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Causal image-text retrieval embedded with consensus knowledge
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ABSTRACT Crossmodal image-text retrieval involves retrieving relevant images or texts based on a query condition from the opposite
modality. Its primary challenge lies in precisely quantifying the similarity metric used for feature matching between the two distinct
modalities, playing an important role in mitigating the visual-semantic disparities between the heterogeneous realms of visual and
linguistic domains. It has extensive applications in domains such as e-commerce product search and medical image retrieval. Traditional
retrieval paradigms depend on harnessing deep learning techniques for extracting feature representations from images and texts.
Crossmodal image-text retrieval learns semantic feature representations of disparate modal data by harnessing the formidable
feature—extraction ability, subsequently mapping them into a shared semantic space for semantic alignment. However, this approach
primarily depends on superficial data correlations, lacking the capacity to reveal the latent causal relationships underpinning the data.
Moreover, owing to the inherent “black-box” nature of deep learning, the interpretability of model predictions often eludes human
comprehension. In addition, an undue reliance on training data distributions impairs the generalization performance of the model.
Consequently, the existing methods suffer the challenge of representing high-level semantic insights while maintaining interpretability.
Causal inference, which endeavors to ascertain the causal effect of specific phenomena by isolating confounding factors by means of

intervention, presents a novel avenue for enhancing the generalization capability and interpretability of deep models. Recently,
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researchers have sought to combine visual and linguistic tasks with the principles of causal inference. Accordingly, we introduce causal
inference and embeds consensus knowledge into the bedrock of deep learning, and a novel causal image-text retrieval methodology with
embedded consensus knowledge is proposed. Specifically, causal intervention is introduced into the visual feature extraction module,
replacing correlated relationships with causal counterparts to cultivate common causal visual features. These features are then fused with
the primal visual features acquired through bottom-up attention, resulting in a definitive visual feature representation. This study adopts
the potent textual feature extraction ability of bidirectional encoder representations from transformers to address the shortfall in textual
feature representation. Shared consensus knowledge between the two modal data is entwined, allowing for consensus-level feature
representation learning image-text features. Empirical validation on the dataset MS-COCO and crossdataset experiments on the dataset
Flickr30k substantiate the capacity of the proposed method to consistently enhance recall and mean recall in bidirectional image-text
retrieval tasks. In summary, this pioneering approach endeavors to bridge the gap between visual and textual representations by

combining causal inference principles and shared consensus knowledge within the framework of deep learning, thereby promising

enhanced generalization and interpretability.

KEY WORDS causal inference; image-text retrieval; crossmodality; computer vision; natural language processing
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Table 1 Evaluation results on the test set MS-COCO 1K

I2T Retrieval T2I Retrieval
Methods Image Backbone Text Backbone
R@l R@5 R@I0 R@! R@5 R@10 Rgym mR

VSE++ ResNet-152 GRU 64.6  90.0 95.7 520 843 92.0 478.6  79.77
SCAN Faster R-CNN Bi-GRU 727 948 98.4 58.8 88.4 94.8 507.9  84.65
PVSE ResNet-152 Bi-GRU 69.2 916 96.6 55.2 86.5 93.7 4928  82.13
SCO ResNet-152 LSTM 71.3 93.8 98.0 58.2 88.8 95.3 5054 8423
SGM Faster R-CNN Bi-GRU 734 93.8 97.8 57.5 87.3 94.3 504.1  84.02
CVSE Faster R-CNN Bi-GRU 748  95.1 98.3 59.9 894 95.2 513.6  85.60
NCR Faster R-CNN Bi-GRU 787 958 98.5 63.3 90.4 95.8 5225 87.08
SHAN Faster R-CNN Bi-GRU 76.8  96.4 98.7 62.6  89.6 95.8 519.8  86.63
VSEw Faster R-CNN Bi-GRU 785  96.0 98.7 61.7 903 95.6 520.8  86.80
SAGRL Faster R-CNN Bi-GRU 755 959 99.0 59.8 89.1 95.0 5143 8572
CMRN Faster R-CNN GRU 739 939 97.9 604 885 94.0 508.6  84.77
DERN Faster R-CNN Bi-GRU 785 962 99.0 62.0  89.7 96.2 521.6  86.93
ALGRL Faster R-CNN BETR 77.8  96.1 99.0 639  91.1 96.0 5239 8732
RAAN Faster R-CNN Bi-GRU 76.8  96.4 98.3 61.8 89.5 95.8 518.6 8643
GLFN Faster R-CNN BETR+ Bi-GRU 784  96.0 98.5 62.6  89.6 95.4 5205  86.75
DRCE Faster R-CNN Bi-GRU 79.1 96.4 99.0 63.6 903 95.9 5243 8738
VSRN++ Faster R-CNN BETR 779  96.0 98.5 64.1 91.0 96.1 523.6  87.27
Our* Faster R-CNN Bi-GRU 76.3 95.7 98.6 59.6  88.8 94.9 513.9  85.65
Our Faster R-CNN BETR 78.6 964 98.9 628 904 96.3 5234 8723

Note: “*” indicates only use causal intervention.
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Table 2 Evaluation results on the test set MS-COCO 5K

12T Retrieval T2I Retrieval
Methods Image Backbone Text Backbone
R@l R@5 R@I10 R@l R@5 R@10 Rgym mR

VSE++ ResNet-152 GRU 413 71.1 81.2 30.3 59.4 72.4 3557 5928
SCAN Faster R-CNN Bi-GRU 50.4 82.2 90.0 38.6 69.3 80.4 4109  68.48
PVSE ResNet-152 Bi-GRU 452 74.3 84.5 324 63.0 75.0 3744 6240
SCO ResNet-152 LSTM 45.7 76.0 86.4 36.8 67.0 78.8 390.7  65.12
SGM Faster R-CNN Bi-GRU 50.0 79.3 87.9 353 64.9 76.5 3939  65.65
CVSE Faster R-CNN Bi-GRU 51.1 80.1 89.3 37.0 68.0 79.7 4052 67.53
SAGRL Faster R-CNN Bi-GRU 51.7 82.9 90.4 39.6 69.9 81.1 415.6  69.27
ReSG Faster R-CNN Bi-GRU 55.8 83.0 91.0 42.0 72.4 82.1 4263  71.05
ALGRL Faster R-CNN BETR 55.2 83.9 91.4 40.7 71.9 82.6 4257 70.98
DRCE-A Faster R-CNN Bi-GRU 56.2 83.0 90.9 40.3 69.5 80.6 420.5  70.08
VSRN++ Faster R-CNN BETR 54.7 82.9 90.9 42.0 722 82.7 4254 7090
Our* Faster R-CNN Bi-GRU 53.2 83.0 90.3 39.2 69.5 80.5 4157  69.28
Our Faster R-CNN BETR 55.3 84.3 91.7 42.4 71.7 81.4 426.8  71.13

Note: “*” indicates only use causal intervention.
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Fig.3 Ablation experiments: (a) mR is affected by the manner of global feature extraction; (b) mR is affected by the number of consensus words ¢;

(c) mR is affected by the fusion parameter A
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Table 3 Evaluation results on crossdataset generalization from MS-COCO to Flickr30k

12T Retrieval T2I Retrieval
Methods
R@! R@5 R@10 R@1 R@5 R@10 Rym mR
VSE++ 40.5 67.3 71.7 28.4 554 66.6 335.9 55.98
SCAN 49.8 77.8 86.0 384 65.0 74.4 391.4 65.23
CVSE 56.4 83.0 89.0 39.9 68.6 77.2 414.1 69.02
Our 62.3 85.1 91.2 42.2 71.3 80.0 432.1 72.02
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A person jumps in the air and catches a Frisbee at the beach.
A man gets air catching the Frisbee near the water.

Man in air catching frisbee at beach near ocean.

A person jumps in the air and catches a Frisbee at the beach.
Man in air catching frisbee at beach near ocean.

A man gets air catching the Frisbee near the water.

*
A woman throws a tennis ball to hit it on a court.
The woman is playing tennis on the court.

A person with a racket plays on a court.

A girl practicing tennis on a tennis court.
A woman throws a tennis ball to hit it on a court.

A woman throws up the tennis ball to serve.

B4 FERRICAR I

Fig.4 Visualization of 12T retrieval

A man is standing in the kitchen preparing food.

A group of people on skis stand in a line.

B5 SORKBREG UL

Fig.5 Visualization of T2I retrieval
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