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Two black and white dogs
fighting with each other

Two white dogs look at one
black dog on a paved
walkway.
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A low-angle view of a yellow
rhombus-shaped road sign
with a black illustration of
the silhouette of a tortoise
walking toward the left side
of the image attached to the
top of a gray metal pole

An outdoor medium shot,
looking up at a yellow,
weathered, diamond-shaped
caution sign with a black
horse and buggy facing the
right
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a lady holding a atari with a
big turkey in an open oven

A lady holding a pan with a
big turkey in an open oven.

Idea: Condition image 
embeddings on text

Improves retrieval 
and alignment

Poor vision-language alignment 
in CLIP-like models

Qualitative examples of 
image-to-text retrieval

A tractor is moving dirt to help build up a retaining wall.

A tractor is moving 
dirt to help build up 

a retaining wall.
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e.g., attribute ‘yellow’ 
in  image, not in text

A tractor is 
moving dirt to 
help build up a 
retaining wall.
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A tractor is moving dirt to help build up a retaining wall.
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CLIP-guided sparse autoencoders to edit image 
embeddings conditioned on text attributes
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Fig. 4: Left: Accuracy after ablating a single latent. Accuracy for ‘Thickthinning’ drops to random chance (dotted line) when
editing image embeddings to discard information about that attribute (right group), while the other attributes continue to maintain
high accuracy (Sec. 3). Middle: Effectiveness of conditioning. Attributes present in the conditioning text are preserved in the
edited embedding, while attributes that are absent are classified at close to random chance accuracy (Sec. 4), and the no-SAE
baseline shows almost no effect. Right: Impact on vision-language alignment. Pairwise image-text cosine similarities between
positive pairs increase on applying TEVI (Sec. 4).
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query: “fracture-thickening-4-red”
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Fig. 5: 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 !1 and !3 to fall towards zero and !2 to
grow, as the edited embedding should preserve and discard . ! denotes the difference in mean rank position between two
groups of candidates, where each rank is normalized between 0 and 1. Left: The rank-position differences !1, !2 and !3

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 tq is given by ωv,p|q, where

ωv,p|q = W T
D(zp → mq) + bpre (9)

where → is the element-wise product.
We train fm 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.

Lfm
InfoNCE = ↑ 1

2N

N∑

i=1

[
log

eω̂v,i|i·ω̂t,i/ε

∑N
j=1 eω̂v,i|i·ω̂t,j/ε

+ log
eω̂v,i|i·ω̂t,i/ε

∑N
j=1 eω̂v,j|j ·ω̂t,i/ε

]
. (10)

4.2 Results

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

captions. First, we perform attribute-wise classifi-
cation. Since each caption has a random subset of
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,
while the accuracy from attributes absent from the
caption reach near random chance (dotted black
line). In contrast, the no-SAE baseline (orange)
shows almost no effect. Then, in Fig. 5, we eval-
uate the impact of conditioning on retrieval. We
do this by picking a pair of attributes, selecting
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
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Conditioning enables targeted retrieval
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Fig. 4: Left: Accuracy after ablating a single latent. Accuracy for ‘Thickthinning’ drops to random chance (dotted line) when
editing image embeddings to discard information about that attribute (right group), while the other attributes continue to maintain
high accuracy (Sec. 3). Middle: Effectiveness of conditioning. Attributes present in the conditioning text are preserved in the
edited embedding, while attributes that are absent are classified at close to random chance accuracy (Sec. 4), and the no-SAE
baseline shows almost no effect. Right: Impact on vision-language alignment. Pairwise image-text cosine similarities between
positive pairs increase on applying TEVI (Sec. 4).
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vp conditioned on text tq is given by ωv,p|q, where

ωv,p|q = W T
D(zp → mq) + bpre (9)

where → is the element-wise product.
We train fm 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.

Lfm
InfoNCE = ↑ 1

2N

N∑

i=1

[
log

eω̂v,i|i·ω̂t,i/ε

∑N
j=1 eω̂v,i|i·ω̂t,j/ε

+ log
eω̂v,i|i·ω̂t,i/ε

∑N
j=1 eω̂v,j|j ·ω̂t,i/ε

]
. (10)

4.2 Results

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

captions. First, we perform attribute-wise classifi-
cation. Since each caption has a random subset of
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,
while the accuracy from attributes absent from the
caption reach near random chance (dotted black
line). In contrast, the no-SAE baseline (orange)
shows almost no effect. Then, in Fig. 5, we eval-
uate the impact of conditioning on retrieval. We
do this by picking a pair of attributes, selecting
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

6

FOR INFORMATICS

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
R@1

Rand-voca Same-concept Diff-concept Danger
R@1
(→)

drop rate
(↑)

RSMS
(↑)

R@1
(→)

drop rate
(↑)

RSMS
(↑)

R@1
(→)

drop rate
(↑)

RSMS
(↑)

R@1
(→)

drop rate
(↑)

RSMS
(↑)

CLIP 33.26 21.26 12.00 46.90 21.74 11.52 43.36 22.12 11.14 43.98 22.92 10.34 39.74
+TEVI 36.00 26.14 9.86 33.98 25.74 10.26 37.12 25.60 10.40 35.70 27.12 8.88 31.00
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Fig. 6: Cross-modal alignment across datasets using CLIP ViT-B/16. We find that the alignment between image-text pairs
increases after applying TEVI.

tive performance on coarse-grained datasets.498

Cost of Inference. Similar to other cross-modal499

conditioning methods (e.g. Xie et al., 2025b; Xiao500

et al., 2025), TEVI incurs an additional cost for501

retrieval, since every image is conditioned on ev-502

ery text. However, since we edit final embeddings503

post hoc using small modules, the overhead is rela-504

tively small, e.g. around 2.7% increase in FLOPS505

for 1000 image-text pairs. One could obtain fur-506

ther speedups for all such conditioning methods507

including TEVI by first performing coarse retrieval508

with the CLIP model and then fine-grained ranking,509

which we leave for future work.510

Comparison to SmartCLIP. We compare TEVI511

against SmartCLIP (Xie et al., 2025b), which learns512

a text-conditioned mask on raw vision embed-513

dings. For a fair comparison, we train on a simi-514

lar setup with CC12M. We find (Tab. 4, and Ap-515

pendix B.7) that TEVI consistently outperforms516

it on fine-grained datasets and is competitive on517

coarse-grained datasets, highlighting the benefit of518

disentangling representations. Additionally, sim-519

ilar to Xie et al. (2025b), we obtain comparable520

zeroshot performance as the baseline; for details521

refer to Appendix B.4.522

Robust Retrieval. We additionally evaluate TEVI523

for robust retrieval, using the RoCOCO (Park et al.,524

2024) benchmark. This augments the caption set525

of MS COCO (Lin et al., 2014) with perturbed cap-526

tions containing irrelevant concepts that alter their527

meaning, and should not be retrieved by the model.528

Specifically, it contains four sets—‘Rand-voca’,529

‘Danger’, ‘Same-concept’, and ‘Diff-concept’—530

which replace words in the original caption with531

alternatives based on the set. For example, a word532

‘umbrella’ might be replaced by another tool (e.g.533

‘rope’) by ‘Same-concept’, and with an unrelated534

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.7.

Model DOCCI I↓T, T↓I Flickr30k I↓T, T↓I
R@1 R@5 R@1 R@5 R@1 R@5 R@1 R@5

CLIP 20.4 42.4 7.2 17.0 59.7 83.7 42.5 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

word (e.g. ‘pizza’) by ‘Diff-concept’. 535

Following (Park et al., 2024), we report (Tab. 3) 536

the drop rate (percentage drop in retrieval after 537

augmenting captions), and Recall Score of Manip- 538

ulated Samples (RSMS) (fraction of data where 539

a perturbed entity was retrieved on top). We find 540

that TEVI provides consistent improvements across 541

these metrics on all data splits, showing its promise 542

for improving model safety. Additional results on 543

other backbones are provided in Appendix B.3 544

6 Conclusion 545

In this work, we explored whether captions can 546

guide what information is preserved in CLIP image 547

embeddings, in order to improve cross-modal align- 548

ment. We proposed a framework, TEVI, to use text 549

as a signal to edit image embeddings, such that the 550

resultant edited embedding is better aligned with 551

the text. We first used a synthetic setup, where we 552

could explicitly control the information imbalance, 553

to show that text-conditioned editing preserves in- 554

formation described in the caption. We then ap- 555

plied TEVI to models trained on real-world data 556

and showed its effectiveness for improving retrieval 557

performance and cross-modal alignment, and its 558

utility in complementing existing approaches such 559

as AlignCLIP. We show TEVI is particularly help- 560

ful for benchmarks with rich captions (DOCCI, 561

IIW) and for retrieval robustness against linguistic 562

perturbations (RoCOCO). 563
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Improves fine-grained retrieval across models

Improves robust retrieval

! Classes

Exp. Orig. no-SAE TEVI no-SAE TEVI

!1 → 0.118 0.119 0.095 32/62 47/62

!2 ↑ 0.120 0.162 0.195 45/62 57/62

!3 → 0.203 0.221 0.188 18/62 42/62

query

6/6

3/6

6/6

1/6

Original

TEVI

image-to-image retrieval conditioned: person control: keyboard

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 (!1, !3). 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 I ↓ T R@1, where
the baseline performance is 24.20. The latents are ranked
in two ways: by their mask value, and by ω, 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.

Ranked by m top random bottom

mask value 32 8.62 15.58 22.94
64 0.80 7.24 16.64

grounding ω
8 18.0 22.1 23.6

16 12.1 20.4 22.8
32 5.2 15.2 21.0

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 (orange).

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 ω̂v,i|i conditioned on their 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:

Lfm
InfoNCE = → 1

2N

N∑

i=1

[
log

eω̂v,i|i·ω̂t,i/ε

∑N
j=1 eω̂v,i|j ·ω̂t,j/ε

+ log
eω̂v,i|i·ω̂t,i/ε

∑N
j=1 eω̂v,j|i·ω̂t,i/ε

]
(11)

where e.g. eω̂v,i|i in the denominator of the first
term from Eq. (10) is changed to eω̂v,i|j . 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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mask for m/128 latents and report DOCCI I ↓ T R@1, where
the baseline performance is 24.20. The latents are ranked
in two ways: by their mask value, and by ω, 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.

Ranked by m top random bottom

mask value 32 8.62 15.58 22.94
64 0.80 7.24 16.64

grounding ω
8 18.0 22.1 23.6

16 12.1 20.4 22.8
32 5.2 15.2 21.0

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 (orange).

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 ω̂v,i|i conditioned on their 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:

Lfm
InfoNCE = → 1

2N

N∑

i=1

[
log

eω̂v,i|i·ω̂t,i/ε

∑N
j=1 eω̂v,i|j ·ω̂t,j/ε

+ log
eω̂v,i|i·ω̂t,i/ε

∑N
j=1 eω̂v,j|i·ω̂t,i/ε

]
(11)

where e.g. eω̂v,i|i in the denominator of the first
term from Eq. (10) is changed to eω̂v,i|j . 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.

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

I → T T → I I → T T → I
R@1 R@5 R@1 R@5 R@1 R@5 R@1 R@5

CLIP ViT-B/16 20.38 42.36 7.16 16.96 50.98 77.94 16.88 32.66
No SAE 24.29±0.22 47.24±0.18 8.40±0.08 18.66±0.04 56.86±0.31 81.83±0.50 18.76±0.15 34.84±0.14

TEVI 24.52±0.15 47.30±0.14 8.30±0.04 18.55±0.03 55.49±0.36 82.42±0.19 18.77±0.08 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±0.47 50.04±0.20 9.09±0.06 20.44±0.03 60.78±0.60 84.80±0.35 19.72±0.05 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±0.22 47.37±0.09 8.32±0.06 18.59±0.02 57.84±0.95 80.98±0.19 18.90±0.11 35.68±0.10

SharedCLIP ViT-B/16 19.02 41.06 7.16 17.52 51.14 79.08 17.10 33.78
TEVI 22.64±0.27 45.23±0.07 7.94±0.06 18.42±0.03 55.59±0.31 80.98±0.25 17.91±0.18 34.61±0.10

AlignCLIP ViT-B/16 20.32 41.88 7.39 17.43 53.92 82.03 17.46 34.27
TEVI 23.65±0.26 46.02±0.15 8.13±0.08 18.68±0.05 58.92±0.65 84.31±0.12 19.75±0.20 36.06±0.21

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
ω 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 ω > 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 ω 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 ω 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 Sec. B.7. Note
however that alignment is a diagnostic metric, with
the primary goal being to improve downstream per-
formance, 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), IIW (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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