ELIP: Enhanced Visual-Language Foundation
Models for Image Retrieval

Guangqi Zhan'*, Yuanpei Liu%*, Kai Han?, Weidi Xiel, Andrew Zisserman
2The University of Hong Kong
ypliu0@connect.hku.hk

YWGG, University of Oxford
{guanqi,weidi,az} @robots.ox.ac.uk

Abstract—The objective in this paper is to improve the per-
formance of text-to-image retrieval. To this end, we introduce a
new framework that can boost the performance of large-scale
pre-trained vision-language models, so that they can be used for
text-to-image re-ranking. The approach, Enhanced Language-
Image Pre-training (ELIP), uses the text query, via a simple
MLP mapping network, to predict a set of visual prompts to
condition the ViT image encoding. ELIP can easily be applied
to the commonly used CLIP, SigLIP and BLIP-2 networks. On
the evaluation side, we set up two new out-of-distribution (OOD)
benchmarks, Occluded COCO and ImageNet-R, to assess the zero-
shot generalisation of the models to different domains. The results
demonstrate that ELIP significantly boosts CLIP/SigLIP/SigLIP-
2 text-to-image retrieval performance and outperforms BLIP-2
on several benchmarks, as well as providing an easy means to
adapt to OOD datasets.

Index Terms—image-text retrieval, vision-language models

I. INTRODUCTION

This paper considers the problem of text-to-image retrieval,
that aims to rank image instances based on their relevance to
a text query. Effective retrieval generally includes two stages:
the first stage provides an initial ranking in a fast and efficient
manner, while the second re-ranking stage refines this ranking
by re-computing the relevance scores between the text query
and each of the top-ranked candidates with a more expensive
model.

Recent advances in text-to-image retrieval have primarily
focused on the first stage. Notable models, such as CLIP [1]
and ALIGN [2], leverage contrastive learning [3] on large-
scale image-text pairs to learn joint representations, demon-
strating impressive generalization capabilities for cross-modal
retrieval tasks.

Our primary contribution here focuses on the second stage
of the retrieval pipeline, namely, the re-ranking. Specifically,
our goal is to enhance the performance of off-the-shelf vision-
language foundation models, so that they can be re-purposed
for re-ranking the top-k candidates from the fast retrieval pro-
cess. The approach we develop, termed Enhanced Language-
Image Pre-training (ELIP), requires only a few trainable
parameters, and the training can be conducted efficiently with
‘student-friendly’ resources and data. We demonstrate that
ELIP can boost the performance of the pre-trained CLIP [1],
SigLIP [4], SigLIP-2 [5], and BLIP-2 [6] for cross-modal
retrieval.

“Equal contribution.

1

3Shanghai Jiao Tong University
kaihanx @hku.hk

Text Query: People on bicycles ride down a busy street

0 v
[}

—aeeeee

MLP Mapping
Network | v | vy | vs | | v |
‘Stcw—’l t | vyt | vyt V3t| vktl
People on
bicycles ride Text (]
down abusy | Encoder =
street
e

Initial
Ranking

Re—Rankingf

Fig. 1. The ELIP architecture. 7op: We propose a novel architecture that
can be applied to pre-trained and frozen vision-language foundation models,
such as CLIP, SigLIP, SigLIP-2 and BLIP-2, to enhance their text-to-image
retrieval performance. The key idea is to use the text query to define a set of
visual prompt vectors that are incorporated into the image encoder to make it
aware of the query when generating the embedding. An MLP maps from the
text space to the visual space of the input to the ViT encoder. The architecture
is lightweight, and our data curation strategies enable efficient and effective
training with limited resources. Botfom: In this retrieval example from the
COCO benchmark, the top-k (k=100) images are re-ranked by the ELIP model
for the text query: ‘People on bicycles ride down a busy street’. The ground
truth image matching the query is not in the top-5 ranked images in the initial
CLIP ranking, but is ranked top-1 (highlighted in the dashed box) by the re-
ranking.

To achieve this goal, we first introduce a lightweight, text-
guided visual prompting module. As illustrated in Figure 1, a
query text is mapped to a set of visual prompt vectors [7], that
are then concatenated with the [CLS] and patch embeddings
of the image encoder. These augmented embeddings are then
passed into the frozen vision encoder to recompute the image
representation. The resulting image embedding is aware of
the text conditioning and this enhances its performance in re-
ranking.

To assess the re-ranking performance of our proposed
ELIP models, we experiment on the standard COCO [8] and
Flickr30k [9] text-to-image retrieval benchmarks. As a further
challenge, we also evaluate the generalisation of the ELIP-
boosted models on out-of-distribution domains. To do so, we
repurpose the Occluded COCO [10] and ImageNet-R [11]
datasets to be used for text-to-image retrieval benchmarks.



In summary, we make three contributions: First, we propose
a novel architecture to improve text-based image retrieval
on large pre-trained vision-language models, including the
most popular CLIP/SigLIP architectures and the state-of-the-
art BLIP-2 architecture. Second, to evaluate the generalisation
capability of text-to-image retrieval models to different out-of-
distribution domains, we set up two new benchmarks of text-
to-image retrieval, Occluded COCO and ImageNet-R. Third,
and most significantly, we demonstrate that ELIP substantially
improves the image retrieval performance of CLIP and SigL.IP
architectures, and outperforms the state-of-the-art BLIP-2 ar-
chitecture. Furthermore, it provides an efficient method to
adapt these architectures to OOD datasets, again giving a
tremendous boost with CLIP, SigLIP, Sigl.IP-2 and BLIP-2.
As an additional contribution, we show that the model can
be trained efficiently with limited computing resources, and
develop a ‘student-friendly’ best practice, involving global
hard sample mining and batch selection. This training is
detailed in the arXiv version of this paper [12].

II. RELATED WORK

Text-to-Image Retrieval is a fundamental and much re-
searched task in cross-modal learning [1], [13]-[49]. Large
vision language models, such as CLIP [1], [50], ALIGN [2],
BLIP-2 [6], SigLIP [4] and SigLIP-2 [5] that have pow-
erful zero-shot capabilities have now become the de facto
method for open-set text-based image retrieval. The most
recent work [51] gives a slight improvement over BLIP-2 by
incorporating the output of an object detector or annotations
of detection bounding boxes. This succeeds in overcoming the
failure cases where small but semantically important objects
in an image are not properly understood by the model. We
compare to this model and show superior performance.

CIR and Universal Retrieval. In composed image re-
trieval (CIR) [52]-[55], the query is specified by a composition
of an image and text, with the text specifying how the image
should be changed. For example, the query image may be of
a dog lying down, and the query text may be ‘playing with
a ball’. This composed query defines the target image to be
retrieved from the gallery. This differs from our task, where the
query is specified only by text, and the text alone defines the
target image to be retrieved from the gallery. A more general
setting is ‘universal retrieval’ [56], [57] where the query can
be a combination of image, text, and instruction; and the target
can be image alone, text alone, or image and text.
Post-Retrieval Re-ranking. For single modality image re-
trieval, where the query is an image, there has been a se-
ries of works that have re-ranked the top-k images from
an initial ranking via classical computer vision algorithms,
such as ‘query expansion’, ‘geometric verification’, or a
combination of the two [58]-[63], as well as via learning-
based algorithms [64]-[67]. Re-ranking algorithms have been
relatively less explored in text-to-image retrieval [68]-[70].
[71] introduced a method for computing the similarity score
between an image and a text query by estimating the log-
likelihood of the text conditioned on the image. While this

approach has demonstrated strong performance, it remains
computationally expensive both during training and inference,
making it a slow process. Our paper also focuses on the re-
ranking stage — developing a more powerful version of visual-
language foundation models to give a better ranking of images
that are hard to distinguish by the original retrieval model.

Multi-Modal Datasets. To obtain multi-modal foundation
models with a strong capability of generalisation, it is impor-
tant to train them on large-scale multi-modal datasets. There-
fore, in recent years, there has been a significant increase in
the number and scale of multimodal vision-language datasets
that provide image-text pairs, such as COCO [8], SBU [72],
Conceptual Captions [73], LAION [74], DataComp [75]. The
increase in the size of multi-modal datasets enables the training
of more powerful visual-language foundation models. More
recently, DataCompDR [76] utilises prior knowledge from
large-scale pre-trained image captioning models to generate
synthetic captions for DataComp images, resulting in less
noisy captions than the datasets collected from the web,
such as the original DataComp dataset. In this paper, we
have experimented with training the model using Conceptual
Captions [73] and DataCompDR [76].

III. PRELIMINARIES

Re-Ranking in Image Retrieval. Given an input query, the
goal of a retrieval system is to rank all instances in a dataset
Q ={L,...,I,}, based on their relevance to the query. In
the case of text-to-image retrieval, the query is specified by
text (1), and the ideal outcome is a set (Q), with the relevant
images being ranked higher than those that are not. In general,
an effective retrieval system proceeds in two stages: the first
stage provides an initial ranking in a fast and efficient manner,
while the second stage—referred to as re-ranking—refines this
ranking by recomputing the relevance scores between the text
query and each of the top-k ranked candidates with a more
powerful (and usually more expensive) ranking model. The &
is selected such that in general there is a high recall for all the
relevant images. In this paper, our novelty lies in the second
stage, that aims to re-rank the top-k candidates from the first
stage results.

Visual Prompt Tuning (VPT) [7] is a method of enhanc-
ing the ViT image encoder by inserting additional learnable
prompts into the transformer layers. It enables efficient adapta-
tion of ViT, requiring only the few parameters of the learnable
prompts to be trained. VPT has two different variants — VPT-
Shallow and VPT-Deep. VPT-Shallow only inserts the addi-
tional visual prompts into the first Transformer layer, whereas
for VPT-Deep, prompts are introduced at every transformer
layer’s input space. We insert our generated set of visual
prompt vectors into the first transformer layer of ViT, which
is similar to VPT-Shallow.

IV. THE ELIP ARCHITECTURE

In this section, we describe the ELIP text-to-visual prompt
mapping network, that can be efficiently applied to adapt
the commonly used CLIP/SigLIP architectures as well as the
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Fig. 2. Architecture of ELIP-C / ELIP-S. At training time, a batch of
text-image pairs is fed into the architecture. The text feature is mapped to
the visual embedding space as a set of prompt vectors via the MLP mapping
network and then guides the encoding of the image feature. We use color
coding for the , patch tokens, and generated visual tokens from
text. The architecture is trained with InfoNCE loss (for ELIP-C) and Sigmoid
loss (for ELIP-S/ELIP-S-2), to align the text feature with the corresponding
re-computed image feature.

more sophisticated BLIP-2 architectures for re-ranking. We
first introduce the architecture of the network in Section IV-A,
and the training/inference strategy in Sections IV-B and IV-C
respectively. We refer to the network applied to CLIP as
ELIP-C, applied to SigLIP/SigLIP-2 as ELIP-S/ELIP-S-2, and
applied to BLIP-2 as ELIP-B.

A. Text-Guided MLP Mapping Network

Here, we propose a mapping network that projects the
embedding of the text query into a set of prompt vectors within
the visual embedding space. This set of prompt vectors is then
incorporated as additional tokens into the first layer of the
Vision Transformer (ViT) image encoder, used to re-compute
the visual embeddings:

[tzlﬂ ey t;n’ tCLS] == @[(T)
v = (I’v([xllw ces mg» Tcrs; wmap(tCLS)D

where T denotes the query text, which is first encoded with a
pre-trained, frozen text encoder (®,(-)) into m-+1 embeddings.
The [CLS] token is further fed into a trainable mapping net-
work to generate the prompt vectors, which are concatenated
with the n + 1 image embeddings ([x},..., ]!, Zcrs)), and
passed into the pre-trained, frozen visual encoder (P, (+)). The
MLP Mapping Network consists of 3 layers of linear layers
with a GELU between every two linear layers. We expand the
output dimension to be n times when we generate n tokens
and then divide the generated vector into n tokens. The ELIP
architecture is shown in Figure 2 and Figure 3.

B. Training and Testing ELIP-C/ELIP-S

Text-Guided Contrastive Training. At training time, we
compute the dot product between the [CLS] token embedding
of the text query (fc1,s) and the re-computed image features
guided by the query text, i.e., {vy,..., v} (b denotes the batch
size). For ELIP-C, we train with the standard InfoNCE loss
on the batches; For ELIP-S/ELIP-S-2, we train with pairwise
Sigmoid loss. In the arXiv version of this paper [12], we
provide more details on the batch selection scheme via global
hard sample mining.
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Fig. 3. Architecture of ELIP-B. Similar to the architecture on CLIP/SigLIP,
the MLP Mapping Network maps the text feature to the visual embedding
space. The only difference is that the text-guided image features are further
fed into the Q-Former to cross-attend the input text and then passed through
the Image-Text Matching (ITM) Head to predict whether the image and text
match or not. As the input image features to the ITM head have been changed,
we also fine-tune the ITM head, which is a lightweight MLP network. The
network is fed pairs of text and positive/negative image features at training
time and is trained with binary cross entropy loss.

Re-Ranking at Inference Time. At inference time, for each
text query, we first compute the similarity scores between
the visual-language embedding, computed by the original
CLIP/SigLIP model, to obtain an initial ranking of all images.
We then select the top-k candidates for further re-ranking,
where the visual features are re-computed by incorporating
the prompted vectors from the mapping network. The final
ranking is obtained via the dot product of the re-computed
image features and the text feature.

C. Training and Testing ELIP-B

Figure 3 illustrates the application of our architecture on
BLIP-2. The only difference with that described for CLIP-
type models is that BLIP-2 re-ranking does not use a dual
encoder; rather, the image and text encoders attend to each
other. However, the purpose of our mapping network and its
training are essentially unchanged.

Text-Guided Image-Text Matching Loss. At training time,
we feed the text query (7") and the re-computed image features
with the query text as prompts, i.e.,{v,,v_} (v4 denotes the
positive image and v_ denotes the negative image), into the
Q-Former, and then to an Image-Text Matching (ITM) Head
to predict a score indicating whether the text and image match
or not. The output of the ITM head is trained with binary cross
entropy loss.

Inference Time Re-Ranking. For each text query, we first
compute the similarity scores between the visual-language
embedding, computed by the original BLIP-2 image and text
encoders, to obtain an initial ranking of all images. We then
select the top-k candidates for further re-ranking, where the
visual features are re-computed by incorporating the prompted
vectors from the mapping network. The final ranking is
obtained via the sum of the initially computed similarity score
and the score predicted by the ITM head based on the re-
computed image features and text query.



V. EVALUATION DATASETS

Here we describe the details of the datasets we use for
evaluation.

A. Standard Benchmarks

COCO [8], is a large-scale dataset for studying object de-
tection, segmentation, and captioning. In terms of captioning,
each image is annotated with 5 different captions. Previous
works use the test split of 5,000 images and 25,010 captions
for the evaluation of text-to-image retrieval.

The Flickr30k Dataset [9] contains images collected from
Flickr, together with 5 reference sentences provided by human
annotators. The test set for text-to-image retrieval consists of
1,000 images and 5,000 captions.

Evaluation Metrics. We adopt the standard metrics for as-
sessing retrieval performance, namely, Recall@1, Recall@5
and Recall@10. Recall@k denotes the proportion of relevant
images that are successfully retrieved within the top-% results
for each text query.

B. Out-of-Distribution Benchmarks

To evaluate a model’s capability for text-to-image retrieval
in out-of-distribution (OOD) scenarios, we set up two new
benchmarks for text-based image retrieval. Figure 4 shows
examples from the Occluded COCO and ImageNet-R bench-
marks.

Occluded COCO is curated with annotations from [10],
with the method as described in [77], where the occlusion
relationship is utilised to collect images containing occluded
objects. This dataset aims to evaluate the model’s performance
on retrieving images with occluded target objects against
images that do not contain the target object. It has 80 text
queries and 5,000 images.

ImageNet-R is generated using annotations from [11] and
aims to examine the model’s performance for retrieval across
various domains, for example, art, cartoons, deviantart, graf-
fiti, embroidery, graphics, origami, paintings, patterns, plastic
objects, plush objects, sculptures, sketches, tattoos, toys, and
video games. It has 200 text queries and 30,000 images.
Evaluation Metrics. Here, we use mAP as the evaluation
metric. This is because there might be multiple positive images
for each text query.

VI. EXPERIMENT

Training the Model. The recent visual-language foundation
models are often trained on massive numbers (billions) of
paired image-caption samples, with considerable computing
resources. Here, we explore a ‘resource efficient training’ best
practice for data curation that enables improving large-scale
visual-language models with limited resources. Specifically,
there are two major challenges to be addressed: (i) training
with a large batch size is challenging, due to limitation on GPU
memory; (ii) training on billions of samples is prohibitively
expensive on computation cost. In the arXiv version of this
paper [12], we describe a strategy for global hard sample

Occluded COCO

Text Query: Bicycle

ImageNet-R
Text Query: Goldfish

Fig. 4. Examples of the out-of-distribution benchmarks. Occluded COCO
is on the left, and ImageNet-R is on the right. For both benchmarks, the
positive images contain the object described by the text query while the
negative images do not contain the object. We display positive images in the
first row and negative images in the second row. For Occluded COCO, the
target object in the image is occluded, making it more difficult to be retrieved.
For example, for the text query Bicycle in Occluded COCO, positive images
have an occluded bicycle (highlighted in dashed box) while negative images
do not have a bicycle in it; for the text query Goldfish in ImageNet-R, positive
images have goldfish while negative images do not have goldfish.

mining to make the training more effective with a small batch
size, and a procedure for selecting and curating an image-text
training dataset with maximum information.
Implementation Details. Due to computational resource con-
straints, we train the ELIP-C model with a batch size of
40, the ELIP-S model with a batch size of 10, and the
ELIP-B model with a batch size of 12. The initial learning
rate is set to 1 x 10~3 for ELIP-C, ELIP-S, and ELIP-S-
2, and 1 x 10~° for ELIP-B. All models are trained on the
DataCompDR dataset by default, with additional experiments
conducted on the smaller CC3M dataset for ablation studies.
Training is performed on two A6000 or A40 GPUs. For re-
ranking, we select the top-k samples based on the dataset
and model: for ELIP-C, k£ is set to 100 for COCO and
Flickr, 500 for Occluded COCO, and 1000 for ImageNet-
R; for ELIP-S and ELIP-S-2, k£ is set to 100 for COCO
and Flickr, 500 for Occluded COCO, and 200 for ImageNet-
R; for ELIP-B, k is set to 20 for COCO and Flickr, 100
for Occluded COCO, and 200 for ImageNet-R. The value
of k is chosen to ensure high recall in the original ranking
while maintaining fast inference. Compared to the original pre-
training approach of CLIP, SigLIP and BLIP-2, our method
significantly improves training efficiency in terms of reduced
training time, GPU requirements, and batch size, with only a
marginal increase in FLOPS introduced by the trainable MLP
mapping network. Further details are provided in the arXiv
version of this paper [12].

A. Results on COCO and Flickr Benchmarks

Ablation Study. In Table I, we evaluate the contributions of
different components of the ELIP framework for CLIP. A com-
parison between Settings A and B highlights the effectiveness
of the ELIP-C boost over the original CLIP. The comparison
between Settings B and C demonstrates the importance of hard
sample mining when training with a small batch size. Settings
C and D show the benefit of training on larger datasets with



TABLE I
ABLATION STUDY ON ELIP-C FOR CHOICE OF TRAINING DATASET, HARD SAMPLE MINING, AND NUMBER OF PROMPT VECTORS GENERATED.

. . .. .. . COCO Flickr
Setting | Architecture  Training Dataset Hard Sample Mining Multiple Prompts } R@T R@5 R@I0 Avg. R@T R@5 R@I0 Avg.
A CLIP - 40.2 66.0 756 60.6 67.6 883 93.0 83.0
B ELIP-C CC3M [73] 40.7 662 76.1 61.0 68.8 889 938 83.8
C ELIP-C CC3M [73] v 418 675 775 623 69.5 89.7 941 844
D ELIP-C DataCompDR [76] v 442 700 795 64.6 71.3 90.6 944 854
E ELIP-C DataCompDR [76] v v 456 71.1 804 657 723 90.6 947 859

TABLE II
COMPARISON WITH RECENT STATE-OF-THE-ART METHODS. TOP: CLIP-BASED MODELS; MIDDLE: SIGLIP-BASED MODELS; BOTTOM:
BLIP-2-BASED MODELS. ELIP-C/ELIP-S BRINGS A SIGNIFICANT ZERO-SHOT PERFORMANCE BOOST OF CLIP/SIGLIP ARCHITECTURES, AND ELIP-B
OUTPERFORMS THE STATE-OF-THE-ART BLIP-2 MODEL. RESULTS FOR MODELS WITHOUT * ARE ZERO-SHOT, WHEREAS RESULTS FOR MODELS WITH *
ARE ONLY ZERO-SHOT ON FLICKR, AS THE BLIP-2 MODEL HAS BEEN FINE-TUNED ON COCQ, AND THE * MODELS ARE BASED ON BLIP-2. HOWEVER,
OUR METHOD BRINGS AN IMPROVEMENT OVER BLIP-2 ON BOTH BENCHMARKS WHEN TRAINED ON DATACOMPDR.

Model Year €oco Average Flickr Average
Recall@]l Recall@5 Recall@10 Recall@]l Recall@5 Recall@10

CLIP [1], [50] 2021 40.16 65.95 75.62 60.58 67.56 88.34 93.00 82.97
ELIP-C(Ours) - 45.61 71.08 80.43 65.71 72.30 90.62 94.68 85.87
SigLIP [4] 2023 54.21 76.78 84.24 71.74 82.96 96.10 98.04 92.37
ELIP-S(Ours) - 61.03 82.62 88.70 77.45 87.62 98.16 99.16 94.98
SigLIP-2 [5] 2025 56.87 78.79 85.49 73.72 83.94 96.62 98.20 92.92
ELIP-S-2(Ours) - 62.91 83.86 89.70 78.82 87.74 97.96 98.94 94.88
BLIP-2* [6] 2023 68.25 87.72 92.63 82.87 89.74 98.18 98.94 95.62
Q-Pert.(E)* [51] 2024 68.34 87.76 92.63 82.91 89.82 98.20 99.04 95.69
Q-Pert.(D)* [51] 2024 68.35 87.72 92.65 82.91 89.86 98.20 99.06 95.71
ELIP-B(Ours)* - 68.41 87.88 92.78 83.02 90.08 98.34 99.22 95.88

less noisy captions. Finally, the comparison between Settings e S T Recall Topk Curve

D and E reveals that generating multiple visual prompts (e.g., 0 wes2ll TR

10 prompts in this study) is more beneficial than generating -

a single prompt. Further ablation studies on the number of .~ .

generated prompts are detailed in the arXiv version of this £ *

paper [12].

Comparison with State-of-the-Art. As shown in Table II,
we compare our models (ELIP-C, ELIP-S, ELIP-S-2, and
ELIP-B) with prior state-of-the-art methods. When trained
on DataCompDR12M, our method demonstrates zero-shot
performance improvements for CLIP, SigLIP, SigLIP-2, and
BLIP-2 on the COCO and Flickr benchmarks. Notably, ELIP-
B outperforms the most recent work [51], establishing a
new state-of-the-art for text-to-image retrieval on the BLIP-2
backbone. Furthermore, our ELIP-S, when applied to SigLIP
and SigLIP-2, achieves performance comparable to BLIP-2.
We have also compared ELIP with several baseline methods
for re-ranking in the arXiv version of this paper [12].

Recall Top-k Curves. Figure 5 (right) presents the
Recall@Top-k curves for the original CLIP model and our
ELIP-C on the COCO benchmark. The curves are generated by
plotting the Recall values across various Top-k thresholds. No-
tably, there is a significant performance gap between the two
models, demonstrating that ELIP-C re-ranking consistently
improves text-to-image retrieval performance across different
k values.

Qualitative Results. Figure 6 provides a qualitative com-
parison between the initial rankings produced by the CLIP

00 02 04 0.6 08 10 0 20 40 60 80 100
Recall TopK

Fig. 5. Before/after comparisons. Left: Precision-Recall curves for Occluded
COCO retrieval, comparing SigLIP-2 initial rankings to the re-rankings given
by ELIP-S-2. Right: Recall Top-k curves for COCO retrieval, comparing CLIP
initial rankings to the re-rankings given by ELIP-C.

model and the re-ranked results obtained with ELIP-C on the
COCO (left) and Flickr (right) benchmarks. In both cases,
ELIP-C significantly improves the rankings by elevating the
ground truth image (highlighted with a dashed box) to rank 1.
Additional qualitative results are provided in the arXiv version
of this paper [12].

Visualisation of Attention Map. Figure 7 visualises the
cross-attention maps of the [CLS] token on patch tokens
for both CLIP and ELIP-C on COCO. When the image
matches the text query, our generated visual prompt vectors
effectively enhance the selection of image features relevant to
the query. This improvement can be attributed to ELIP-C’s
early fusion approach, which integrates text features at the
beginning of the image encoder, enabling the model to produce
image embeddings more closely aligned with the query text.



“A large wooden pole with a green
street sign hanging from it”

“A man wearing bathing trunks is
parasailing in the water”

Re-Ranking Re-Ranking

Initial Ranking
- .

Initial Ranking

Fig. 6. Qualitative comparison between CLIP initial ranking and ELIP-
C re-ranking. COCO: Columns 1-2; Flickr: Columns 3—4. The ground truth
image for each query is highlighted with a dashed box, with the top-3 retrieved
images shown. For the COCO query “A large wooden pole with a green
street sign hanging from it”, CLIP ranks a non-wooden pole as top-1, while
ELIP-C correctly re-ranks the large wooden pole to top-1. For the Flickr
query “A man wearing bathing trunks is parasailing in the water”, CLIP
ranks a wakeboarding person as top-1, whereas ELIP-C accurately re-ranks
the parasailing man wearing bathing trunks to top-1.

Text Query: A
young woman
holding a giant
tennis racket

Text Query: A baby
in plaid shirt eating
a frosted cake

Fig. 7. Visualisation of attention maps comparing the cross-attention maps
of the [CLS] token on patch tokens for CLIP and ELIP-C. For matched
queries, ELIP-C enhances attention on image features relevant to the text. For
example: (Row 1) ELIP-C focuses more on the giant tennis racket and the
young woman for the query “A young woman holding a giant tennis racket”;
(Row 2) ELIP-C highlights the cake, baby, and shirt for the query “A baby
in plaid shirt eating a frosted cake”. Differences are minimal when the image
does not match the query (examples provided in the arXiv version of this
paper [12]).

The visualisations provide strong evidence supporting this
hypothesis.

B. Results on OOD Benchmarks

The results on the out-of-distribution (OOD) benchmarks
are presented in Table III. ELIP achieves notable zero-shot
improvements across all models on the OOD benchmarks,
Occluded COCO and ImageNet-R, highlighting the strong
generalization capabilities of the ELIP models. The perfor-
mance can be improved further by fine-tuning the mapping
network on suitable datasets (the image and text encoders

TABLE III
MAP RESULTS ON OOD DATASETS. ELIP PROMPTING ACHIEVES
NOTABLE ZERO-SHOT IMPROVEMENTS FOR CLIP, SIGLIP SERIES, AND

BLIP-2. THESE GAINS ARE FURTHER AMPLIFIED THROUGH FINE-TUNING
ON RELEVANT DATASETS. FOR EXAMPLE, TO ADAPT TO THE OCCLUDED

COCO, THE ELIP MODEL IS FINE-TUNED ON COCO. SIMILARLY,

FINE-TUNING ON IMAGENET ADAPTS ELIP TO IMAGENET-R. THESE
RESULTS DEMONSTRATE ELIP’S CAPABILITY FOR EFFICIENTLY
ADAPTING THE MODELS TO NEW DATASETS.

Occluded

Model COCo ImageNet-R  Average
CLIP 47.47 76.01 61.74
ELIP-C (zero-shot) 48.89 76.81 62.85
ELIP-C (fine-tuned) 59.88 81.44 70.66
SigLIP 61.74 92.11 76.93
ELIP-S (zero-shot) 64.58 92.42 78.50
ELIP-S (fine-tuned) 71.99 92.86 82.43
SigLIP-2 66.40 92.66 79.53
ELIP-S-2 (zero-shot) 67.42 92.74 80.08
ELIP-S-2 (fine-tuned) 76.10 94.00 85.05
BLIP-2 62.73 82.31 72.52
ELIP-B (zero-shot) 63.40 82.99 73.20
ELIP-B (fine-tuned) 70.49 83.68 77.09

are frozen). Since it is not feasible to fine-tune on Occluded
COCO (very few data samples) and ImageNet-R (evaluation
only), for Occluded COCO retrieval, we fine-tune on the
original COCO dataset, and for ImageNet-R retrieval, we
fine-tune on ImageNet. As can be seen in Table III by this
fine-tuning the performance of all the models is significantly
boosted further. This demonstrates that fine-tuning ELIP en-
ables efficient adaptation of the models to new datasets. The
significant difference ELIP makes is also illustrated in Figure 5
(left). Please refer to the arXiv version of this paper [12] on
the fine-tuning.

VII. CONCLUSION

In this paper, we introduced Enhance Language-Image
Pre-training (ELIP), a method to improve visual-language
foundation models for text-to-image retrieval. ELIP is a sim-
ple plug-and-play modification to pre-trained visual-language
foundation models that significantly improves their zero-shot
performance. Furthermore, the mapping network can be fine-
tuned to efficiently adapt these models to OOD datasets,
leading to still further improvements. We have also demon-
strated, by visualising the attention maps, that ELIP enables
the image encoder to attend to more relevant details. Future
work could apply ideas similar to ELIP to enhance generative
Multimodal Large Language Models by introducing more
effective text-guided visual attention and encoding for both
decoder-only [78] and cross-attention-based [79] architectures.
Please refer to the arXiv version of this paper [12] for more
details and future updates.
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