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Fig. 1. LMask-Edit: Editing image embeddings by conditioning on text. Left: An overview of our approach. We train a conditioning
module that learns to edit embeddings from the CLIP vision encoder conditioned on a text, improving cross-modal alignment. For details,
see Fig. 2. Right: LMask-Edit helps improve cross-modal alignment as well as downstream retrieval performance. We report mean
performance across datasets, for full results see Tab. 1 and Secs. C.3 and C.5.

Abstract

Vision-language models such as CLIP are highly useful
for diverse tasks due to their shared image-text embedding
space. Despite this, they often suffer from a modality gap
where image and text embeddings are poorly aligned, af-
fecting downstream performance. Recent work has shown
that the modality gap can be attributed to an information
imbalance between the two modalities. In this work, we
propose LMask-Edit, a framework that explicitly models the
information imbalance and addresses it by editing image
embeddings conditioned on text. Specifically, we use sparse
autoencoders to disentangle image embeddings and train
a masking module to selectively reconstruct the embedding
based on the text conditioning. Using a controlled setup, we
show that LMask-Edit is effective at conditioning and im-
proves cross-modal alignment. By applying LMask-Edit to
CLIP models trained on natural images, we further achieve
improved retrieval performance across coarse (MS COCO,
Flickr) and fine-grained (IIW, DOCCI) benchmarks, as well
robust retrieval on the RoCOCO benchmark, demonstrating
its promise for improving learned representations.

“Equal contribution.

1. Introduction

Vision-language models such as the CLIP family [12, 26,
34, 39] are trained using a contrastive loss to align images
and text to a shared embedding space. Such models have
shown impressive performance on a variety of tasks such as
zero-/few-shot classification and cross-modal retrieval, and
help encode images for text-to-image diffusion models [30]
and large multimodal models (LMMs) [17]. However, the
learnt embedding space suffers from a modality gap [15]—
despite being trained for alignment, image and text embed-
dings lie in different regions of the embedding space, often
leading to poor downstream performance [7, 15, 31].

Recent work [31] hypothesizes that this is caused by an
information imbalance—the fact that images contain more
information than their corresponding captions, which forces
models to push their embeddings apart when minimizing
the training loss—and shows evidence for this hypothe-
sis via controlled experiments. Motivated by this, to re-
duce the imbalance, we propose to modify CLIP image
embeddings to only capture what is described by its cor-
responding text. To do this, we use sparse autoencoders
(SAEs) [1, 4] to decompose image embeddings into con-
stituent concepts, and train a conditioning module that se-
lects SAE latents to be used for reconstruction based on
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Fig. 2. Our proposed LMask-Edit for obtaining text-

conditioned image embeddings. We train a TopK SAE [9] over
CLIP image embeddings, and then use an MLP trained using the
InfoNCE loss to learn a mask over the SAE latents to obtain con-
ditioned image embeddings. For details, see Secs. 3 and 4.

text conditioning. We show that our proposed approach,

LMask-Edit (Fig. 1, left), can preserve attributes present

in the text while discarding information about other at-

tributes, and improve cross-modal alignment without losing

performance. We then apply LMask-Edit to CLIP [12, 26],

SigLIP [39], and AlignCLIP [7] models trained on natural

images, and show that it improves (Fig. 1, right) image-

to-text and text-to-image retrieval performance, both for
coarse-grained (MS COCO [16], Flickr [25]) and fine-
grained retrieval (DOCCI [21], ITW [10]). Using the Ro-

COCO [23] benchmark, we also show that LMask-Edit

leads to strong gains in robust retrieval. In summary, our

contributions are:

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

* LMask-Edit, a framework to enhance cross-modal align-
ment via SAEs by directly controlling the information im-
balance in a post hoc manner, by learning to edit image
embeddings conditioned on text.

We use CG-SAEs to a show a proof-of-concept of our ap-

proach through controlled experiments on MAD [31], and

show that LMask-Edit leads to improved retrieval, robust
retrieval, and cross-modal alignment across diverse real-

world datasets. We discuss related work in Sec. A.

2. Using SAE:s to edit representations

In this section, we motivate our text-conditioned image edit-
ing approach. We then present LMask-Edit in Sec. 3.

CLIP [26]. Let D = {(v;,t;)}; be a paired dataset of
images v; and their corresponding texts ¢;. A CLIP model
M = (f,, fi) consists of a vision and text encoder respec-
tively which provide corresponding embeddings (£,.;, €4,¢)s
ie. ey = fo(vi) € RYand e ; = fi(t;) € R The model
is then trained with a contrastive InfoNCE loss [22]:

N
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where m denotes the opposite modality (v = ¢, t = v),
T is a learnable temperature and & = m Eq. (1) pulls
embeddings of corresponding (positive) image-text pairs
(€v,is€t,:) close to each other and pushes embeddings of
other (negative) image-text pairs (¢, ;,€¢;),% 7 j away to
learn a shared semantic embedding space.

Sparse autoencoders [1, 9] consist of a linear encoder
Wg € R¥ % and alinear decoder Wp € R%*? where typ-
ically d; >> d. The encoder maps an input x € R< to latents
z = ReLU(WZ (z — bpre) + bg), where byre € RE b €
R? are learnt biases and z is a sparse disentangled con-
cept representation of x. The decoder then reconstructs z
using z, i.e. T = Wgz + bpre. The SAE is trained with
a combination of a Lo reconstruction loss and a sparsity
loss LsaE = Lrecon + AsagLsparse; Where Asag is a hyper-
parameter. Specifically, we use the TopK SAE [9] where,
for sparsity, we select the top K activated latents in z for
hyperparameter K.

Next, we use disentangled SAE latents to improve
image-text alignment, by only preserving information in
image that is present in a conditioned text. We validate this
by controlled tests which we describe in Sec. 2.1.

2.1. Controlled setup for representation editing

To understand whether subselecting SAE latents before re-
construction can effectively edit embeddings, we construct
a controlled setup using synthetic data with known at-
tributes, where we induce each SAE latent to represent a
predefined attribute. In contrast 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' = {c¢;}5_, be a
set of text concepts, and let (Wg, Wp) be an SAE to be
trained on image embeddings of CLIP. Then, for an em-
bedding €, ;, z; = TopK(ReLU(WZ (g4.i — bpre) + br)).
where z; = [zi,T}fflzl such that elements in z; outside the
top K elements are zeros.

Recent work [29] showed that latents 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 ., ie. ¢ =
arg max; cos(Wp ,;c;) . Inspired by this, for our condi-
tioning, we propose the opposite—given C, we fix the rows
of the decoder weights Wp to be text embeddings of con-
cepts ¢; € C,ie. Wp, = &, where 1 < r < S and
d; = S, and then only train the SAE encoder.

Once trained, given an attribute set C4 = {c,} C C, we
select latents not present in the text, i.e. cC=C \ C'4 and set
their activations to zero, i.e. 2|, = [Zp]zp,cq,:ﬁ’ Vey € C.

The edited image embedding of an image v, conditioned
on text ¢, is then given by €, ;4. where €, ,1; = Wgzmq +
bpre - We evaluate the following: (R1) if each CG-SAE la-
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Fig. 3. Qualitative examples of top activating images when CG-
SAE is trained with fixed latents.

tent indeed encodes the concept assigned to it, and (R2) if
masking out specific attributes removes information about
that attribute from the reconstructed embedding from the
SAE.

Experimental setup. We use the synthetic MAD
dataset [31], which consists of MNIST digits with colors
and morphological transforms. Every image is character-
ized 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 ex-
ample, the ‘thickthinning’ attribute for an image could be
‘thickening’, ‘thinning’ or ‘nothickthinning’, depending on
the transform applied to the image. For each image, we
create captions that contain the digit and three randomly se-
lected attributes out of the remaining five to simulate infor-
mation imbalance, and we train small CLIP models [12, 26]
following [31]. Then, we train a TopK SAE [9] on CLIP
image embeddings with a latent dimension of 26 (equal to
the number of attributes for the dataset), with each of its de-
coder weights assigned as the normalized text embedding
of one of the attribute values. See Sec. B.1 for details.

Concept disentanglement (R1). We evaluate if our CG-
SAE learns to disentangle image embeddings into the fixed
set of predefined concepts C. We show qualitative examples
of top activating images for a selection of latents in Fig. 3,
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. We
provide a quantitative evaluation in Sec. B.2.

Editing image representations (R2). We evaluate if
masking latents corresponding to a single attribute dis-
cards information about that attribute from the recon-
structed representations. To do this, we pick a single
attribute ‘thickthinning’, and set the three latents cor-
responding to it (‘thickening’, ‘thinning’, ‘nothickthin-
ning’) to zero. We then perform classification on all
six attributes using the cosine similarity with the text
embeddings for attribute-specific classes. For example,
for ‘Thickthinning’, given an edited embedding €, 4
Predmickthinning argmaxcos(5v7p|q;st,j) where t; €
{thickening, thinning, nothickthinning}. We find (Fig. 5)
that the classification accuracy drops to near random chance
while that of all other attributes remains close to that with
the original embedding. This shows that our conditioning
can be an effective way to remove information present in
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Fig. 4. Vision-language alignment. Improved Pairwise image-
text similarities between positive pairs after applying LMask-Edit.
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Fig. 5. Accuracy after ablating a single latent. We find that the
the accuracy for ‘Thickthinning’ drops to random chance (dotted
line) with our edited image embeddings (right group), while the
other attributes continue to maintain high accuracy. See Sec. 2

the image embeddings that is not in the text. We further
evaluate the pairwise image-text cosine similarities between
positive image-text pairs before and after conditioning in
Fig. 4, and find that the alignment increases significantly.

3. LMask-Edit: learning to mask latents based
on conditioned text

A predefined set of concepts as used in Sec. 2.1 is typically
not available. In this section, we relax this assumption and
propose LMask-Edit, 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.

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 f,, : R — R®%
that maps text embeddings £ ; to a mask m; € [0,1]%,
ie. m; = o(fm(ers)), where o(-) is the sigmoid func-
tion. Then, the edited image embedding of an image v,
conditioned on text t, is given by &, 4, Where €, 1, =
WL (2, ®myg) + bpre, where ® is the element-wise product.
We train f,,, and fine-tune the CLIP text encoder f; using
the InfoNCE loss (Eq. (1)) to pull the edited embeddings
towards their conditioning texts and away from other texts:
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Fig. 6. Effectiveness of conditioning. We find that attributes
present in the conditioning text are preserved in the edited em-
bedding, while attributes that are absent are classified at close to
random chance accuracy. See Sec. 3 for details.

Experimental setup. We follow the setup from Sec. 2;
however, we keep the decoder weights of SAE learnable.
We use 3-layer MLPs for the masking module.

Effectiveness of conditioning. We evaluate for attribute-
wise classification controlling for captions. We bin the at-
tributes for each image depending on whether the caption
contains it (Sec. 2), and report the classification accuracy in
Fig. 6. We find that the accuracy for attributes present in
the caption ( ) remains similar to the accuracy from
the original embeddings (blue), while the accuracy for at-
tributes absent from the caption (green) reaches near ran-
dom chance (dotted black line). This shows that LMask-
Edit is effective in performing conditioning such that the
edited embedding preserves information present in the text
while discarding the remaining attributes.

Vision-language alignment. We show the pairwise image-
text cosine similarities between positive image-text pairs
before and after conditioning in Fig. 4, and find that they
increase significantly after conditioning (blue) as compared
to before ( ).

4. Using LMask-Edit for cross-modal retrieval

In this section, we extend to CLIP models trained on nat-
ural images for improving alignment and retrieval perfor-
mance. Despite its effectiveness in the synthetic setup, the
objective from Eq. (2)) only uses edited image embeddings
€444 conditioned on their own corresponding positive cap-
tions. However, image-to-text and text-to-image retrieval
involve selecting from a set of candidates containing both
positive and negative captions, which would require condi-
tioning both positive and negative pairs. So, we modify the
denominator in Eq. (2) to include negative conditioning, i.e.
efvili becomes e*vili in the first term and e®v.ili becomes
efv-ili in the second term. See Sec. C.2 for more details.

Experimental setup. Following previous works [7, 11, 14,
20], we use the CC12M dataset [3] to train a CLIP [26]
ViT-B/16 [6], CLIP ViT-L/14, and a SigLIP [39] ViT-B/16
model. Full details are provided in Sec. C.1.

Retrieval performance and post-hoc applicability. We

Table 1. Coarse-grained retrieval performance on Flickr30k
[25] and DOCCI [21]. Model: ViT-B/16, Dataset: CC12M.

Flickr30k [16] DOCCI [25]
Model I1—-T T—1 I1—-T T—1I
R@l R@5 R@]l R@5 R@]l R@5 R@I R@5

CLIP 59.66 83.73 4246 70.33 2038 4236 7.16 16.96
+Ours 64.20 85.70 44.75 72.10 24.20 48.68 8.55 19.88
SigLIP  62.23 8540 44.69 70.61 20.68 41.84 7.41 17.17
+Ours 62.82 86.19 43.77 71.56 24.52 48.60 8.47 20.02
AlignCLIP 57.49 8235 4191 70.01 2032 41.88 7.39 17.43
+Ours 61.24 83.53 4231 70.33 23.18 47.70 832 19.76

Table 2. Robust retrieval on the RoCOCO benchmark [23].

Model Diff-concept Danger
R@1 droprate RSMS R@1 droprate RSMS
™) ) ) () )
CLIP 22,12 11.14 4390 2292 1034 43.72

+Ours 25.60 10.40 35.70 2712  8.88 31.00

evaluate for text-to-image and image-to-text retrieval across
coarse (MS COCO [16], Flickr30k [25]) and fine-grained
(DOCCI [21], IW [10]) retrieval benchmarks. We find
(Tab. 1 and Sec. C.3) that LMask-Edit consistently im-
proves retrieval performance across all datasets and mod-
els. Besides our CLIP and SigLIP models, we also com-
pare against AlignCLIP [7], which recently proposed using
intra-modal separation objectives during CLIP training to
improve cross-modal alignment. We find that our post hoc
approach can also help AlignCLIP, which shows its versa-
tility and utility for use in tandem with such methods to
improve model performance.

Robust retrieval performance. We additionally evaluate
LMask-Edit for robust image-to-text retrieval, using the Ro-
COCO [23] benchmark. This augments the caption set of
MS COCO [16] with perturbed captions containing irrele-
vant concepts that alter their meaning, and should not be
retrieved by the model. Following [23], we report (Tab. 2
and Sec. C.4) the drop rate (percentage drop in retrieval af-
ter augmenting captions), and Recall Score of Manipulated
Samples (RSMS) (fraction of data where a perturbed entity
was retrieved on top). We find that LMask-Edit provides
consistent improvements across these metrics on all data
splits, showing its promise for improving model safety.

5. Conclusion

In this work, we explored the poor cross-modal alignment in
contrastive VLMs by introducing LMask-Edit, a framework
that conditions image embeddings on text. This method re-
fines image representations to align more closely with tex-
tual data, and improves retrieval performance. Our exper-
iments on both synthetic and real-world datasets demon-
strate its effectiveness and its ability to complement exist-
ing training approaches. Future work will focus on scaling
these results to large-scale CLIP models.
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Appendix

In this supplement, we provide implementation details, additional results, and a discussion on the limitations and broader
impact of our work. In Sec. B, we provide implementation details and additional results on our controlled synthetic setup.
Then, in Sec. C, we provide implementation details and further results on evaluating LMask-Edit on CLIP models trained
with natural images, including results with SharedCLIP [7]. In Sec. D, we briefly discuss limitations and broader impact.
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A. Related work

Vision-language models (VLMs) [12, 13, 26, 34, 37, 39] learn a joint aligned embedding space between 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
far apart. Such models are useful for a diverse set of multimodal tasks such as image-to-text and text-to-image retrieval and
zero-shot classification. Their embeddings are also used as a bridge between vision and language for text-to-image diffusion
models [30] and large multimodal models (LMMs) [17]. In this work, we focus on CLIP [12, 26] and propose an approach to
obtain edited image embeddings by conditioning the original image embeddings on text, so that it only preserves information
presented in the conditioning text.

Modality gap [7, 15, 19, 31, 33] 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 initialization [15], recent work [31] showed that a likely cause is the information 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 reduce the modality gap [15, 31] have been
shown to come at the cost of degraded performance. Recently, AlignCLIP [7] proposed to use an intra-modal separation loss
during CLIP training to improve alignment and downstream performance. In our work, we propose a pipeline to explicitly
control the information imbalance post hoc by editing image embeddings conditioned on a given text embedding, in order to
only preserve information in the image that is also present in the text, and show that this can also benefit methods such as
AlignCLIP. More recently, FLAIR [35] proposes using text-conditioned attention pooling to improve fine-grained retrieval,
but in contrast to our work, trains models from scratch. Further, SmartCLIP [36] also similarly proposed masking specific
dimensions of learnt CLIP embeddings. In contrast, we use sparse autoencoders to first disentangle embeddings before
applying a soft mask.

Sparse autoencoders (SAEs) [1, 2, 4, 9, 27, 28] 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 [ 1, 4],
SAEs have recently been used to decompose concepts from CLIP vision embeddings [29, 38] for use in downstream tasks
such as constructing concept bottleneck models [29]. SAEs have also been used as a tool for steering models by performing
edits to their latents in the context of large language models [8] and text-to-image diffusion models [5]. In our work, we use
SAE:s in our pipeline to edit CLIP embeddings, by editing their latents in order to only preserve image concepts presented in
the corresponding conditioning text and remove other concepts.



B. Results on the MAD Dataset
B.1. Implementation details

Dataset. The MAD dataset [31] 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}, ‘Thickthinning’: {thickening, thin-
ning, 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 categories 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 [31], we train CLIP models consisting of a 6-layer ViT [6] as the vision encoder and a 6-layer
transformer as the text encoder, with a shared embedding dimension of 18, for 200 epochs with a batch size of 128 and a
weight decay of 0.1 using the AdamW [18] 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. We sweep over learning rates of
{1075,5 x 107*,5 x 1075} and pick the learning 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%,107°,107°} and pick the learning rate 10~°. Our code is based on the implementation
from OpenCLIP [12] using PyTorch [24].

SAE models. We use the TopK SAE implementation of [9]. 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 reconstruction error using
the top few (=auxK) dead latents. For our setup, we use K as 12, auxK as 18, after 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 {10~1, 10~2} and expansion factor 1,2, 4 and pick 1072, 1 respectively for both the SAEs used for the
CG-SAE and LMask-Edit method.

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 learning 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 optimizer [18].



B.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. 2. In Figs. Bl
and B2, we show top activating images for each latent, expanding on Fig. 3. 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.

In Fig. B3, we quantitatively validate this by showing the area under the receiver operating 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 latent is assigned to, 0.5 for unrelated
attributes, and O for attribute values anti-correlated to the assigned attribute (i.e. ‘no swelling’, for the ‘swelling’ latent).
Figs. B4 and B5 show AUC ROC plots for other attribute categories.
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Fig. B1. 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. 2.1). 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. B2. 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. 2.1). 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. B3. Attribute Specificity of CG-SAE latents. We plot the area under the receiver operating characteristic (ROC) curve (AUC) for
CG-SAE latents corresponding to the attribute values ‘No swelling’ and ‘Swelling’. 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 O for unrelated attributes. This shows that our CG-SAE
latents are highly disentangled, despite being assigned to a predefined concept. Interestingly, as can be expected, the AUC of attributes
anti-correlated to the attribute assigned to the latent (e.g. ‘Swelling’ for the ‘No swelling’ latent) are close to 0. Results for the other latents

are provided in the supplement.
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Fig. B4. 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 ‘Digit’, see Fig. B5.
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Fig. BS. Attribute specificity of CG-SAE latents for attribute category ‘Digit’. We plot the area under the receiver operating character-
istic (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. B4.



B.3. Additional results for effectiveness of conditioning

In this section, we provide additional results on our method’s effectiveness of conditioning (Tabs. B1 and B2). Specifically,
for robustness, we report results averaged across five runs, and find that the trends observed in Figs. 4 and 6 continue to hold.

Table B1. Effectiveness of conditioning with CG-SAE for the MAD dataset. For each attribute category (rows), we report the accuracy
(Sec. 2) 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 97.8 £ 13 354 £2.1 333
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 =34 50.0
Color 100.0 100.0 £ 0.0 342+ 1.7 14.3

Table B2. Effectiveness of conditioning with LMask-Edit for the MAD dataset. For each attribute category (rows), we report the
accuracy (Sec. 2) 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 99.1 £0.7 543+24 333
Swelling 96.2 98.3+0.2 57.0+2.7 30.0
Fracture 92.8 93.5+ 09 59.1+1.5 50.0
Scaling 99.7 952 +2.7 57.14+3.5 50.0

Color 100.0 963+ 1.9 226+ 19 14.3




C. Evaluation on CLIP models trained with natural images
C.1. Implementation details

CLIP models. We train CLIP models using the AdamW [ 18] optimizer for 30 epochs with a batch size of 2048, weight decay
of 0.1, and 10,000 warmup steps, similar to [7]. We sweep over learning rates of {1073, 5 x 10~} 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 maskig module, we sweep over learning rates {10~%,107%,107%}. Our code is based on the
implementation from OpenCLIP [7, 12] using PyTorch [24].

SAE models. We use the TopK SAE implementation of [9]. 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 reconstruction
error using the top few (=auxK) dead latents. For our setup, we use K as 128, auxK as 256, after sweeping over these
hyperparameters and we train the SAE for 50 epochs. We sweep over learning rates {1072,5 x 1072,1074,5 x 10~*}, and
use an expansion factor of 32 for ViT-B/16 backbones and 16 for ViT-L/14 backbones. We choose the SAE configuration
using with the lowest reconstruction error, lowest number of dead nodes, and best classification accuracy on the reconstructed
features across different setups.

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™%, 107>, 107} and select the configuration that is best for retrieval on
the validation split of CC3M [32], to ensure generalization to different datasets.. We train for 3 epochs using the AdamW
optimizer [18].

Baselines. For the results on SharedCLIP and AlignCLIP in tables Secs. C.5 and C.7 and Tab. 1, we take the checkpoints
given by the authors [7] and apply LMask-Edit 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 models cannot be directly compared.

Robust retrieval. Following [23], in Tab. 2, we report the drop rate and the RSMS metric in addition to the retrieval metrics.
Drop rate is calculated as %, where Rp is the retrieval score under the perturbed setting. RSMS calculates the
percentage of newly added semantically 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. 2 and Sec. C.4.

C.2. Optimization objective

In Eq. (C.1), we provide the full optimization objective discussed in Sec. 4.

(C.1)
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C.3. Additional retrieval results

In Tabs. C1 and C2, we provide full retrieval results on MS COCO [16], Flickr30k [25], DOCCI [21], and ITW [10], including
on a CLIP ViT-L/14 model. As discussed in Sec. 4, we find that LMask-Edit improves retrieval performance in most settings.

Table C1. Coarse-grained retrieval performance on MSCOCO [16] and Flickr30k [25]. All the models are trained on CC12M dataset.
We find that LMask-Edit improves retrieval performance across models and datasets.

MS COCO [16] Flickr30k [25]

Model I—-T T—1 I—-T T—1
R@1 R@5 R@10 R@l R@5 R@10 R@l R@5 R@10 R@l R@5 R@10
CLIP ViT-B/16 32.98 59.02 70.04 21.38 45.30 57.03 59.66 83.73 90.14 42.46 70.33 79.31
+LMask-Edit 35.66 61.82 72.94 23.12 47.03 58.67 64.20 85.70 91.12 44.75 72.10 81.22
SigLIP ViT-B/16 33.88 60.30 70.62 22.06 46.21 57.70 62.23 85.40 91.42 44.69 70.61 79.33
+LMask-Edit 36.24 61.20 72.82 22.37 46.60 58.66 62.82 86.19 91.62 43.71 71.56 80.73
AlignCLIP ViT-B/16 ~ 32.70 58.92 70.46 21.79 44.55 56.41 57.49 82.35 89.94 41.91 70.01 78.97
+LMask-Edit 34.42 60.30 71.48 21.35 44.39 55.72 61.24 83.53 89.15 42.31 70.33 78.92

Table C2. Fine-grained retrieval performance on DOCCI [21] and IIW [10]. 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 LMask-Edit improves retrieval performance across
models and datasets.

DOCCI [21] W [10]

Model I1—-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@1 R@5 R@10
CLIP ViT-B/16 20.38 42.36 53.52 7.16 16.96 22.86 50.98 77.94 88.89 16.88 32.66 41.46
+LMask-Edit 24.20 48.68 60.06 8.55 19.98 26.80 55.72 81.21 88.72 19.37 36.44 45.47
CLIP ViT-L/14 23.60 46.68 57.06 8.21 18.70 2491 53.92 81.37 89.21 18.05 35.59 44.49
+LMask-Edit 26.06 51.50 62.20 9.26 21.51 27.99 58.33 85.46 90.85 19.41 37.80 46.53
SigLIP ViT-B/16 20.68 41.84 53.70 741 17.17 22.77 48.20 76.14 85.13 16.94 33.07 41.42
+LMask-Edit 24.52 48.60 59.58 8.47 20.02 26.47 57.68 81.86 88.89 19.08 36.88 46.61
AlignCLIP ViT-B/16  20.32 41.88 53.38 7.39 17.43 23.69 53.92 82.03 87.58 17.46 34.27 43.57
+LMask-Edit 23.18 47.70 58.90 8.32 19.76 26.34 59.15 84.31 91.99 19.66 36.38 45.58

C.4. Additional robust retrieval results

In Tab. C3, we provide results across all splits for image-to-text retrieval on the RoCOCO benchmark [23]. As discussed in
Sec. 4, LMask-Edit improves robust retrieval across settings.

Table C3. Robust retrieval performance of on the RoCOCO benchmark [23]. We find that LMask-Edit improves performance over the
baseline across settings.

Rand-voca Same-concept Diff-concept Danger
R@1 droprate RSMS R@1 droprate = RSMS R@1 droprate RSMS R@1 droprate  RSMS

™M <) OO ) @ <) ¢ ) <)

CLIP 33.26 21.26  12.00 4690 21.74 11.52 4336 2212 11.14 4390 2292 1034 43.72
+LMask-Edit 36.00 26.14 9.86 3398 25.74 10.26 3712 25.60 10.40 35.70 27.12 8.88 31.00

Model COCOR@1




C.5. Cross-modal alignment

In Figs. C1 to C3, we show cross-modal alignment for CLIP, SharedCLIP, and AlignCLIP across four downstream datasets
before and after applying LMask-Edit, and find that it improves cross-modal alignment.

Fig. C1. Cross-modal alignment on (1) MSCOCO [16], (2) Flickr30k [25], (3) DOCCI [21], (4) IIW [10] on CLIP ViT-B/16. 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 LMask-Edit (violet) shifts to the right as compared to the baseline (orange),

showing improved alignment.
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Fig. C2. Cross-modal alignment with AlignCLIP on (1) MSCOCO [16], (2) Flickr30k [25], (3) DOCCI [21], (4) IIW [10]. 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 LMask-Edit (violet) shifts to the right as compared to the baseline (orange),
showing improved alignment.
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Fig. C3. Cross-modal alignment with SharedCLIP on (1) MSCOCO [16], (2) Flickr30k [25], (3) DOCCI [21], (4) TW [10]. 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 LMask-Edit (violet) shifts to the right as compared to the baseline (orange),

showing improved alignment.
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C.6. Baseline fine-tuning comparison

Our LMask-Edit involves training a masking module for a small number of extra epochs while also fine-tuning the text
encoder. For a fairer comparison accounting for this extra training budget, we report in Tabs. C4 and C5 the performance of
CLIP models where the text encoder is fine-tuned for the same number of extra epochs. We find that LMask-Edit nevertheless
shows improved retrieval performance across datasets.

Table C4. Coarse-grained retrieval performance on MSCOCO [16] and Flickr30k [25] 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
LMask-Edit improves retrieval performance across models and datasets in comparison to baseline finetuning as well.

MS COCO [16] Flickr30k [25]
Model I1—-T T—1I I1—-T T—1
R@1 R@5 R@10 R@1 R@5 R@10 R@l1 R@5 R@10 R@l1 R@5 R@10
CLIP ViT-B/16 32.98 59.02 70.04 21.38 45.30 57.03 59.66 83.73 90.14 42.46 70.33 79.31
CLIP ViT-B/16 Fine-tuned  35.60 60.78 71.62 22.50 46.40 58.13 63.21 86.29 90.93 44.12 71.50 80.47
+LMask-Edit 35.66 61.82 72.94 23.12 47.03 58.67 64.20 85.70 91.12 44.75 72.10 81.22

Table C5. Fine-grained retrieval performance on DOCCI [21] and ITW [10] 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 LMask-Edit
improves retrieval performance across models and datasets in comparison to baseline finetuning as well.

DOCCI [21] W [10]
Model I1—-T T—1 I1—-T T—1
R@1 R@5 R@10 R@1 R@5 R@10 R@l1 R@5 R@I10 R@1 R@5 R@10
CLIP ViT-B/16 20.38 42.36 53.52 7.16 16.96 22.86 50.98 77.94 88.89 16.88 32.66 41.46
CLIP ViT-B/16 Fine-tuned  23.54 46.48 56.92 7.79 18.57 25.00 53.10 80.56 88.23 18.34 35.99 45.20
+LMask-Edit 24.20 48.68 60.06 8.55 19.98 26.80 55.72 81.21 88.72 19.37 36.44 45.47

C.7. Retrieval results on SharedCLIP

Similar to our evaluation with AlignCLIP (Tab. | and Sec. C.3), in Tabs. C6 and C7 we report results on applying LMask-Edit
to SharedCLIP [7] and find similar gains in performance.

Table C6. Coarse-grained retrieval performance of LMask-Edit with Shared CLIP on MSCOCO [16] and Flickr30k [25]. 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 [16] Flickr30k [25]
Model I1—-T T—1 I1—-T T—1
R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@I10

SharedCLIP 32.62 58.88 69.94 21.54 44.81 56.87 60.75 84.22 89.64 43.31 69.53 78.86
+LMask-Edit ~ 33.82 59.86 70.90 22.13 45.95 57.38 59.37 83.33 89.05 44.30 70.97 79.53

Table C7. Fine-grained retrieval performance of LMask-Edit with Shared CLIP on DOCCI [21] and IIW [10]. 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 [21] W [10]
Model I1—-T T—1 I1—-T T—1
R@1 R@5 R@10 R@1 R@5 R@10 R@l1 R@5 R@10 R@l1 R@5 R@10

SharedCLIP 19.02 41.06 52.68 7.16 17.52 23.88 51.14 79.08 87.09 17.10 33.78 43.04
+LMask-Edit ~ 22.54 45.54 57.10 7.95 18.62 25.31 57.51 81.54 89.05 18.17 34.86 44.02




C.8. Comparison against SmartCLIP

In Tabs. C8 and C9, we compare our approach against SmartCLIP [36], applied on the same CLIP models trained on CC12M.
We see that LMask-Edit performs comparably on MS COCO and Flickr30k and outperforms on the fine-grained DOCCI and
IIW datasets, possibly due to explicit disentanglement from SAEs.

Table C8. Fine-grained retrieval performance on DOCCI [21] and IIW [10] 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 [21] IIW [10]
I1—>T T—1 I1—-T T—1
R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10

CLIP ViT-B/16  20.38 42.36 53.52 7.16 16.96 22.86 50.98 77.94 88.89 16.88 32.66 41.46
SmartCLIP 21.76 45.04 55.64 7.47 17.83 23.80 54.74 82.35 89.05 17.62 33.90 42.15
LMask-Edit 24.20 48.68 60.06 8.55 19.98 26.80 55.72 81.21 88.72 19.37 36.44 45.47

Model

Table C9. Coarse-grained retrieval performance on MSCOCO [16] and Flickr30k [25] 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 [16] Flickr30k [25]
Model I—-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@1 R@5 R@10

CLIP ViT-B/16  32.98 59.02 70.04 21.38 45.30 57.03 59.66 83.73 90.14 42.46 70.33 79.31
SmartCLIP 35.54 61.98 72.90 23.89 48.24 59.93 61.05 85.11 91.32 45.29 72.78 81.24
LMask-Edit 35.66 61.82 72.94 23.12 47.03 58.67 64.20 85.70 91.12 44.75 72.10 81.22




C.9. Examples of SAE concepts

For the masking mechanism of LMask-Edit to work, it is essential that the trained SAE effectively decomposes the image
features into individual concepts. We provide qualitative examples of top activating images for a random selection of SAE
latents in Fig. C4, and find that they encode highly consistent concept

#4749

#10233

414694

#11259

#3201

Fig. C4. Qualitative examples of top activating images of the SAE trained on top of CLIP image embeddings. Each row corresponds
to an SAE latent. The columns show images from CC12M that maximally activate these latents. We find that the SAE is trained well and
is able to disentangle the CLIP image features into concepts, which later becomes useful for masking.



D. Limitations and broader impact
In this section, we discuss the limitations (Sec. D.1) and broader impacts (Sec. D.2) of our work.

D.1. Limitations

In our work, we tackle the information imbalance problem that gives rise to a modality gap in vision-language models by
proposing a scheme to explicitly control for it. To do this, we make use of sparse autoencoders to edit image embeddings
conditioned on text. However, while our proposed LMask-Edit shows strong benefits for a variety of CLIP models trained on
CC12M, extending 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 and scaling
to models trained on large-scale data would be a fruitful direction for future research.

D.2. 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 models work reliably. Lack of proper semantic
alignment can lead to biased outputs [15] or poor robustness to distribution shifts [7]. Improved visual-textual alignment can
enhance downstream performance of such models and help alleviate the above mentioned drawbacks.
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