the top K elements are zeros.

Recent work (Rao et al., 2024) showed that la-
tents z;, could be assigned meaningful concept
names in ¢, € C post hoc by selecting the text
embedding that is closest to their corresponding
decoder weight vector Wp ., i.e.

q = argmaxcos(Wp ,;¢j) . 5)
J

Inspired by this, for our conditioning, we propose
to attempt the opposite—given C, we fix the rows
of the decoder weights Wp to be text embeddings
of concepts ¢; € C, i.e.

WD,'r = ét,cr (6)

where 1 < r < S andd; = S, and then only train
the SAE encoder.

Once trained, given an attribute set C'y =
{cq} € C, we select latents not present in the

text, i.e. C = C'\ Cy and set their activations to
zero, 1.e.

2l = ., =0 Vew €C (D

The edited image embedding of an image v, condi-

tioned on text ¢, is then given by &, ., where

v,p|q

—_—~—

Eu,plg = Wgzplq + Dpre - (®)

We evaluate the following: (R1) if each CG-SAE
latent indeed encodes the concept assigned to it,
and (R2) if masking out specific attributes removes
information about that attribute from the recon-
structed embedding from the SAE. We present our
findings in Sec. 3.3.

3.3 Results

Experimental Setup. We use the synthetic MAD
dataset (Schrodi et al., 2025), which consists
of MNIST digits with colors and morphological
transforms. Every image is characterized by six
attributes—digit, color, thickthinning, swelling,
scaling, and fracture—each of which can be one
among a set of predefined options, which are 26
in total. For example, the ‘thickthinning’ attribute
for an image could be ‘thickening’, ‘thinning’ or
‘nothickthinning’, depending on the transform ap-
plied to the image. For each image, we create
captions that contain the digit and three randomly
selected attributes out of the remaining five to sim-
ulate information imbalance (Schrodi et al., 2025).
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Fig. 3: Attribute specificity of CG-SAE latents. We plot
the AUC for CG-SAE latents corresponding to the attribute
values ‘No swelling’” and ‘Swelling’. We find that the latents
are highly attribute specific, which shows that our CG-SAE
latents are highly disentangled, despite being assigned to a

predefined concept. Full results in Appendix A.2.

Following (Schrodi et al., 2025), we train CLIP
models (Radford et al., 2021; Ilharco et al., 2021)
consisting of a 6-layer ViT (Dosovitskiy et al.,
2021) as the vision encoder and a 6-layer trans-
former as the text encoder, with a shared embed-
ding dimension of 18, for 200 epochs on using the
AdamW (Loshchilov and Hutter, 2019) optimizer.
Given the 26 possible attributes per image, the text
encoder uses a tokenizer with a vocabulary of size
28, after accounting for the start and end tokens.
Then, we train TopK SAE (Gao et al., 2025) on
CLIP image embeddings with a latent dimension
of 26 (equal to the number of attributes for the
dataset). We assign each of the decoder weights
as the normalized text embedding of one of the
attribute values, so that each SAE latent represents
one of the 26 attributes. For the SAE, we ablate
across values of K, expansion factors, and learning
rates, and select models based on reconstruction
mean-squared accuracy and classification perfor-
mance across the six attributes.

Concept Disentanglement (R1). We evaluate if
our CG-SAE learns to disentangle image embed-
dings into the fixed set of predefined concepts C.
In Fig. 3, we show the area under the receiver op-
erating characteristic (ROC) curve (AUC) across
images in the dataset for the two latents assigned
to the ‘swelling’ attribute. We find that the latents
are able to disentangle the attributes well, with the
AUC being close to 1 for the attribute value the la-
tent is assigned to, 0.5 for unrelated attributes, and
0 for attribute values anti-correlated to the assigned
attribute (i.e. ‘no swelling’, for the ‘swelling’ la-
tent). We also show qualitative examples of top ac-
tivating images for a selection of latents in Fig. Al,

and find that they are highly consistent, e.g. for the
‘blue’ latent, the top activating images are all digits
of the color blue, while also being diverse in all
other attributes.

Editing Image Representations (R2). We eval-
uate if masking latents corresponding to a sin-
gle attribute discards information about that at-
tribute from the reconstructed representations. To
do this, we pick a single attribute ‘thickthin-
ning’, and set the three latents corresponding to
it (‘thickening’, ‘thinning’, ‘nothickthinning’) to
zero. This is similar to conditioning on all at-
tributes ¢ except ‘thickthinning’ (Eq. (7)). We
then obtain edited embeddings for all images,
and perform classification on all six attributes
based on the cosine similarity with the text em-
beddings of the classes within the attribute, sim-
ilar to zeroshot classification. For example, for
“Thickthinning’, given an edited embedding &, ;|4
Predickihinning = arg max cos(ev,pm; €t,j), Where
t; € {thickening, thinning, nothickthinning}. We
find (Fig. 4, left) that the classification accuracy
of the edited embeddings on ‘thickthinning’ drops
to near random chance while that of all other at-
tributes remains close to that with the original em-
bedding. This shows that our conditioning can be
an effective way to remove information present in
the image embeddings that is not in the text.

4 TEVI: Learning to Mask Latents based
on Conditioned Text

In Sec. 3.2, we showed that we could construct
CG-SAE:s for encoding and editing representations
given predefined synthetic concepts. However, this
is a restrictive assumption, since CLIP models are
typically open vocabulary and a predefined set of
concepts is not available. As a result, in this section,
we relax this assumption and propose TEVI, an
approach to learn a mask over SAE latents z to
obtain the text-conditioned image embeddings. An
overview of our approach is shown in Fig. 2.

4.1 Optimization Objective

Specifically, we keep the CLIP vision encoder and
a trained SAE frozen, and train a small multi-layer
perceptron (MLP) network consisting of linear
transforms with ReLU activations f,, : R? — R®%
that maps text embeddings ;; to a mask m; €
[0,1]%, i.e. m; = o(fm(ess)) where o(-) is the
sigmoid function.

Then, the edited image embedding of an image
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before and after conditioning, for I — T retrieval. TEVI moves all three in the expected direction, and significantly more than
the no-SAE baseline. Full results in Fig. A6. Right: a T — I example, showing the top-6 retrieved images before and after
conditioning on ‘red’. The conditioned attribute is kept (4/6 — 6/6) and the control attribute is dropped (6/6 — 3/6).

vp conditioned on text ¢, is given by €, 4, Where  captions. First, we perform attribute-wise classifi-
- catl'on. Since each'captlo'n has a random subset 9f

Euplg = Wh(2p © mg) + bpre 9 attributes present in the image (Sec. 3.3), we bin

the attributes for each image depending on whether
the caption contains it, and report the classifica-
tion accuracy across the two bins in Fig. 4 (mid-
dle). We find that (blue) the classification accuracy
on attributes present in the caption remains simi-
lar to the accuracy from the original embeddings,

where © is the element-wise product.

We train f;,, and fine-tune the CLIP text encoder
ft using the InfoNCE loss (Eq. (1)) to pull the
edited embeddings towards their conditioning texts
and away from other texts, i.e.

| XN EyiliralT while the accuracy from attributes absent from the
fm b e-vsili N .

LifoNCE = 5N Z log — B gaptlon reach near random chance (c.iotted black

i=1 Zj:l e line). In contrast, the no-SAE baseline ( )

eEv,ili€ti/T shows almost no effect. Then, in Fig. 5, we eval-

+ log SN o EalT (10)  uate the impact of conditioning on retrieval. We

7=l do this by picking a pair of attributes, selecting

4.2 Results a query that contains both attributes, and condi-
tioning on one while keeping the other as control.
Before conditioning, candidates containing both at-
tributes should match the strongest, and those that
contain just one should match weaker but equally
well. However, after conditioning, we expect the
conditioned attribute to be matched stronger than
the control attribute, whose information should be

Experimental Setup. We follow the setup from
Sec. 3.3; however, we no longer fix the decoder
weights of SAE and keep them learnable. We use 3-
layer MLPs for the masking module. As a baseline,
we train a mask on CLIP image embeddings.

Effectiveness of Conditioning. We evaluate the
effectiveness of conditioning for TEVI on actual
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Fig. 6: Conditioning helps retrieval on MS COCO captions given by attributes. Left: Similar to Fig. 5, we compute
rank-position differences for image — text retrieval, averaged over 62 object classes, with equal weight per class and 400
query images. We find that TEVI reorders as per the conditioning direction, and outperforms the no-SAE baseline, especially
significantly in discarding information not present in the conditioning (A1, A3). The last two columns count how many of the
62 classes move in the expected direction, where TEVI consistently outperforms the baseline. Right: A qualitative example for
image — image retrieval. The query image contains a person and a keyboard, and we condition on ‘person’. The retrieved set
keeps the person (circle, 6/6 — 6/6) and loses the keyboard (square, 3/6 — 1/6).

Table 1: Ablating mask latents by ranking. We zero the
mask for m/128 latents and report DOCCI 1 — T R@1, where
the baseline performance is 24.20. The latents are ranked
in two ways: by their mask value, and by p, the correlation
between a latent’s mask value and the presence of its concept
in the conditioning caption. We find that zeroing out top latents
leads to the sharpest drops in performance for both rankings,
which shows that important latents are ranked higher.

Rankedby m top random bottom

32 8.62 1558 2294
64 0.80 724 16.64

8 18.0 22.1 23.6
grounding p 16 12.1 204 22.8
32 5.2 15.2 21.0

mask value

discarded from the representation (see Fig. 5, top
right). We find that this holds when using TEVI,
and significantly outperforms the no-SAE baseline.
This shows that TEVI is effective in performing
conditioning such that the edited embedding pre-
serves information present in the text while discard-
ing the remaining attributes.

Vision-language Alignment. Following Eslami
and de Melo (2025), we also evaluate the pair-
wise image-text cosine similarities between pos-
itive image-text pairs before and after conditioning
and the plots are shown in Fig. 4 (right). We find
that for TEVI, the pairwise similarities increase
significantly after conditioning (blue) as compared
to before ( ).

5 Using TEVI with Natural Images

In Sec. 4, we showed the utility of our TEVI on a
synthetic setup. In this section, we extend to CLIP
models trained on natural images with the goal of
improving alignment and retrieval performance.

5.1 Optimization Objective

Despite its effectiveness in the synthetic setup,
the objective from Eq. (10)) only uses edited im-
age embeddings £, ;; conditioned on rheir own
corresponding positive captions, i.e. it does not

model conditioning on negative captions. However,
image-to-text and text-to-image retrieval involve
selecting from a set of candidates, which would re-
quire conditioning both positive and negative pairs.
So, we modify the objective to incorporate negative
conditioning during training:
InfoNCE = ~ 577 8 N 2 &
2N > g €l SualT
eéu,ui'ét,i/"'

lo - -
+ & ZN 1 eev,ﬂi'et’i/’r
‘]:

(1D

where e.g. e*vili in the denominator of the first
term from Eq. (10) is changed to e“vili. Condi-
tioning on negative captions is essential, without
which the model performs poorly, which could be
due to the fact that the model sees both positive
and negative captions during inference. We discuss
further in Appendix B.6.

5.2 Results

Experimental Setup. Following previous works
(Eslami and de Melo, 2025; Goel et al., 2022;
Mu et al., 2022; Li et al., 2022), we use the
CC12M dataset (Changpinyo et al., 2021) to train a
CLIP (Radford et al., 2021) ViT-B/16 (Dosovitskiy
et al., 2021), CLIP ViT-L/14, and a SigLIP (Zhai
et al., 2023) ViT-B/16 model. To train the SAE,
we ablate across values for the expansion factors
and learning rates and select the best configura-
tion based on the mean reconstruction accuracy
and classification accuracy on the reconstructed
features. We then train the masking module by
sweeping across learning rates and selecting the
configuration that is best for retrieval on the valida-
tion split of CC3M (Sharma et al., 2018), to ensure
generalization to different datasets. Full details are
provided in the supplement in Appendix B.1. As
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Table 2: Fine-grained, long-caption retrieval on DOCCI and IIW. All models are trained on CC12M dataset. We report R@1
and R@5 for both image-to-text and text-to-image retrieval. For TEVI and No-SAE, we use re-ranking, and report mean =+ std
over 5 random seeds. We see that TEVI improves retrieval performance across models and datasets.

DOCCI (Onoe et al., 2024)

IIW (Garg et al., 2024)

Model I-T T—1 I-T T—1

R@1 R@5 R@1 R@5 R@1 R@5 R@1 R@5

CLIP ViT-B/16 20.38 42.36 7.17 16.96 50.98 77.94 16.88 32.66
No SAE 24.29 +022 47.24 4018 8.40 +008 18.66 +t004 56.86 +031 81.83 +050 18.76 +0.15 34.84 +o0.14
TEVI 24.52 +015 47.30+014 8.30+004 18.55+003 55.49+036 82.42 4019 18.77 +008 34.57 +0.05

CLIP ViT-L/14 23.60 46.68 8.21 18.70 53.92 81.37 18.05 35.59
TEVI 26.84 +047 50.04 +020 9.09 +00s 20.44 +003 60.78 +060 84.80 +035 19.72 +005 37.63 +0.08

SigLIP ViT-B/16 20.68 41.84 7.41 17.17 48.20 76.14 16.94 33.08
TEVI 25.29 +022 47.37 4009 8.32+006 18.59 +002 57.84 +095 80.98 +0.19 18.90 +0.11 35.68 +o0.10

SharedCLIP ViT-B/16 19.02 41.06 7.16 17.52 51.14 79.08 17.10 33.78
TEVI 22.64 +027 45.23 4007 7.94 +006 18.42 +003 55.59 +031 80.98 +025 17.91 +0.18 34.61 +o.10

AlignCLIP ViT-B/16 20.32 41.88 7.39 17.43 53.92 82.03 17.46 34.27
TEVI 23.65 +026 46.02 +015 8.13 +008 18.68 +005 58.92 +065 84.31 +012 19.75 4020 36.06 +0.21

in Sec. 4, we compare against a no-SAE baseline
with a mask trained on CLIP image embeddings.

Mask Analysis. We first evaluate if the learnt mask
is meaningful and selective. As a sanity check, we
evaluate the distribution of mask values, and find
that it is non-uniform and high only for a few la-
tents, as expected (Tab. B12). We next evaluate
whether (i) latents selected by the mask, given by
mask values, correlate to (ii) the presence of the
concepts they encode in the conditioning caption.
In other words, if a latent encodes a particular con-
cept, we want to evaluate if captions containing
that concept correspond to high mask values for
that latent. As a proxy for the concept encoded by
a latent, we follow Rao et al. (2024) and compute
the cosine similarity between the text embedding
of a caption and the corresponding SAE decoder
dictionary vector, where a higher value indicates
that the latent encodes the concepts present in the
caption. We then compute the Pearson correlation
p between this similarity and the mask value across
captions, with positive correlation indicating that
the mask is meaningful. We find that 20% of active
latents on DOCCI show p > 0.1, as compared to
0% for a caption-shuffled null baseline. While this
number may appear small, not all latents are likely
to be equally important. To evaluate this, we zero
out mask values for the top, random, and bottom
m latents, and evaluate the impact on downstream
retrieval. We sort the latents in two ways, by p and
by the mask values themselves. If the mask keeps
latents important for alignment, then one would
expect removing the top latents to lead to a strong
drop in retrieval, and the opposite when removing
the bottom latents. We find (Tab. 1) that the results
consistently match expectations for both rankings:
ablating the top latents leads to strong drops in re-
trieval, followed by random, and followed by the

bottom latents. The latents that are well correlated
are also the most impactful, e.g. ablating the top 32
by p leaves 5.2 R@1, as compared to 21.0 with the
bottom 32. Results for text-to-image retrieval are
provided in Tab. B13.

Selectivity of Conditioning. Next, we evaluate
whether conditioning is selective of the concepts
present in the caption. For each DOCCI image
whose caption names two objects, we condition
the image on each of them in turn, and evaluate
whether each edited embedding is closer to its own
object. Over 1,061 images and 1,528 object pairs,
we find that TEVI selects the named object 79.4%
of the time, as compared to 55.6% for the no-SAE
baseline, where chance is 50%.

Vision-Language Alignment. To evaluate the im-
pact of TEVI on cross-modal alignment, we plot
the cosine similarities between image and corre-
sponding text embeddings, both before and after
editing. We find (Fig. B2) that alignment im-
proves across datasets after applying TEVI (e.g.
0.417—0.470 for MSCOCO). Further results on
different models are provided in Appendix B.7.
Note however that alignment is a diagnostic metric;
with the primary goal being to improve downstream
performance, which we discuss next.

Retrieval Performance. We evaluate the per-
formance of TEVI for text-to-image and image-
to-text retrieval across fine-grained long-caption
(DOCCI (Onoe et al., 2024), IW (Garg et al.,
2024)) and coarse-grained short-caption (MS
COCO (Lin et al., 2014), Flickr30k (Plummer et al.,
2015)) retrieval benchmarks. Similar to other cross-
modal conditioning methods (e.g. Xie et al., 2025b;
Xiao et al., 2025), TEVI incurs an additional cost
for retrieval, since every image is conditioned on
every text. To mitigate this, we only use TEVI to
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Table 3: Robust retrieval performance of TEVI on the RoCOCO benchmark (Park et al., 2024). We find that TEVI

improves performance over the baseline across settings.

Model COCO Rand-voca Same-concept Diff-concept Danger
R@1 R@1 droprate RSMS R@1 droprate RSMS R@1 droprate RSMS R@1 droprate RSMS
™M) ) O, () ) ™ ) O, () ()
CLIP 3326 21.26 12.00 4690 21.74 11.52 4336 22.12 11.14 4398 2292 10.34 39.74
+TEVI 36.00 26.14 9.86 33.98 25.74 10.26 3712 25.60 10.40 35.70 27.12 8.88 31.00

rerank the top-10 candidates obtained via the base
model. We find (Tabs. 2 and B1) that TEVI consis-
tently improves retrieval performance across nearly
all datasets and models. Qualitative examples are
provided in Fig. 1 and Appendix B.9. Interestingly,
the no-SAE baseline, despite performing worse for
latent selectivity and steering, performs compara-
bly well. We believe this could be because of the
added challenge of disentangling attributes and the
noisiness of captions in real data, and we leave fur-
ther investigation of this for future work. To further
understand this, we evaluate on a more controlled
setup, where we fix the conditioning text to a single
object and use the exhaustive MS COCO instance
annotations as ground truth. We find (Fig. 6) that
while both TEVI and no-SAE promote the condi-
tioned object, only TEVI removes the object it was
not conditioned on, which suggests that TEVI is
more selective.

Applicability to Existing Methods. We addi-
tionally compare against SharedCLIP and Align-
CLIP (Eslami and de Melo, 2025), which recently
proposed using intra-modal separation objectives
during CLIP training to improve cross-modal align-
ment and retrieval performance. Even though these
training objectives already provide gains, we find
(Tabs. 2 and B1) that our approach can additionally
help these methods with consistent and significant
improvement on fine-grained datasets and competi-
tive performance on coarse-grained datasets.

Comparison to SmartCLIP. We compare TEVI
against SmartCLIP (Xie et al., 2025b), which learns
a text-conditioned mask on raw vision embed-
dings. For a fair comparison, we train on a simi-
lar setup with CC12M. We find (Tab. 4, and Ap-
pendix B.8) that TEVI consistently outperforms
it on fine-grained datasets and is competitive on
coarse-grained datasets, highlighting the benefit of
disentangling representations. Additionally, sim-
ilar to Xie et al. (2025b), we obtain comparable
zeroshot performance as the baseline; for details
refer to Appendix B.5.

Robust Retrieval. We additionally evaluate TEVI
for robust retrieval, using the RoCOCO (Park et al.,

Table 4: Retrieval comparison with SmartCLIP. TEVI out-
performs on fine-grained datasets and is competitive on coarse-
grained datasets. Full results in Appendix B.S8.

Model DOCCII—=T, T—1  Flickr30k I-T, T—I

R@]1 R@5 R@1 R@5 R@1 R@5 R@1 R@5
CLIP 204 424 72 17.0 59.7 83.7 425 70.3
+TEVI 24.2 48.7 8.6 20.0 64.2 85.7 44.8 72.1

SmartCLIP 21.8 45.0 7.5 17.8 61.0 85.1 45.3 72.8

2024) benchmark. This augments the caption set
of MS COCO (Lin et al., 2014) with perturbed cap-
tions containing irrelevant concepts that alter their
meaning, and should not be retrieved by the model.
Specifically, it contains four sets—‘Rand-voca’,
‘Danger’, ‘Same-concept’, and ‘Diff-concept’—
which replace words in the original caption with
alternatives based on the set. Following (Park et al.,
2024), we report (Tab. 3) the drop rate (percent-
age drop in retrieval after augmenting captions),
and Recall Score of Manipulated Samples (RSMS)
(fraction of data where a perturbed entity was re-
trieved on top). We find that TEVI provides consis-
tent improvements across these metrics on all data
splits. Additional results on other backbones are
provided in Appendix B.4.

6 Conclusion

In this work, we explored whether captions can
guide what information is preserved in CLIP image
embeddings, in order to improve cross-modal align-
ment. We proposed a framework, TEVI, to use text
as a signal to edit image embeddings, such that the
resultant edited embedding is better aligned with
the text. We first used a synthetic setup, where we
could explicitly control the information imbalance,
to show that text-conditioned editing preserves in-
formation described in the caption. We then ap-
plied TEVI to models trained on natural images
and showed its effectiveness for learning meaning-
ful and sparse masks that are selective of the con-
ditioning attributes. Finally, we showed that TEVI
helps improve retrieval, and complements existing
approaches such as AlignCLIP. On the whole, we
showed that decomposing embeddings into con-
cepts makes the information imbalance control-
lable.

44366



Limitations

While our proposed TEVI framework provides a
controllable setup that shows strong benefits for
a variety of CLIP models trained on CC12M, ex-
tending to large-scale models trained on billions of
data points remains a challenge, likely owing to the
complexity of training sufficiently large and diverse
SAEs. Nevertheless, our work intends to provide a
clear proof of concept. Scaling to models trained
on large-scale data would be a fruitful direction for
future research, and this might involve using state-
of-the-art SAEs and extracting concepts more gran-
ularly, such as at the image patch level. In addition,
our work relies on SAEs for disentanglement, and
is limited by its accuracy. Gains in some setups, €.g.
retrieval on benchmark data, remain comparable to
learning a mask directly without disentanglement
from SAEs, which could be a result of this. As
with all cross-modal conditioning-based methods,
TEVI also incurs an additional computational cost
as compared to standard retrieval. Exploring how
to extend TEVI to practical setups remains an in-
teresting direction for future research.
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A Controlled Synthetic Setup

More implementation details about the method on
the MAD dataset (Schrodi et al., 2025) is as fol-
lows. This is in addition to the details provided in
Sec. 3.3.

A.1 Implementation Details

Dataset. The MAD dataset (Schrodi et al., 2025)
is a synthetic dataset that consists of images
of digits with colors and morphological trans-
forms. Specifically, it consists of the following
attributes: ‘Digit’: {0,1,2,3,4,5,6,7,8,9}, ‘Thick-
thinning’: {thickening, thinning, no thickthinning},
‘Scaling’: {large, small}, ‘Fracture’: {fracture, no
fracture}, ‘Swelling’: {swelling, no swelling}, and
‘Color’: {gray, red, green, blue, cyan, magenta,
yellow}, which gives a total of 6 attribute cate-
gories and an aggregate of 26 attribute values. The
training dataset consists of 1.44 million images,
and the test data consists of 240,000 images. For
training CLIP models, captions are generated by
using the digit and a random sample of three out of
the remaining five attribute categories in the image,
placed in a random order with a ‘-’ separator.

CLIP models. Following (Schrodi et al.,
2025), we train the CLIP model using the
AdamW (Loshchilov and Hutter, 2019) optimizer
for 200 epochs with a batch size of 128 and a
weight decay of 0.1. We sweep over learning rates
of {107°,5 x 10™4,5 x 10~°} and pick the learn-
ing rate 5 x 10~* and the final checkpoint with
the lowest loss. We use the cosine annealing for
the learning rate. For finetuning the text encoder
along with the learnt mask, we sweep over learning
rates {1072,1073,107%,5 x 107*,1075,1076}
and pick the learning rate 10~5. Our code is based
on the implementation from OpenCLIP (Ilharco
et al., 2021) using PyTorch (Paszke et al., 2019).

SAE models. We use the TopK SAE implemen-
tation of (Gao et al., 2025). This particular type
of SAE chooses the top few (= K) SAE latents to
reconstruct the original CLIP embeddings and uses
an auxiliary loss that approximates the reconstruc-
tion error using the top few (=auxK) dead latents.
For our setup, we use K as 12, auxK as 18, af-
ter sweeping over these hyperparameters and we
train the SAE for 200 epochs. We choose the SAE
configuration using with the lowest reconstruction
error. We sweep over learning rates {107, 1072}
and expansion factor 1,2, 4 and pick 1072, 1 re-

spectively for both the SAEs used for CG-SAE and
TEVL

Learnt masks. We use a 3-layer MLP with a
hidden dimension of 256 and ReLU activations
between linear layers. This MLP predicts values
to mask the SAE latents. We sweep over learn-
ing rates 0.1, 0.01, and 0.001, and choose 0.01 as
the optimal learning rate. We train for 25 epochs
with 5 warmup epochs using the AdamW opti-
mizer (Loshchilov and Hutter, 2019).

A.2 Additional Results for Concept
Disentanglement with CG-SAE

In this section, we provide full results for concept
disentanglement from our CG-SAEs, as discussed
in Sec. 3.3. In Figs. A4 and AS, we show AUC
ROC plots for other attribute categories, to supple-
ment the results provided for the ‘Swelling’ cat-
egory in Fig. 3. In Figs. A2 and A3, we show
top activating images for each latent, expanding
on Fig. Al. Both quantitatively and qualitatively,
we find that our CG-SAE effectively disentangles
concepts and each latent activates highly only on
the attribute value assigned to it.

A.3 Additional Results for Effectiveness of
Conditioning

In this section, we provide additional results on our
method’s effectiveness of conditioning (Tabs. Al
and A2). Specifically, for robustness, we report
results averaged across five runs, and find that the
trends observed in Fig. 4 continue to hold.

Further, in Fig. A6, we report the retrieval or-
dering experiment of Fig. 5 for all three retrieval
directions, i.e. image — text, text — image and
image — image. We find that the rank-position
differences move in the expected direction in each
of the three settings.

Finally, in Fig. A7, we show qualitative exam-
ples for text — image retrieval, which expand on
the single example shown in Fig. 5 (right). For each
example, we show the top-8 retrieved images be-
fore and after conditioning, where the conditioned
attribute is marked with e and the control attribute
with m. In most examples, we find that conditioning
may keep the conditioned attribute in the retrieved
set while discarding the control attribute.
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Fig. Al: Qualitative examples of top activating images for the setup when the CG-SAE is trained with fixed
semantics of latents. Each row corresponds to an SAE latent and is labelled with the predefined concept that is assigned
to that latent (Sec. 3.2). The columns show examples of images that maximally activate these latents. We find that the
SAE learns to disentangle the CLIP image features into concepts as specified by the fixed weight of the latent.
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Fig. A2: Qualitative examples of top activating images for
all the digits of the CG-SAE latents. Each row corresponds
to a CG-SAE latent and is labelled with the predefined concept
that is assigned to that latent (Sec. 3.2). The columns show
examples of images that maximally activate these latents. We
find that the CG-SAE learns to disentangle the CLIP image
features into concepts as specified by the fixed weight of the
latent.
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Fig. A3: Qualitative examples of top activating images of
the remaining CG-SAE latents. Each row corresponds to
a CG-SAE latent and is labelled with the predefined concept
that is assigned to that latent (Sec. 3.2). The columns show
examples of images that maximally activate these latents. We
find that the CG-SAE learns to disentangle the CLIP image
features into concepts as specified by the fixed weight of the
latent.
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Fig. A4: Attribute specificity of CG-SAE latents for attribute categories ‘Thickthinning’, ‘Fracture’, ‘Scaling’, and
‘Color’. We plot the area under the receiver operating characteristic (ROC) curve (AUC) for CG-SAE latents corresponding to
the attribute values of each attribute category. We find that the latents are highly attribute-specific, with the AUC being close to 1
for the attribute the latent is assigned to, and 0.5 for unrelated attributes. For results for other attribute categories, see Fig. 3 and

Fig. A5.



Attribute Specificity of ‘Digit’ SAE Latents
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Fig. AS: Attribute specificity of CG-SAE latents for attribute category ‘Digit’. We plot the area under the receiver operating
characteristic (ROC) curve (AUC) for CG-SAE latents corresponding to each digit attribute. We find that the latents are fairly
attribute-specific, with the AUC being close to 1 for the attribute the latent is assigned to, and close to 0.5 for unrelated attributes.

For results for other attribute categories, see Fig. 3 and Fig. A4.
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Fig. A6: Conditioning reorders the retrieved set on MAD. We condition on one attribute (®) and use another as control (),
see top right. With a query containing both ® and ® and varying candidates, we expect A1 and Ag to fall towards zero and A to
grow, as the edited embedding should preserve ® and discard m. A denotes the difference in mean rank position between two
groups of candidates, where each rank is normalized between 0 and 1. The pattern holds in all three directions, for image — text,
text — image and image — image. All bars are the mean over five training seeds and the error bars are tshe standard deviation

over those seeds. See Fig. 5.
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Fig. A7: MAD text — image examples across the range of outcomes. Each block shows the top-8 retrieved images before and
after conditioning, for a different query caption and attribute pair. The circle marks the conditioned attribute and the square
the control, filled when the retrieved image matches the query on that attribute. Blocks are a mix, so that weaker cases appear
alongside strong ones. Fig. 5 shows one of these examples at full size.
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Table Al: Effectiveness of conditioning with CG-SAE for the MAD dataset. For each attribute category (rows), we report the
accuracy with the original embeddings (col. 1) and conditioned embeddings, where the attribute of that category is present in
the caption (col. 2) and is absent from the caption (col. 3), averaged over five runs. We see that when the attribute is present in
the caption, the accuracy is at par with the original embeddings. However, when the attribute is absent from the caption, the
accuracy reaches close to random chance (col. 4), which shows that conditioning is effective in only preserving information
about attributes present in the caption.

Original (1)  Attribute in Caption (1)  Attribute not in Caption = Random Chance
Thickthinning 92.9 978+ 1.3 354+£21 333
Swelling 96.2 96.6 + 6.8 50.2 £0.1 30.0
Fracture 92.8 97.5+3.0 50.5+£0.7 50.0
Scaling 99.7 99.9 £0.1 60.7 = 3.4 50.0
Color 100.0 100.0 £ 0.0 342+ 1.7 14.3

Table A2: Effectiveness of conditioning with TEVI for the MAD dataset. For each attribute category (rows), we report the
accuracy with the original embeddings (col. 1) and conditioned embeddings, where the attribute of that category is present in
the caption (col. 2) and is absent from the caption (col. 3), averaged over five runs. We see that when the attribute is present in
the caption, the accuracy is at par with the original embeddings. However, when the attribute is absent from the caption, the
accuracy reaches close to random chance (col. 4), which shows that conditioning is effective in only preserving information

about attributes present in the caption.

Original (1)  Attribute in Caption ()  Attribute not in Caption =~ Random Chance
Thickthinning 92.9 99.1 £ 0.7 543424 333
Swelling 96.2 98.3+0.2 57.0 +2.7 30.0
Fracture 92.8 93.54+0.9 59.1+1.5 50.0
Scaling 99.7 952 +2.7 57.1+£35 50.0
Color 100.0 963 £19 226+1.9 14.3

B Evaluation on CLIP Models Trained
with Natural Images

B.1 Implementation Details

In this section, we provide implementation details.

CLIP models. We train CLIP models using the
AdamW (Loshchilov and Hutter, 2019) optimizer
for 30 epochs with a batch size of 2048 and a
weight decay of 0.1. We sweep over learning rates
of {1073,5 x 107*} and pick the learning rate
1073 and the final checkpoint with the lowest loss.
We use cosine annealing for the learning rate. For
fine-tuning the text encoder along with training
the masking module, we sweep over learning rates
{107%,107°,107%}. Our code is based on the im-
plementation from OpenCLIP (Ilharco et al., 2021;
Eslami and de Melo, 2025) using PyTorch (Paszke
etal., 2019).

SAE models. We use the TopK SAE implemen-
tation of (Gao et al., 2025). This particular type
of SAE chooses the top few (= K) SAE latents to
reconstruct the original CLIP embeddings and uses
an auxiliary loss that approximates the reconstruc-
tion error using the top few (=auxK) dead latents.
For our setup, we vary the sparsity (K) value across
values {64, 128,256} and choose K = 128, which
yields the most monosemantic dictionary; we ab-
late this choice in Fig. B1. We use auxK as 256,
after sweeping over these hyperparameters and we
train the SAE for 50 epochs. We sweep over learn-

ing rates {1073,5x1073,107%,5x 104}, and use
an expansion factor of 32 for ViT-B/16 backbones
and 16 for ViT-L/14 backbones. For the learning
rate and expansion factor, we discard configura-
tions with a high reconstruction error or a large
number of dead latents, and among the remain-
ing ones we select the configuration with the best
monosemanticity score. We calculate the monose-
manticity score following (Pach et al., 2025).

Learnt masks. We use a 3-layer MLP and
ReLU activations between linear layers. This
MLP predicts values to mask the SAE latents.
We sweep over learning rates {10~4, 1075, 1076},
We train for 3 epochs using the AdamW opti-
mizer (Loshchilov and Hutter, 2019).

Baselines. For the results on SharedCLIP and
AlignCLIP in Tabs. 2 and B1, we take the check-
points given by the authors (Eslami and de Melo,
2025) and apply TEVI on them. Note that these
checkpoints were trained with a batch size of 512,
and in contrast we train our own CLIP models with
a batch size of 2048. As a result, the performance
of AlignCLIP/SharedCLIP versus our CLIP mod-
els cannot be directly compared.

Compute usage. We used H100 and A100 GPUs
for training the CLIP models on CC12M, training
the SAEs, and the masking module. The maximum
number of GPU hours needed for training the CLIP
model is upper bounded by 18 hours, and for train-
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Fig. B1: Choosing the SAE sparsity K for CLIP ViT-B/16
on CC12M. Left: SAE loss vs K plot. Right: Monosemantic-
ity score vs K.

ing the masking module is upper bounded by 15
hours.

Robust retrieval. Following (Park et al., 2024),
in Tab. 3, we report the drop rate and the RSMS
metric in addition to the retrieval metrics. Drop
rate is calculated as (R@IR*%@I), where Rp is the
retrieval score under the perturbed setting. RSMS
calculates the percentage of newly added seman-
tically perturbed captions that are retrieved in the
first spot by the model. We note that, due to that
use of SAE to decompose CLIP image features
into concepts, our method is unable to work with
altered images as given by the benchmark, where
the original image is superimposed with a random
patch from a different image. As a result, we only
report image-to-text retrieval performance in Tab. 3.

B.2 Full Retrieval Results

We report the full retrieval results here. Tab. B2
reports fine-grained, long-caption retrieval on
DOCCI (Onoe et al., 2024) and IIW (Garg et al.,
2024), and Tab. B3 reports coarse-grained, short-
caption retrieval on MSCOCO (Lin et al., 2014)
and Flickr30k (Plummer et al., 2015). For the fine-
grained retrieval results using re-ranking, refer to
Tab. 2 of the main paper. The corresponding coarse-
grained results are reported in Tab. B1.

B.3 Baseline Comparisons

TEVI involves training a masking module for a
small number of extra epochs while also fine-tuning
the text encoder. For a fairer comparison account-
ing for this extra training budget, we report in
Tabs. B4 and B5 the performance of CLIP models
where the text encoder is fine-tuned for the same
number of extra epochs. Similarly we also add the
ablation of training the masking module on random
SAE. We find that TEVI shows improved retrieval
performance across datasets.

B.4 Additional Results on RoCOCO

In addition to the robust retrieval results provided
in Tab. 3 on the CLIP ViT-B/16 backbone, here we
provide additional results comparing TEVI against
SigLIP and AlignCLIP.

B.5 Zeroshot Classification Results

Similar to SmartCLIP (Tab. 3 in Xie et al., 2025b),
we find (Tab. B7) that the zeroshot classification
performance is comparable to the baseline, pos-
sibly since zeroshot does not use long captions
with multiple attributes, unlike retrieval. Since our
method is post hoc, one can achieve the best of both
worlds by using the original CLIP embeddings for
zeroshot classification.

B.6 Ablation without Negative Conditioning

Asnotedin Sec. 5.1, we use Eq. (11) when applying
TEVI on CLIP models trained with CC12M, to ad-
ditionally provide conditioning signal on negative
captions. In Tabs. B8 and B9, we empirically vali-
date this by performing an ablation study against
models trained without negative conditioning, i.e.
using Eq. (10), and find that the performance de-
grades significantly.

B.7 Cross-modal Alignment

Similar to Fig. B2, Figs. B3 and B4 show cross-
modal alignment for SharedCLIP and AlignCLIP
across four downstream datasets before and after
applying TEVI, and find that it similarly improves
alignment.

B.8 Comparison against SmartCLIP

In Tabs. B10 and B11, we compare our approach
against SmartCLIP (Xie et al., 2025b), applied on
the same CLIP models trained on CC12M. We see
that TEVI performs comparably on MS COCO
and Flickr30k and outperforms on the fine-grained
DOCCI and IIW datasets, possibly due to explicit
disentanglement from SAEs.

Additional mask analysis. We provide the full
results for the mask analysis of Sec. 5.2. Table B12
reports the mask sparsity, Tab. B13 reports the
latent ablations in both retrieval directions, and
Tab. B14 repeats the conditioning test of Fig. 6 for
image-to-image retrieval, where the gallery con-
sists of the other images instead of the captions.
We find that TEVI still removes the control ob-
ject, but neither arm promotes the conditioned ob-
ject, which makes this the weaker of the two di-
rections. We find that out of K=128 dimensions,
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Table B1: Coarse-grained, short-caption retrieval on MSCOCO and Flickr30k. All the models are trained on CC12M
dataset. We report R@1 and R@35 for both image-to-text and text-to-image retrieval. For TEVI and No-SAE, we use re-ranking,
and report mean = std over 5 random seeds. We see that TEVI improves retrieval performance across models and datasets.

COCO (Lin et al., 2014)

Flickr30k (Plummer et al., 2015)

Model I-T T—1 I-T T—1

R@1 R@5 R@1 R@5 R@1 R@5 R@1 R@5

CLIP ViT-B/16 32.98 59.02 21.38 45.30 59.66 83.73 42.47 70.34
No SAE 36.26 +037 62.09 +o018 23.59 +0.12 47.31 4009 63.06 +040 85.25 +027 45.00 +0.14 72.02 +o0.15
TEVI 36.25 +023 61.98 +0.18 23.48 +004 47.43 +005 64.22 +037 85.17 +0.11 44.79 +013 71.74 +o.17

CLIP ViT-L/14 36.52 62.50 23.85 48.42 63.71 86.49 46.51 72.84
TEVI 38.41 +024 64.27 +016 24.98 +0.10 49.75 4015 65.92 +043 87.46 +034 47.92 010 74.54 +0.08

SigLIP ViT-B/16 33.88 60.30 22.06 46.21 62.23 85.40 44.69 70.61
TEVI 37.22 +034 62.48 4014 22.53 +006 47.67 +002 64.48 +040 87.08 +021 43.96 +023 71.75 +0.08

SharedCLIP ViT-B/16 32.62 58.88 21.54 44.81 60.75 84.22 43.31 69.53
TEVI 34.80 +0.13 60.79 +014 22.15+0.11 46.56 +0.13 60.87 +061 85.50 +042 44.17 016 71.22 +025

AlignCLIP ViT-B/16 32.70 58.92 21.79 44.55 57.50 82.35 41.91 70.02
TEVI 35.53 +013 61.56 +020 21.63 +0.16 45.70+0.13 61.56 +055 83.85 +032 42.85 +044 71.21 +032

Table B2: Full retrieval results: Fine-grained, long-caption retrieval on DOCCI and IIW. All the models are trained on
CCI12M dataset. We report R@1 and R@5 for both image-to-text and text-to-image retrieval. For TEVI we report mean =+ std

over 5 random seeds. We see that TEVI improves retrieval performance across models and datasets.

DOCCI (Onoe et al., 2024)

IIW (Garg et al., 2024)

Model 1—-T T—1 I1—-T T—1

R@l R@5 R@l R@5 R@l R@5 R@l R@5

CLIP ViT-B/16 20.38 42.36 7.17 16.96 50.98 77.94 16.88 32.66
No SAE 24.03+0.24 47.954+0.29 8.60 £ 0.07 20.18+0.09 56.80+0.82  79.74+£0.50 19.15+0.13 36.62+0.38
TEVI 24.05+0.21  48.48+0.14 8.47 £ 0.07 19.96+0.06 55.75+0.35 81.0540.59 19.14+0.14 36.36+0.10

CLIP ViT-L/14 23.60 46.68 8.21 18.70 53.92 81.37 18.05 35.59
TEVI 26.63+0.35 51.55+0.28 9.30 £ 0.07 21.69+0.04 58.89+0.59 84.67+0.78 19.69+0.08 37.86+0.05

SigLIP ViT-B/16 20.68 41.84 7.41 17.17 48.20 76.14 16.94 33.08
TEVI 24.594+0.14 48.50+0.20 8.51 £ 0.06 20.09+0.05 57.68+0.74 81.18+0.45 18.96+0.13 36.81+0.14

SharedCLIP 19.02 41.06 7.16 17.52 51.14 79.08 17.10 33.78
TEVI 22.284+0.32 45.51+0.29 7.90 + 0.04 18.65+0.07 57.2240.61 82.16+0.61 17.97+0.13 34.7740.21

AlignCLIP ViT-B/16 20.32 41.88 7.39 17.43 53.92 82.03 17.46 34.27
TEVI 22.94+0.25 47.18+0.45 8.28 £0.12 19.61+0.15 58.59+0.55 84.48+0.95 19.50+0.29 36.3740.32

Table B3: Full retrieval results: Coarse-grained, short-caption retrieval on MSCOCO and Flickr30k. All the models are
trained on CC12M dataset. We report R@1 and R@5 for both image-to-text and text-to-image retrieval. For TEVI and No-SAE
we report mean =+ std over 5 random seeds. We see that TEVI improves retrieval performance across models and datasets.

COCO (Lin et al., 2014)

Flickr30k (Plummer et al., 2015)

Model 1—-T T—1 1—-T T—1

R@l R@5 R@1 R@5 R@l R@5 R@l R@5

CLIP ViT-B/16 32.98 59.02 21.38 45.30 59.66 83.73 42.47 70.34
No SAE 35.79+0.34  62.29+0.25 23.50+0.14 47.37+0.27 63.57+0.59 85.33+0.20 44.924+0.17 72.67+0.25
TEVI 35.52+0.23 62.05+0.18 23.27+0.09 47.17+0.09 64.54+0.64 85.33+0.26 44.77+0.11 71.98+£0.12

CLIP ViT-L/14 36.52 62.50 23.85 48.42 63.71 86.49 46.51 72.84
TEVI 38.08+0.23 64.24+0.10 24.85+0.12 49.70+0.26 65.27+0.45 87.75+0.28 47.794+0.10 74.544+0.14

SigLIP ViT-B/16 33.88 60.30 22.06 46.21 62.23 85.40 44.69 70.61
TEVI 35.93+0.25 61.41+0.27 22.32+0.06 46.66+0.10 63.10+0.25 85.86+0.28 43.75+0.22 71.5440.11

SharedCLIP 32.62 58.88 21.54 44.81 60.75 84.22 43.31 69.53
TEVI 34.06+0.15 60.10+0.16 21.92+0.14 45.78+0.11 59.714+0.89 83.77+0.51 43.98+0.20 70.81+0.30

AlignCLIP ViT-B/16 32.70 58.92 21.79 44.55 57.50 82.35 41.91 70.02
TEVI 34.34+0.24 60.22+0.16  21.184+0.19 44.124+0.32 60.53+0.50 83.594+0.09 42.344+0.50 70.18+0.34

Table B4: Coarse-grained retrieval performance on MSCOCO (Lin et al., 2014) and Flickr30k (Plummer et al., 2015)
as compared to fine-tuning CLIP. All the models are trained on CC12M dataset. We report R@1, R@5 and R@10 for both
image-to-text and text-to-image retrieval. We see that TEVI improves retrieval performance across models and datasets in
comparison to baseline finetuning and random SAE variation as well.

MS COCO (Lin et al., 2014) Flickr30k (Plummer et al., 2015)

Model I—-T T—1 I—-T T—1
R@l R@5 R@10 R@] R@5 R@10 R@1 R@5 R@I0 R@l R@5 R@I10
CLIP ViT-B/16 3298 59.02 70.04 2138 4530 57.03 59.66 83.73 90.14 4246 70.33 79.31
TEVI 3566 61.82 7294 2312 47.03 58.67 64.20 8570 91.12 4475 72.10 81.22
Random SAE 3136 56.24 68.04 18.12 40.09 51.87 56.71 8136 8836 37.65 65.09 75.80
Fine-tuned 3560 60.78 71.62 2250 4640 58.13 63.21 86.29 9093 44.12 7150 80.47

the mask preserves a small number with high value.
Interestingly, fine-grained datasets (DOCCI, IIW)
have more latents preserved as compared to coarse-
grained ones (COCO, Flickr), which could be at-
tributed to them having more attributes per cap-

tion. We also report the coefficient of variation of
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mask values, computed per image. A uniform mask
would simply scale the embedding, and so the high
coefficient of variation (~0.4) shows that the mask
is selective, actively changing the representation’s
direction based on the text.



Table BS: Fine-grained retrieval performance on DOCCI (Onoe et al., 2024) and IIW (Garg et al., 2024) as compared to
fine-tuning CLIP. All the models are trained on CC12M dataset. We report R@ 1, R@5 and R@ 10 for both image-to-text and
text-to-image retrieval. We see that TEVI improves retrieval performance across models and datasets in comparison to baseline
finetuning and random SAE variation as well.

DOCCI (Onoe et al., 2024) IIW (Garg et al., 2024)

Model I1—-T T—1 I1—-T T—1
R@l R@5 R@I0 R@lI R@5 R@I0 R@1 R@5 R@10 R@1 R@5 R@I10
CLIP ViT-B/16 20.38 4236 5352  7.16 1696 2286 5098 7794 88.89 16.88 32.66 41.46
TEVI 2420 48.68 60.06 8.55 1998 26.80 55.72 81.21 88.72 19.37 36.44 45.47
Random SAE 2130 4354 5452 6.82 1697 2333 5474 7794 86.11 17.01 34.11 43.02
Fine-tuned 23.54 4648 5692 7.79 18.57 25.00 53.10 80.56 8823 1834 3599 4520

Table B6: Robust retrieval performance of TEVI on the RoCOCO benchmark (Park et al., 2024). We find that TEVI
improves performance over the baseline across settings.

Model COCO Rand-voca Same-concept Diff-concept Danger
R@1 R@1 droprate RSMS R@I1 droprate RSMS R@1 droprate RSMS R@I1 droprate RSMS
1) ) @ M ) @ M () ) ) )
SigLIP 33.66 2198 11.68 44.16 2238 11.28 42.12 22.66 11.00 41.84 2498  8.68 31.96
TEVI 36.46 2632 10.14 33.58 26.14 10.32 3590 27.06 9.40 32.74 29.14 7.32 24.28
AlignCLIP 32.86 2146 11.40 43.66 22.72 10.14 4096 2194 10.92 4120 2344 942 37.52
TEVI 3470 2232 12.38 4370 2258 12.12 44.16 22.74 11.96 4448 2548 9.22 35.20

Table B7: Zeroshot performance across benchmarks. We evaluate on ImageNet-V2 (Recht et al., 2019), ImageNet-
Sketch (Wang et al., 2019), ImageNet-A (Hendrycks et al., 2021b), ImageNet-O (Hendrycks et al., 2021b), ImageNet-
R (Hendrycks et al., 2021a), and CIFAR-100 (Krizhevsky, 2009).

Model IMN V2  Sketch -A -0 -R CIF100
CLIP ViT-B/16 29.24 2193 7.64 2620 42.69  28.07
+TEVI 28.60 2193 742 2590 4276  30.66

Table B8: Coarse-grained retrieval performance of CLIP ViT-B/16 when we do not use the negative conditioning on
MSCOCO (Lin et al., 2014) and Flickr30k (Plummer et al., 2015). All the models are trained on CC12M dataset. We report
R@]1, R@5 and R@10 for image-to-text and text-to-image retrieval.

MS COCO (Lin et al., 2014) Flickr30k (Plummer et al., 2015)

Model I1I-T T—1 I—-T T—1
R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10 R@l1 R@5 R@10
CLIP ViT-B/16 3298 59.02 70.04 2138 4530 57.03 59.66 83.73 90.14 4246 7033 79.31
No neg. 10.28 26.24 36.48 9.65 2377 32.84 26.04 53.65 63.81 2247 46.07 56.82

Table B9: Fine-grained retrieval performance of CLIP ViT-B/16 when we do not use the negative conditioning on DOCCI
(Onoe et al., 2024) and IIW (Garg et al., 2024). All the models are trained on CC12M dataset. We report R@1, R@5 and
R@10 for image-to-text and text-to-image retrieval.

DOCCI (Onoe et al., 2024)

IIW (Garg et al., 2024)

Model I—-T T—1 I1—-T T—1
R@1 R@5 R@I10 R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@I10

CLIP ViT-B/16  20.38 42.36 5352 7.16 1696 22.86 5098 77.94 88.89 16.88 32.66 41.46

No neg. 5.54 14.50 20.88 3.07 8.29 1190 17.65 3856 52.12 7.80 19.44  26.82
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Fig. B2: Cross-modal alignment across datasets using CLIP ViT-B/16. We find that the alignment between image-text pairs

increases after applying TEVI.
B.9 Additional Qualitative Examples

We provide additional randomly sampled qualita-
tive examples in Fig. B6. For each of the four
datasets (DOCCI, IIW, Flickr30k, MS COCO), we
provide examples of instances both where TEVI
retrieves correctly and the baseline does not, and

vice-versa. Note that some of the retrieved captions
(e.g. by the baseline model for the first MS COCO
example) appear correct but do not match the im-
age as per the dataset, which shows the challenging
nature of the benchmarks. We show additional
examples in Fig. BS, similar to Fig. 6.
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Fig. B3: Cross-modal alignment with SharedCLIP on (1) MSCOCO (Lin et al., 2014), (2) Flickr30k (Plummer et al., 2015),
(3) DOCCI (Onoe et al., 2024), (4) IIW (Garg et al., 2024). The alignment is measured by the cosine similarity between the
positive image-text pairs, and the y-axis denotes the number of data points for each alignment score. We see the distribution after

applying TEVI (blue) shifts to the right as compared to the baseline ( ), showing improved alignment.
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Fig. B4: Cross-modal alignment with AlignCLIP on (1) MSCOCO (Lin et al., 2014), (2) Flickr30k (Plummer et al., 2015),
(3) DOCCI (Onoe et al., 2024), (4) IIW (Garg et al., 2024). The alignment is measured by the cosine similarity between the
positive image-text pairs, and the y-axis denotes the number of data points for each alignment score. We see the distribution after
applying TEVI (blue) shifts to the right as compared to the baseline ( ), showing improved alignment.

Table B10: Fine-grained retrieval performance on DOCCI (Onoe et al., 2024) and IIW (Garg et al., 2024) as compared
to SmartCLIP. All the models are trained on CC12M dataset. We report R@1, R@5 and R@10 for both image-to-text and
text-to-image retrieval.

DOCCI (Onoe et al., 2024) IIW (Garg et al., 2024)
I—-T T—1 I—-T T—1
R@1 R@5 R@10 R@l1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@I10

CLIP ViT-B/16 2038 4236 5352 7.16 1696 22.86 5098 7794 88.89 16.88 32.66 41.46
SmartCLIP 21.76  45.04 55.64 747 17.83 2380 5474 8235 89.05 17.62 3390 42.15
TEVI 2420 48.68 60.06 8.55 1998 26.80 55.72 8121 88.72 19.37 36.44 4547

Model

Table B11: Coarse-grained retrieval performance on MSCOCO (Lin et al., 2014) and Flickr30k (Plummer et al., 2015) as
compared to SmartCLIP. All the models are trained on CC12M dataset. We report R@1, R@5 and R@10 for both image-to-text
and text-to-image retrieval.

MS COCO (Lin et al., 2014) Flickr30k (Plummer et al., 2015)
Model I—-T T—1 I—-T T—1
R@1 R@5 R@10 R@l1 R@5 R@I10 R@1 R@5 R@10 R@1 R@5 R@I10

CLIP ViT-B/16 3298 59.02 70.04 2138 4530 57.03 59.66 8373 90.14 4246 7033 79.31
SmartCLIP 3554 6198 7290 23.89 4824 5993 61.05 8511 91.32 4529 7278 81.24

TEVI 35.66 61.82 7294 23.12 47.03 58.67 6420 8570 91.12 4475 72.10 81.22

Table B12: Mask sparsity. Active latents retained and coeffi- Table B14: Conditioning helps image-to-image retrieval on
cient of variation of the learned mask. MS COCO.
Split active latents kept coeff. of variation A Classes
MS COCO 8.15 +424 0.456 +0.062 Exp. Orig. no-SAE TEVI no-SAE TEVI
Flickr30k 8.74 +4.98 0.429 +0.060 Ar | 0101 0102 0086 30/61 5261
DOCCI 11.26 +6.88 0.423 +0.070
W 12.01 +731 0.417 +0.066 Ay 1T 0.067 0.065 0.081 29/61 45/61

. - . i As | 0212 0.206 0.202 51/61 50/61

Table B13: Ablating mask latents by ranking.

Direction m top random bottom

32 8.62 15.58 22.94
I—-T(24200 64 0.80 7.24 16.64
128 0.02  0.02 0.02

32 4.76 6.00 8.30
T—I1@855 64 211 3.75 7.22
128 0.01 0.01 0.01
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Fig. B5: Conditioning helps retrieval on MS COCO captions given by attributes. We show additional examples here. Fig. 6
shows one example at full size.
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Only TEVI correct

Only Original correct

Only TEVI correct

Only Original correct

Original

The ramp of the utility trailer is black
and has mesh over the thick black
supports

A close up view of a limestone cave
wall that extends up to a dark opening
in the top right corner of the image

An outside overhead view of three
sport balls

A side view of a white crayfish on top
of a dark gray piece of a fossilized
branch in an aquarium

A vertical teal neon light is visible
behind the cards

(a) DOCCI

Original

A man at the beach holding a pail,
standing next to a child.

Young adults dressed casually walk
around in a field

A mother and her sons look at an
information kiosk.

A group of children sitting in chairs
with monitors over them.

(c) Flickr30k

TEVI

A side view of a black Diamond T
utility trailer placed on the side of a
road next to a park with trees

To the left of the black-and-white
picture, there is a brown wall that is
part of the cave and runs vertically

An outdoor top-down view of 2 white
soccer balls sitting on a lawn of grass,
The balls have a pentagon pattern all
around, a blue and white design, some
faded black marks, and the word
"SELECT" at the center

The tail fin of another white-tipped
re-shark is visible in the upper right
corner between the middle and right
large rocks

The blue light is surrounding the inner
border of the square

TEVI

Man and boy play with dog at sunset
on a beach.

Four people in a sandy area holding
black trash bags.

A little girl donates to the Salvation
Army near a storefront with white,
plastic containers.

A brown and white dog is running
down a ramp.

A large group of computer gamers are
arranged in a row while playing games.

Only TEVI correct

Only Original correct

Only TEVI correct

Only Original correct

Deliciously

BIG
RED

Oifferent!

Original

A yellow label with blue border is
affixed to the side of the container
with illegible writing

These ornaments flank a vibrant red
sign prominently displaying the
whimsical message (INO
Humbugging | written in an elegant
silver cursive font, accompanied by
decorative silver snowflakes scattered
around the text

Shadows cover the statue

A vertically-oriented overhead image
shows an orange and black Monarch
butterfly next to a small, downy, white
feather on green and tan grass

Centrally featured is the iconic black
Apple logo, partially overlaid with a
colorful Google logo sticker

(b) IW

Original

A young man playing out side with a
disc.

a building and some signs and street
light and phone lines

A red car on street with utility vehicles
in background.

some windows a fireplace books tables
and a couch

An orange bowl filled with lots of
noodles and beef.

(d) MS COCO

TEVI

The stamp commemorates the 6th
World Festival of Youth and Students,
Moscow, 1957

A close-up shot presents a round red
wooden disk on which the words " BIG
RED" are vertically stacked in the
center in a large white all-caps serif
font, with the scripted word

" Deliciously" above those words in
white and the word " Different!” below
those words in white, all on a brown
plank background

The figure is seen mostly in silhouette
due to the lighting, and few details
can be made out beyond its pose

On the ground and behind the bird,
dirt covers the ground, littered with
pebbles and twigs

In the center of the quadrants is a
map of the racetrack with colored
circles to indicate the positions of the
characters

TEVI

A guy gets ready to throw a Frisbee
during a game.

a black and white photo of a street
signs and buildings

Three similar cars are stopped at
traffic lights.

A living room with windows, chairs,
table, lamps, and a person sitting in a
chair with a walker beside it

A bowl of Asian Cuisine with beef,
noodles and broccoli.

Fig. B6: Additional qualitative examples. For each dataset, we show examples of both instances where TEVI retrieves correctly
when the baseline does not, and vice-versa. All examples are sampled randomly.
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C Broader Impact

The use of vision-language models for multimodal
tasks is widespread, from tasks like image retrieval
to visual question answering to image generation.
This makes it increasingly important that such mod-
els work reliably. Lack of proper semantic align-
ment can lead to biased outputs (Liang et al., 2022)
or poor robustness to distribution shifts (Eslami and
de Melo, 2025). Improved visual-textual alignment
can enhance downstream performance of such mod-
els and help alleviate the above mentioned draw-
backs. Our work is fundamental research on ad-
dressing vision-language alignment and deals with
relatively small-scale models, and therefore has

low direct risk. However, like many multimodal
frameworks, our methods could be co-opted for
malicious purposes if deployed without safeguards.

D Licenses of Artifacts Used

We adhere to the licenses provided by the artifacts
we use in our work. OpenCLIP and RoCOCO are
provided under the MIT license; SharedCLIP and
AlignCLIP are released under the CC-BY-NC-ND-
4.0 license; DOCCI, MS COCO, IIW are under
the CC-BY-4.0 license; and SmartCLIP is released
under the Apache 2.0 license. Flickr30k permits
use for non-commercial research purposes. Our
usage of all artifacts are in accordance with their
allowed and intended use.
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