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Abstract—Zero-Shot Composed Image Retrieval (ZS-CIR) is
the task of retrieving a target image based on a query that
combines a reference image with a textual description specify-
ing desired modifications in a zero-shot setting. Existing ZS-
CIR models typically fuse visual and textual modalities into
a single query representation, but often struggle to capture
the fine-grained distinctions essential for accurate retrieval. In
this paper, we present TEOZCIR, a transformer-based model
that introduces a balanced semantic fusion module and an en-
hancement mechanism to more effectively integrate multimodal
information. The model is built around two core components: the
Text-Aware Query Combiner (TAQC) and the Query Enhancer
Network (QENet). These components operate in tandem: TAQC
dynamically adjusts the semantic contributions of the visual
context based on the input text, generating a balanced query
representation. This representation is then further refined by
QENet, which enhances the fused features to better align with
the target image. Throughout the entire process, the model
maintains a lightweight architecture with significantly fewer
trainable parameters compared to conventional training-based
methods. Experiments carried out on three benchmark datasets
CIRR, Fashion IQ, and CIRCO to demonstrate that TEOZCIR
significantly improves ZS-CIR performance, setting a new bench-
mark for multimodal retrieval.

Index Terms—Composed Image Retrieval, Zero-Shot Com-
posed Image Retrieval, Fusion Strategies.

I. INTRODUCTION

Content-Based Image Retrieval (CBIR) [1] is a core task in
multimedia applications, with a wide range of use cases such
as visual search [2]–[4], object and landmark localization [5]–
[8], and person or vehicle re-identification [6], [9]. Tradi-
tional single modality approaches, like text-to-image [10]–
[14] or image-to-image retrieval [15]–[19], typically align
input queries with images. However, they often fail to cap-
ture nuanced user intent in image modification queries. To
overcome this limitation, Composed Image Retrieval (CIR)
[20]–[25] introduces a more expressive multimodal approach.
CIR combines a reference image with textual instructions
to form a single, composite query. This enables retrieval of
images that match the reference image features incorporating
specified textual modifications. For instance, a user might
submit a photo and request changes like “add a red hat” or
“change the background to a beach”. By integrating visual
and textual cues, CIR offers a more flexible and accurate
search experience compared to traditional methods. Recent
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Fig. 1: Workflow Overview: (Top), TEOZCIR generates a
target query by combining reference image features with
conditional text. Bottom (inference), Image Retrieval Process:
Matching the target query against the dataset to retrieve the
target image in a zero-shot setting

Vision-Language Models like CLIP [26] and BLIP [27] align
text and image features in a shared space through large-scale
contrastive pre-training. CIR leverages these learned represen-
tations to model the relationship between the reference image,
the textual modification and the desired outcome. To achieve
this objective, a carefully curated dataset is required with a
large number of training triplets (IRef , TCond, ITarget), in
which IRef is a reference image, TCond is a condition text and
ITarget is a target image. Collecting or creating such triplets
is very expensive and laborious. Constructing these datasets is
a major bottleneck, not merely due to scale, but fundamentally
because of the “fuzzy” nature of the CIR task. Since a given
(IRef , TCond) input can correspond to multiple plausible
target images reflecting diverse interpretations, establishing
consistent ground truth for ITarget is inherently ambigu-
ous, rendering dataset collection noticeably challenging and
costly. To tackle these challenges, Zero-Shot Composed Image
Retrieval (ZS-CIR) has emerged as a promising alternative.
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Rather than relying on curated triplets, ZS-CIR utilizes large-
scale image-text pairs for training, enabling it to generalize
more effectively to unseen data. In this work, we present
TEOZCIR, a lightweight multimodal text-guided late-fusion
approach designed to address the Zero-Shot CIR task. The
fusion process dynamically adjusts the importance of textual
and visual contexts based on a learnable parameter, which is
induced between the two input modalities. It accounts for the
semantic modifications of the visual content while attending
the information from the input (conditional) text. Additionally,
the fusion mechanism amplifies both the edited features and
the conditional text, ensuring the intermediate representation
to align closely with the target image. To balance the contri-
butions from both text and visual modalities, the intermediate
representation is further refined to obtain the final target query.
The overall workflow of our approach is shown in Fig. 1. The
main contributions can be summarized as follows:

• We introduce TEOZCIR, a novel multimodal TExt-
Oriented image query approach for Zero-shot Composed
Image Retrieval task, to retrieve a target image based on
the context, coming from the reference image and the
conditional text, with few trainable parameters;

• we design the Text-Aware Query Combiner (TAQC)
and the Query Enhancer Network (QENet) modules, to
adjust the semantic contributions from both modalities
and enhance the final target query, with a simple training,
involving fewer trainable parameters compared to existing
approaches;

• we conduct experiments on three popular datasets in
zero-shot CIR task. We demonstrate that, without relying
on LLMs, our proposed method outperforms existing
fusion-based approaches and shows good generalization
capabilities w.r.t LLM-based methods.

II. RELATED WORKS

Recent advancements in Composed Image Retrieval (CIR)
have introduced state-of-the-art models that fuse both image
and text modalities to form a composed query that tackles
the retrieval task effectively. Methods addressing CIR can
be divided into two categories: supervised learning-based
approaches, where the model is trained and evaluated on
the same benchmark dataset, and methods for Zero-Shot
Composed Image Retrieval (ZS-CIR), where the model is
trained on one dataset and evaluated on another. Existing CIR
solutions are broadly classified into Late Fusion and Early
Fusion approaches. Early Fusion methods integrate visual and
textual features at the input or embedding level, allowing the
model to learn joint representations before making predictions.
For instance, SPRC [28] model tackles the CIR task in an
early fusion strategy and employs a lightweight querying
transformer to generate text prompts that blend the context
of the reference image with the modification text. Late Fusion
methods, instead, merge the two modalities after the features
are extracted from the input text and image. CLIP4CIR [29]
utilizes CLIP as the backbone and an MLP as the image-text
combiner to integrate the reference image and the conditional

text into a unified representation, which is then matched
with the target image. BLIP4CIR+Bi [30] introduces a novel
mapping between the target image and the reference image
using ⟨target image, reversed modification text⟩ pairs. All these
methods mentioned above are supervised learning approaches
which require curated triplets for training.

In zero-shot settings, many existing approaches address the
CIR task in late fusion mechanism. PALAVRA [31] employs
a two-stage process, first by applying textual inversion with a
mapping function and then optimizing the pseudo-word token.
Pic2Word [13] is a training-dependent method that leverages
a textual inversion network optimized by contrastive loss
to capture the pseudo-word token. Similarly, SEARLE [10]
generates pseudo-word tokens through textual inversion and
distills them into a dedicated network. SEARLE-OTI [10]
represents a variant that operates without the distillation net-
work. Additionally, LinCIR [32] projects text embeddings into
the token space for retrieval. These methods overcome the
reliance on curated triplets. However, the models suffer from
a limitation as they primarily focus on fine-tuning the text
inversion mechanism that projects the image into the text latent
space, while overlooking the alignment between the projected
image and the target image. MagicLens [33] adopts an atten-
tion pooling mechanism for the ZS-CIR task, showing better
performance. Its strength lies in handling their own dataset
which comprises samples with rich semantic relations, and
also employing stronger backbones. TransAgg [34] is another
transformer-based model, which is trained on their proposed
dataset (named Laion combined) that fuses multimodal input
to address the ZS-CIR task. However, these models [32]–[34]
often fail to capture and fuse intricate fine-grained distinctions
crucial for accurate retrieval. Instead, our late fusion model
is designed by using a tailored weighting mechanism that
operates on multimodal inputs, leveraging a learnable token
to guide the retrieval process. This mechanism injects textual
information from the conditional text into the visual content,
enabling more context-aware retrieval.

Some emerging techniques [11], [12] are based on a non-
training manner. Among them, CIReVL [12] is a training-
free approach that employs a generative vision language
model alongside an LLM to recompose captions based on
textual modifications. Furthermore, SEIZE [11] (inspired by
LDRE [14]) is a training-free approach that utilizes a visual-
language model (VLM) and a large language model (LLM)
to generate initial captions and their edited variants. By com-
paring the similarity between the aggregated edited captions
and the target image, the method facilitates retrieval. Despite
the strong performance of LLM and VLM models, there are
limitations, such as the induction of hallucinations in the
retrieval pipeline and the use of static embeddings due to the
training-free approach. In contrast, we propose a novel late
fusion text oriented mechanism, that captures and fuses the
semantic fine-grained features with the improved interpretation
from incorporated textual aspects guiding the visual edited
content of the reference image for target image retrieval.
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Fig. 2: Overview of the proposed TEOZCIR framework. Given a reference image IRef and conditional text TCond, we extract their
embeddings using BLIP [27]. Along with a learnable token T∗, these embeddings are passed through a transformer encoder.
The token T∗ acts as an enriched visual anchor, guided by the conditional text. The resulting embeddings are processed by
the Text-Aware Query Combiner (TAQC) to generate an intermediate query qi, which is then refined by the Query Enhancer
Network (QENet) to produce the final query representation q for retrieval.

III. METHOD

In this paper, we introduce TEOZCIR, a novel text-oriented
approach specifically designed to address the zero-shot CIR
task with a multimodal input query {IRef , TCond}, where
IRef represents the reference image and TCond denotes the
conditional text. The approach seamlessly integrates context
from both modalities: the reference image provides the vi-
sual grounding, while the conditional text imposes textual
constraints that guide the retrieval process. The goal is to
retrieve a target image that visually aligns with the combined
semantic information from both visual and textual inputs
through the final query representation q. The overall proposed
model is shown in Fig. 2. We first input the image and the
conditional text to a BLIP [27] pretrained model keeping the
image encoder ψvisual frozen. We augment the output of the
BLIP model by concatenating it with a learnable image token,
denoted as T∗. Traditionally, a class token of a transformer
encoder is used to capture the global representation. In our
design, this image token T∗ is designed to jointly learn from
both the reference image and the conditional text. During
training, T∗ captures global visual information from the input
image while being conditioned by the textual content TCond.

We believe that such an image token T∗ would allow
the model to learn crucial information injected from the
conditional text. The transformer encoder captures the token-
level context to produce visual-language embeddings. We then
introduce the Text-Aware Query Combiner (TAQC) module
(see Section III-A), which processes the class text token and
the learnable image token to devise an enhanced query repre-
sentation qi. This representation is semantically aligned visual
aspects induced with more textual facet. Such an intermediate
query qi is advanced to the Query Enhancer Network (QENet)
(see Section III-B), which amplifies its expressiveness. The
refined query q is finally used to retrieve the target image.

A. Text-Aware Query Combiner (TAQC)

The Text-Aware Query Combiner (TAQC) module is de-
signed to enhance retrieval performance by generating a se-
mantically aligned context-aware query representation from
visual-language embeddings. To facilitate effective fusion be-
tween the two modalities, a learnable token T∗ a class token
of the image is concatenated between the reference image and
conditioned text embeddings. This token acts not only as a
boundary between the two modalities but also as a contextual
aggregator. From the encoder output, the image token T∗ and
class token of the entire sequence CLSText are extracted. To
emphasize the relative importance of edited visual content
and textual content from each token, two learnable vector
parameters γ and λ are employed. Specifically, γ is used to
scale both tokens, enhancing the model’s ability to capture
the cross modal context; λ in conjunction with CL, a scalar
denoting the number of valid tokens in the conditioned text,
dynamically emphasizes the textual component CLSText. The
scalar value CL accounts for the varying impact of longer
and shorter conditional text, when determining contributions.
To enrich the textual contributions from different perspectives
the γ scaled CLSText and λ emphasized in conjunction with
text length CLSText are element-wise added. Furthermore, the
learnable nature of the weighting parameters allows the model
to optimize feature fusion during training, thereby enhancing
its generalization ability across diverse queries and data do-
mains. The intermediate query representation qi is finally gen-
erated, by concatenating (see the CONCAT operation in Fig. 2)
the two contributions from the image and the conditional text
thoroughly weighted in this TAQC module. The intermediate
query qi can be described according to (1):

qi = CONCAT (γ ·T∗, (γ · CLSText + λ · CL · CLSText)) (1)
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Particularly, the two concatenated components from (1) offer
complementary perspectives of the text, enabling the learnable
parameters to dynamically capture and integrate the essential
semantics of both the textual and visual contexts.

B. Query Enhancer Network (QENet)

The Query Enhancer Network amplifies the expressiveness
of the output from TAQC (see Section III-A), which is
passed through a fully connected network to capture more
intricate relationships among the features. The output q′i is
then proceeded to the last linear layer, which turns it to 3
weighing parameters {ω1, ω2, ω3}. These vectors are used
to perform element-wise scaling on intermediate query and
corresponding feature components, allowing the model to
adaptively re-weight different semantic aspects of the query.
Such parameters play a critical role in adaptive balancing, re-
calibrating, emphasizing and generalization. By dynamically
emphasizing relevant features and downplaying less informa-
tive ones, QENet helps the model generalize across diverse
query types that significantly improves retrieval performance.
The final query representation q is formally described in (2):

q = ω1 · ψtext + ω2 · q′i + ω3 · ψvisual (2)

where ψvisual and ψtext are the BLIP’s visual and text encoder
outcome respectively.

IV. EXPERIMENTAL RESULTS

This section presents the experimental results for evaluating
our approach on the zero-shot CIR task. Implementation
details are provided in Sec.IV-A, while datasets and evaluation
metrics are described in Sec.IV-B. Results are reported in
Sec.IV-C, where we compare our method with state-of-the-
art approaches under fair conditions, considering backbone
size and total trainable parameters. When ViT-B variants are
unavailable, we use the next larger model (e.g., ViT-L) for con-
sistency. Experiments were conducted on three standard CIR
benchmarks: CIRR [35], FashionIQ [36], and CIRCO [37].
Ablation studies in Sec. V analyze the contribution of each
TEOZCIR component with additional experiments.

A. Implementation details

We follow the same training and evaluation protocol as other
zero-shot CIR approaches [33], [34], [38], [40]. Our model
is trained on the Laion combined [34], the only publicly
available dataset for ZS-CIR containing 32k automatically
constructed triplets. This enables true zero-shot evaluation
training solely on synthetic triplets while testing on standard
benchmarks. Furthermore, we use the LaSco [38] dataset to
conduct an ablation study (see Section V). Our framework
is implemented with PyTorch1 and runs on a single 24GB
NVIDIA TITAN RTX. It must be noted that the model requires
approximately 7GB of memory, making it suitable for both
training and evaluation also on GPUs with limited memory
capacity. We adopt the same image pre-processing scheme as

1Code is available at https://github.com/miccunifi/TEOZCIR

in [29]. We use a transformer encoder with N = 2 layers and
8 attention heads with dropout 0.1 and other hyperparameter
settings from [34]. We use BLIP w/ViT-B [27] to process
the multimodal input, initializing from the fine-tuned Image-
Text Retrieval (COCO) checkpoint. We freeze the BLIP visual
encoder, while keeping the text encoder trainable end-to-end
with our proposed model. We train the entire framework
with 50 epochs and a batch size of 16. The total trainable
parameters are 143M out of 443M total parameters. We use
AdamW optimizer with cosine decay. The learning rate of the
BLIP’s text encoder parameters is initialized with 1e− 6. We
used the classification loss [41] formally defined as (3):

L =
1

B

B∑
i=1

− log

(
exp

(
κ
(
q, ψ+

visual(i)
))∑B

j=1 exp
(
κ
(
q, ψ+

visual(j)
))) (3)

where B is the batch size, κ is the cosine similarity and q is the
final represented query, ψvisual(·) is the BLIP visual encoder.

B. Evaluation datasets and metrics

We compare the proposed method with baseline models and
recent approaches, with or without the use of powerful LLMs.
We show the results in Tab. I and II. We report in Tab. I
the total trainable parameters for each approach except for
the baselines, to highlight the performance of the models with
respect to the trainable parameters. Entry with “–”, refers to
non-availability of the value in the original paper.

CIRR is a manually annotated open-domain dataset with
36.5k queries over 19k images, aimed at evaluating CIR
methods in general settings. Performance is measured in the
test set using Recall@K (K ∈ {1, 5, 10, 50}), indicating the
percentage of target images in the top-K results.

FashionIQ is a fashion-focused retrieval dataset with
30,134 triplets from 77,684 images across three categories:
Dress, Shirt, and Toptee. Recall@K (k ∈ {10, 50}, Avg) is
employed to measure retrieval accuracy in the val set.

CIRCO is an open-domain dataset for zero-shot CIR, with
no training split. It features multiple ground truths per query
(avg. 4.53), 220 validation and 800 test queries, and a 120k-
image gallery from COCO. Evaluation in the test set uses
mAP@K k ∈ {10, 25, 50}, enabling fine-grained assessment.

C. Results

1) CIRR: From Tab. I, our proposed method TEOZ-
CIR demonstrates state-of-the-art performance equipped with
a ViT-B backbone. Compared to MagicLens, our method
achieves substantial gains, improving Recall@1 (+12.64), Re-
call@5 (+11.76), Recall@10 (+9.44) and Recall@50 (+3.74)
points. Also, TEOZCIR consistently outperforms the second-
best method TransAgg, with improvements of Recall@1
(+1.54), Recall@5 (+1.34), Recall@10 (+1.26) and Recall@50
(+1.33) points across the metrics. These gains are primarily
attributed to the proposed TAQC module, which effectively en-
hances semantic alignment by dynamically weighting critical
query features for retrieval. TEOZCIR delivers notable results
over projection based methods such as LinCIR, Pic2Word,
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TABLE I: Comparison with state-of-the-art approaches in ZS-CIR (Zero Shot Composed Image Retrieval). Best score in bold,
second best score underlined. The metrics with “–” refer no value is provided in author’s paper.

Method Backbone
# Trainable

Params

CIRR FashionIQ CIRCO

Recall@K Recall@K (val) mAP@K

K=1 K=5 K=10 K=50 K=10 K=50 Avg K=10 K=25 K=50

Image-only ViT-B 6.89 22.99 33.68 59.23 5.90 13.37 9.64 1.60 2.12 2.41
Text-only ViT-B 21.81 45.22 57.42 81.01 18.70 36.84 27.77 2.67 2.98 3.18

Captioning ViT-B 12.46 35.04 47.71 77.35 13.98 28.62 21.30 5.77 6.44 6.85
PALAVRA [31] ViT-B 176M 16.62 43.49 58.51 83.95 19.76 37.25 28.51 5.32 6.33 6.80
SEARLE [37] ViT-B 165M 24.00 53.42 66.82 89.80 22.89 42.53 32.71 9.94 11.13 11.84

SEARLE-OTI [37] ViT-B 165M 24.27 53.25 66.10 88.84 22.44 42.34 32.39 7.83 8.99 9.60
CASE [38] ViT-B - 35.40 65.78 78.53 94.63 - - - - - -

Pic2Word [13] ViT-L 429M 23.90 51.70 65.30 87.80 24.70 43.70 34.20 9.51 10.64 11.29
LinCIR [32] ViT-L 442M 25.04 53.25 66.68 - 26.28 46.49 36.39 13.58 15.00 15.85

Context-I2W [39] ViT-L 496M 25.60 55.10 68.50 89.80 27.80 48.90 38.35 14.62 16.14 17.16
TransAgg [34] ViT-B - 38.10 68.42 79.08 93.51 32.07 53.26 42.67 - - -

MagicLens [33] ViT-B 166M 27.00 58.00 70.90 91.10 26.30 47.40 36.85 23.80 25.80 26.70
TEOZCIR (our) ViT-B 147M 39.64 69.76 80.34 94.84 34.69 56.32 45.51 15.72 17.34 18.19

TABLE II: Comparison with LLM powered state-of-the-art approaches in ZS-CIR (Zero Shot Composed Image Retrieval).
Best score in bold, second best score underlined. The metrics with “–” refer no value is provided in author’s paper.

Method Backbone LLM
CIRR FashionIQ CIRCO

Recall@K Recall@K (val) mAP@K

K=1 K=5 K=10 K=50 K=10 K=50 Avg K=10 K=25 K=50

SEIZE [11] ViT-B GPT-3.5-turbo 27.47 57.42 70.17 - 28.94 49.86 39.40 19.64 21.55 22.49
CIReVL [12] ViT-B GPT-3.5-turbo/GPT-4 23.94 52.51 66.00 86.95 28.29 49.35 38.82 15.42 17.00 17.82
LDRE [14] ViT-B GPT-3.5-turbo 25.69 55.13 69.04 89.90 24.81 45.63 35.22 18.32 20.21 21.11

TEOZCIR (our) ViT-B ✗ 39.64 69.76 80.34 94.84 34.69 56.32 45.51 15.72 17.34 18.19

SEARLE, SEARLE-OTI and Context-I2W. In particular, com-
pared to Context-I2W, our method achieves approximately
(+14.00) point gains on all metrics (see Tab. I). This under-
scores the model’s strong generalization capabilities. In Tab. II
TEOZCIR exceeds several recent LLM-powered methods,
including CIReVL, SEIZE, and LDRE, avoiding LLMs. Our
model achieves the highest Recall@1 of 39.64, outperforming
SEIZE by a margin of (+12.17) points, which is also consistent
with the other metrics, with an average of (+12.34). These
findings highlight TEOZCIR’s efficiency and robustness, even
trained on a dataset of only 32k triplets.

2) FashionIQ: Along the stronger performance on CIRR,
TEOZCIR achieved pronounced gains on FashionIQ. Com-
pared to TransAgg, which is the second strongest, our model
records significantly better results on FashionIQ, with im-
provements of (+2.62) points in Recall@10 and (+3.06) points
in Recall@50 (see Tab. I). This indicates that TEOZCIR
performed well in varied datasets, excelling in FashionIQ
which is domain specific. This stronger performance gap on
FashionIQ demonstrates the TEOZCIR’s ability to capture
fine-grained attribute shifts in fashion items. We outperform
both MagicLens and Context-I2W by large margins (+8.92)
and (+7.42) points in Recall@50 and (+8.39) and (+6.89)
points in Recall@10 respectively, while using fewer trainable

parameters. From Tab. II, TEOZCIR surpasses LLM-based
methods, such as SEIZE, achieving a significant improvement
of (+5.75) points in Recall@10 and (+6.46) points in Re-
call@50, without relying on LLMs. These results reinforce the
strength of our architecture in modeling compositional queries,
even in domain-specific settings like FashionIQ.

3) CIRCO: We report the CIRCO results in the right
section of Tab. I. Our model achieved substantial gains in
mAP metrics, ranking as second best compared with all the
considered models. TEOZCIR shows a consistent improve-
ment of approximately (+1.1) points in each metric compared
to Context-I2W. MagicLens demonstrates reasonable perfor-
mance over our model. However, it is crucial to consider
factors, such as the number of trainable parameters (see Tab. I)
and the scale of the training dataset. Despite being trained
on a fraction of the data, TEOZCIR demonstrates strong per-
formance. MagicLens is built on a significantly larger model
and trained with proprietary dataset of 36.7 million high-
quality triplets (not publicly available). Instead, our model was
trained on only 32K samples, which is 0.087% (approximately
1/10th of 1%) of MagicLens’s training data. Nonetheless,
TEOZCIR achieves comparable performance, highlighting the
effectiveness of our lightweight design and the impact of the
Text-Aware Query Combiner (TAQC) and Query Enhancer
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Network (QENet) modules. When compared to LLM-based
models (see Tab. II), TEOZCIR surpassed CIReVL and deliv-
ered competitive results against SEIZE and LDRE. The results
on CIRCO dataset underscore the strength and generalization
capability of our approach without relying on LLMs. Given
this, it is reasonable to expect that TEOZCIR would achieve
even better performance if trained on a larger dataset, further
amplifying the benefits of our proposed modules.

V. ABLATION STUDIES

We carry out targeted ablation studies on CIRR and Fash-
ionIQ to analyze the contributions of each TEOZCIR’s com-
ponent, the diverse weighting mechanisms and the importance
of our image token T∗ and the training dataset used.

A. Effect of each component

We evaluate how each core component of TEOZCIR con-
tributes to its overall performance. As shown in Tab. III, it
is the combination of TAQC and QENet that truly stands out
consistently achieving the highest Recall@K scores on both
CIRR and FashionIQ, and even surpassing existing state-of-
the-art models. This success comes from how well the two
modules complement each other, and working together to build
a more powerful and refined query representation.

TABLE III: Ablation study of each component contribution.

TAQC QENet
CIRR FashionIQ

Recall@K (test) Recall@K (val)

K=1 K=5 K=10 K=50 K=10 K=50 Avg

✓ ✗ 21.89 42.91 55.04 81.86 20.88 36.42 28.65
✗ ✓ 38.09 68.01 78.61 93.04 33.27 54.02 43.64
✓ ✓ 39.64 69.76 80.34 94.84 34.69 56.32 45.51

B. Effect of diverse weighting mechanisms

We examine the impact of two weighting mechanisms that
modulate the importance of text and image modality (see Fig. 3
(a) and (b) respectively). Results reported in Tab. IV show that
both weighting modalities are needed for better performance.

C
O
N
C
AT

TAQC w/o

(a)

C
O
N
C
AT

TAQC w/o

(b)

Fig. 3: Ablation study: (a) qi = γ · T∗ ∥ (CLSText + λ · CL · CLSText)

(b) qi = T∗ ∥ (γ · CLSText + λ · CL · CLSText) , where ∥ is the CON-
CAT operation in short. Text-Aware Query Combiner (TAQC)
combines image and text features, where scaling factors γ and
λ dynamically adapt the contributions of the learnable image
token T∗ and the text class token CLSText.

C. Effect of Image Token

We evaluate the importance of the learnable image token T∗

in TEOZCIR. As shown in Tab. V, its inclusion consistently
improves Recall@K compared to the variant without it.

TABLE IV: Ablation study of diverse weighting mechanisms.

Method
CIRR Test FashionIQ

Recall@K (test) Recall@K (val)

K=1 K=5 K=10 K=50 K=10 K=50 Avg

TEOZCIR w/o γ text 36.96 68.07 79.95 94.15 33.46 54.21 43.83
TEOZCIR w/o γ img 37.93 69.25 80.03 94.72 34.21 55.46 44.84

TEOZCIR (our) 39.64 69.76 80.34 94.84 34.69 56.32 45.51

TABLE V: Ablation study of the image token T∗ contribution.

Method
CIRR Test FashionIQ

Recall@K (test) Recall@K (val)

K=1 K=5 K=10 K=50 K=10 K=50 Avg

TEOZCIR w/o T∗ 38.89 68.32 79.83 94.01 33.27 54.02 43.64
TEOZCIR (our) 39.64 69.76 80.34 94.84 34.69 56.32 45.51

D. Effect of different available training dataset

Finally, we train TEOZCIR on the other available dataset
LaSco [38] and evaluate its zero-shot performance. As shown
in Tab. VI, the drop in generalization confirms the effective-
ness of our training dataset choice.

TABLE VI: Ablation study of different training dataset.

Method
CIRR Test FashionIQ

Recall@K (test) Recall@K (val)

K=1 K=5 K=10 K=50 K=10 K=50 Avg

TEOZCIR w LaSco [38] 32.76 64.55 76.89 92.80 31.66 52.54 42.10
TEOZCIR (our) 39.64 69.76 80.34 94.84 34.69 56.32 45.51

VI. CONCLUSION AND FUTURE WORK

In this paper, we present a novel multimodal retrieval model
named TEOZCIR for the zero-shot CIR task. Our model
revolves around fusing image and text contextual embeddings,
by enriching visual interpretation with induced enhance textual
context. The experimental results in CIRR and FashionIQ,
show that our model successfully outperformed the existing
compared approaches, increasing the retrieval accuracy across
all the metrics. We demonstrated the importance of textual
context in the final query representation along with visual con-
text. It is evident in the CIRCO dataset the model performed
reasonably better, surpassing several existing methods while
relying only on a training dataset of size 32k samples. We
believe that TEOZCIR’s performance on the CIRCO dataset
could further improve with a larger, well-defined training
set. Alternative weighting mechanisms can be explored and
analyzed in future work. Additionally, inspired by the im-
provements of powerful LLM models, we plan to investigate
the integration of LLMs into our framework.
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