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Introduction



Motivation: product category tree

Assist customers when navigating

product catalogue.

Ability to retrieve an image for a

given category is a challenge due

to:

• noisy category and product

data

• size and dynamic character of

product catalogues
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Motivation: multi-modal data in e-commerce

• Current e-commerce search focuses on textual and behavioural signals.

• Multimodal product data is barely used.

• Prior work mainly on Fashion retrieval.

• Knowledge gap: multimodal retrieval in general e-commerce domain.

2



Category-to-image (CtI) retrieval task

Task
Given a category and a collection of products, retrieve a list of images of products that

belong to a given category.

Task key characteristics:

• We operate on an e-commerce category tree −→ categories vary in granularity,

e.g.,“Home & Living”→“Kitchen”→“Coffee Machine”.

• The category tree is not fixed −→ aim to generalize towards unseen categories.

• Multimodal product information, i.e., textual, visual, and attribute information.

3



Category-to-image (CtI) retrieval task

Task
Given a category and a collection of products, retrieve a list of images of products that

belong to a given category.

Task key characteristics:

• We operate on an e-commerce category tree −→ categories vary in granularity,

e.g.,“Home & Living”→“Kitchen”→“Coffee Machine”.

• The category tree is not fixed −→ aim to generalize towards unseen categories.

• Multimodal product information, i.e., textual, visual, and attribute information.

3



Research questions

1 How do unimodal vs. multimodal models perform on the task and how does the

performance differ w.r.t. category granularity?

2 How does different combinations of multimodal product information impacts the

performance on the task?
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Approach



Task overview

Definition

• Input: category-product pairs.

• Query : category.

• Return: a ranked list of images that belong to the category.

Metrics
Precision@K where K = {1, 5, 10}, mAP@K where K = {5, 10}, and R-precision.
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Evaluation w.r.t. category granularity

For every category-product pair,

we sample a category in one of

three settings:

• All categories

• Most general category

• Most specific category

Electronics Toys

Fidget toys Education 
toys

Computer 
Hardware Printers

Laptop 
Computers Monitors

Category 
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Electronic 
books
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Model Overview
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Bidirectional contrastive loss

Comprises two losses:

1. Category-to-product loss:

`
(c→p)
j = − log

exp(fsim(cj ,pj)/τ)∑β
k=1 exp(fsim(cj ,pk)/τ)

, (1)

2. Product-to-category loss:

`
(p→c)
j = − log

exp(fsim(pj , cj)/τ)∑β
k=1 exp(fsim(pj , ck)/τ)

. (2)
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Experiments



Experimental Setup

Dataset

• Amazon XMarket dataset [1]

• Textual, visual, attribute information, category tree

Baselines

• Text-only: BM25, and MPNet

• Multimodal: CLIP
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Evaluation

1. Baselines, BM25, CLIP, MPNet.

2. Image-based product representations, CLIP-I.

3. Image and attribute-based product representations, CLIP-IA.

4. Image, attribute, and title-based product representations, CLIP-ITA.
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Evaluation of baselines

Model P@1 P@5 P@10 MAP@5 MAP@10 R-precision

All categories

BM25 0.01 0.01 0.01 0.01 0.01 0.01

CLIP 0.01 0.02 0.02 0.03 0.04 0.02

MPNet 0.01 0.06 0.06 0.07 0.09 0.05
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Evaluation of baselines

Model P@1 P@5 P@10 MAP@5 MAP@10 R-precision

Most general category

BM25 2.94 4.71 4.71 8.33 8.28 4.48

CLIP 11.76 12.35 11.76 16.12 15.18 9.47

MPNet 14.70 15.8 15.01 18.44 18.78 9.35
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Evaluation of baselines

Model P@1 P@5 P@10 MAP@5 MAP@10 R-precision

Most specific category

BM25 0.02 0.02 0.01 0.01 0.01 0.01

CLIP 11.92 9.81 9.23 15.12 14.95 8.14

MPNet 33.36 28.56 26.93 37.43 36.77 25.29
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Evaluation of image-based product representations, CLIP-I

Image encoder
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Evaluation of image-based product representations, CLIP-I

Model P@1 P@5 P@10 MAP@5 MAP@10 R-precision

Most specific category

BM25 0.02 0.02 0.01 0.01 0.01 0.01

CLIP 11.92 9.81 9.23 15.12 14.95 8.14

MPNet 33.36 28.56 26.93 37.43 36.77 25.29

CLIP-I 14.06 12.11 11.53 18.24 17.9 11.22
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Evaluation of image and attribute-based product representations, CLIP-IA
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Evaluation of image and attribute-based product representations, CLIP-IA

Model P@1 P@5 P@10 MAP@5 MAP@10 R-precision

All categories

BM25 0.01 0.01 0.01 0.01 0.01 0.01

CLIP 0.01 0.02 0.02 0.03 0.04 0.02

MPNet 0.01 0.06 0.06 0.07 0.09 0.05

CLIP-I 3.3 3.8 3.79 6.81 7.25 3.67

CLIP-IA 2.5 3.34 3.29 5.95 6.24 3.27
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Evaluation of image and attribute-based product representations, CLIP-IA

Model P@1 P@5 P@10 MAP@5 MAP@10 R-precision

Most specific category

BM25 0.02 0.02 0.01 0.01 0.01 0.01

CLIP 11.92 9.81 9.23 15.12 14.95 8.14

MPNet 33.36 28.56 26.93 37.43 36.77 25.29

CLIP-I 14.06 12.11 11.53 18.24 17.9 11.22
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Evaluation of image, attribute, and title-based product representations, CLIP-

ITA
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Evaluation of image, attribute, and title-based product representations, CLIP-

ITA

Model P@1 P@5 P@10 MAP@5 MAP@10 R-precision

All categories

BM25 0.01 0.01 0.01 0.01 0.01 0.01

CLIP 0.01 0.02 0.02 0.03 0.04 0.02

MPNet 0.01 0.06 0.06 0.07 0.09 0.05

CLIP-I 3.3 3.8 3.79 6.81 7.25 3.67

CLIP-IA 2.5 3.34 3.29 5.95 6.24 3.27

CLIP-ITA 9.9 13.27 13.43 20.3 20.53 13.42
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Evaluation of image, attribute, and title-based product representations, CLIP-

ITA

Model P@1 P@5 P@10 MAP@5 MAP@10 R-precision

Most general category

BM25 2.94 4.71 4.71 8.33 8.28 4.48

CLIP 11.76 12.35 11.76 16.12 15.18 9.47

MPNet 14.70 15.8 15.01 18.44 18.78 9.35

CLIP-I 17.85 17.14 16.78 19.88 20.14 13.02

CLIP-IA 21.42 21.91 22.78 25.59 26.29 20.74

CLIP-ITA 35.71 30.95 30.95 35.51 34.28 25.79
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Evaluation of image, attribute, and title-based product representations, CLIP-

ITA

Model P@1 P@5 P@10 MAP@5 MAP@10 R-precision

Most specific category

BM25 0.02 0.02 0.01 0.01 0.01 0.01

CLIP 11.92 9.81 9.23 15.12 14.95 8.14

MPNet 33.36 28.56 26.93 37.43 36.77 25.29

CLIP-I 14.06 12.11 11.53 18.24 17.9 11.22

CLIP-IA 35.3 30.21 29.32 39.93 39.27 28.86

CLIP-ITA 45.85 41.04 40.02 50.04 49.87 39.69
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Conclusion



Summary

• Introduced category-to-image retrieval task.

• Introduced the model for the task.

• Evaluated the model in three settings: all categories, most general categories,

most specific categories.

• Multimodal models tend to outperform unimodal models.

• Combining textual, visual, and attribute information when building product

represetations produces best results on the task.

Thank you for your attention!
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