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Figure 1: Each row of results represents results from one model type, the first image of the row is the query image for retrieval.
Green bordered rows represent correct results. Our proposed ensemble model can predict correctly even if individual models
fail. The ensemble is able to improve beyond any single model’s capabilities. All the ASINs, product images (referred as catalog)
and review images are taken from publicly available data shown on Amazon.in website.

ABSTRACT
We present Video-to-Product Ads curation system for MiniTV to
identify visually relevant products ads corresponding to objects
of interest in video. This retrieval task is significantly challenging
due to domain gap and peculiarity in images extracted from videos.
Traditionally, images to product retrieval problems are solved us-
ing contrastive models with extensive labelled image data. In this
paper, we present a framework that enhances traditional retrieval
systems using pre-trained CLIP models. Specifically, we present
three retrieval paradigms: attributes prediction model, image to im-
age matching model and self supervision model which are built on
top of CLIP and can address the challenges without manual labelled
data. We analyze the strengths and weakness of each retrieval par-
adigm. Additionally, we present a ensemble model that combines
all three models using a novel post scoring weighing method. The
ensemble model outperforms individual models, even without do-
main specific training data. Our ensemble model provides 25.7%
gain over best individual model (37.85 vs 30.66 for Precision@5).
Also, the ensemble without any task-specific training achieves close
to 90% of Precision@5 of the model with task-specific training.
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1 INTRODUCTION
MiniTV is a video streaming service introduced in India, offering a
curated collection of short videos to all customers without the need
for a subscription. Differing from Prime Video, which is exclusive
to Prime customers, MiniTV is accessible to a broader audience. We
propose to show product suggestions in video based on products
appeared in the video, Figure 2 shows the sample user interface
(UI). We identify objects of interest within the videos and retrieve
relevant products from the publicly available amazon catalog to
display as ads. This paper focuses on relevant product retrieval via
image to image product search and presents Video-to-Product ads
retrieval system for MiniTV.

Customers can click the shop button to open the interface to
interact with ads as shown in Figure 2. Our overall system is a
human-in-the-loop approach as shown in Figure 4, where human
annotators identify objects of interest from videos and crop a still
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Figure 2: User interface of MiniTV Ads in MiniTV Player.

Figure 3: Annotator interface for searching relevant products
using a cropped image.

image of the object to query our retrieval system. The annotator
interface shown in Figure 3 is used for this purpose by the annota-
tors. The retrieval system (described in this paper) then performs
Maximum Inner Product search (MIPS) over the embeddings of
product images from the sponsored product catalog, returning top
matching products based on visual similarity. Human annotators
then vet these products for relevance, taking into account both the
video and image context. Human annotators are required for video
retrieval as there are several factors like saliency, customer prefer-
ence, and contextual understanding, that are difficult for algorithms
to fully grasp without human intervention. This paper in particular
describes our retrieval system used in the annotation process.

Prior works from industry have proposed scalable solutions for
Image-based product retrieval. Notable works include Amazon’s
"Shop the Look" system [7] and others like Facebook’s Groknet
[1], eBay [13], Alibaba [14]. presents a web-scale fashion and home
product visual search system These systems consist of three key
components: 1) an image representation model tailored for prod-
uct retrieval, 2) a retrieval system capable of efficiently searching
throughmillions of product images, and 3) parallel data between the

query and catalog domains for training purposes. Similarly, Video-
to-Shop aims to match clothing items present in social videos or
single images with an e-commerce database. Notable systems in-
clude MovingFashion [8], video2shop [5], and DPRNet [15] which
rely on videos with labeled product data for training.

Our objectivewas to tackle the challenges of domain gap between
catalog images from public amazon website and videos without
requiring manual data labeling. Advancements in self-supervised
learning, by methods like SimCLR [4] and DINO [2], enable learn-
ing image embeddings using unlabeled images. We developed three
distinct image encoders starting from CLIP [10] pretrained image
model using ViT [6] architecture: (i) Product Attribute Predic-
tion: multi task model that uses cosine similarity on CLIP backbone
for stable learning, (ii) Image-Image model: learnt using triplet
margin loss and online hard mining, and (iii) Self-Supervised
model that adopts DINO with modifications to improve generaliza-
tion to new domains when only images from the new domain are
available without any labels. We experimented with multiple meth-
ods of combining the three image encoders and discovered that
training instabilities lead to difficulty in combining these models
during training. To combat this, we introduce an inference-time
ensemble approach that combines our three proposed models,
enhancing retrieval accuracy beyond individual model capabilities.
Our ensembling method provides 25.7% gain over best individual
model (37.85 vs 30.66 for Precision@5). It can match 90% of perfor-
mance compared to model trained with task specific data.

2 APPROACH & ENSEMBLE STRATEGY
Given a query image, denoted as 𝑞𝑖 and belonging to the query
domain𝑄 , the objective is to find a catalog image, represented as 𝑐 𝑗
from the catalog domain 𝐶 , such that the corresponding similarity
function 𝑆 (𝑞𝑖 , 𝑐 𝑗 ) is maximized. Here, 𝑆 represents the actual real-
world visual similarity function that bridges the gap between the
two distinct domains, and our goal is to approximate this function
using a trained model. We utilize the following data sources to
approximate the similarity function 𝑆 : (1) Catalog Domain (𝐶𝐴):
entire set of catalog images sourced from Amazon. The superscript
𝐴 signifies the availability of parallel mapping data between catalog
images and ASINs 1. (2) Review Domain (𝑅𝐴): images uploaded by
customers as part of their reviews. Each of these images are asso-
ciated with a ASIN and (3) Metadata Domain (𝑀1, 𝑀2, 𝑀3, ..., 𝑀𝑘 ):
ASINs in the Amazon catalog possess metadata attributes such as
GL, category, title, bullet points, and item description encompassing
numerical values, categorical values, and natural language text.

2.1 Classification Model
Each catalog image 𝑐 𝑗 is mapped to ASIN metadata attributes𝑀1...𝑘 .
We employ the task of predicting the catalog attribute given the
catalog image 𝑐 𝑗 to help our model learn similar features for ASINs
which have similar attributes. Recent work [1, 9] has shown that
attributes with more granularity help in better pre-training and
learning of representations. We include highly granular attributes
such as product titles, bullet points, sub-category and browsenode
in our task.We use ViT image backbone as our image encoder𝑔with

1An ASIN is a unique identifier (Product Id) assigned to each product on the Amazon
catalog.
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Figure 4: Overall system design.

𝑘 attribute heads 𝐻1...𝑘 made of multi-layer fully connected layers,
each attribute head 𝐻𝑖 takes the image features encoded by 𝑔 and
predicts the attribute𝑀𝑖 . Since the attributes𝑀1...𝑘 have different
types, including text, numeric and categorical types, instead of
predicting the exact attribute, we minimise the cosine distance
between the output of attribute heads and a fixed text encoder 𝑡
fromCLIP text backbonewhich encodes the rawmetadata attributes
𝑀1...𝑘 into vectors. The loss is given by

𝐿𝑐𝑙𝑎𝑠𝑠𝑖 𝑓 𝑖𝑐𝑎𝑡𝑖𝑜𝑛 =

𝐾∑︁
𝑖

(1 −
𝐻𝑖 (𝑡 (M𝑖 )) · 𝑔𝜃 (𝑐 𝑗 )

∥𝐻𝑖 (𝑡 (M𝑖 ))∥∥𝑔𝜃 (𝑐 𝑗 )∥
) (1)

2.2 Deep Metric Learning
We use Triplet margin loss as our deep metric learning method to
train our retrieval model. We form triplets of data points, consisting
of an anchor image 𝑥𝑎 , a positive image 𝑥𝑝 , and a negative image
𝑥𝑛 , and train the model to ensure that the positive image is closer
to the anchor image than the negative image. The loss function for
training the model is given by

𝐿𝑡𝑟𝑖𝑝𝑙𝑒𝑡 =𝑚𝑎𝑥 (0, 𝑑 (𝑓 (𝑥𝑎), 𝑓 (𝑥𝑝 )) − 𝑑 (𝑓 (𝑥𝑎), 𝑓 (𝑥𝑝 ) + 𝛼) (2)

where 𝑑 (𝑎, 𝑏) is the euclidean distance between embedding 𝑎 and
𝑏 and 𝛼 is the triplet margin. We use ViT image backbone as the

function 𝑓 . We leverage Catalog 𝐶𝐴 and Reviews 𝑅𝐴 to train the
triplet model. The anchor and positive images are sampled from
different views of catalog images and review images of the same
ASIN and negative images are sampled using Multi Similarity Hard
negative mining [12].

2.3 Self Supervised Model
Self-supervised learning (SSL) has emerged as a promising approach
to train deep neural networks using unlabeled image data. We use
images from Catalog𝐶𝐴 and Reviews 𝑅𝐴 to train the SSL model. Of
all the SSL methods, we have chosen DINO [3] for our use case as
these models can work on small batch sizes and produce effective
representation unlike contrastive methods. DINO is trained using a
teacher-student model to match distinct views of same image.

Modified DINO: In the traditional DINO training, each image
in the training data is treated as an individual class. In our case,
where catalog images𝐶𝐴 and review images 𝑅𝐴 are associated with
an ASIN (Product Id) tag, we leverage this information to create
the global and local views of the DINO training. Specifically, we
generate the global and local views using different images that
share the same ASIN. We need to differentiate between different
color images of the same ASIN, hence we exclude color jitter and
gray-scale transformations and use only random flip, resize and
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random perspective transformations. These modifications enables
us to train DINO models that are better suited for our retrieval task
and improves their performance in capturing and leveraging the
ASIN-based image variations.

2.4 Score Based Weighted Ensemble Strategy
Our novel score based weighted ensembling strategy combines the
outputs of multiple modeling approaches without any additional
training. Let 𝐹1, 𝐹2, 𝐹3, . . . , 𝐹𝑁 represent the functions that compute
similarity measures between two images from 𝑁 different modeling
approaches. Given a query image 𝑞 and a universe of retrieval im-
ages𝑈 , our goal is to select the image 𝑢 from the retrieval universe
𝑈 that maximizes the following ensemble score:

argmax
𝑢

𝑁∑︁
𝑖=1

𝜆𝑖 ∗ 𝐹𝑖 (𝑞,𝑢) ∀𝑢 ∈ 𝑈 ∋
𝑁∑︁
𝑖=1

𝜆𝑖 = 1 (3)

Here, 𝜆𝑖 determines the importance or contribution of each mod-
eling approach to the final retrieval. By adjusting the hyperpa-
rameters 𝜆𝑖 as shown in Figure 7, based on the characteristics of
the retrieval task, we can fine-tune the ensemble and optimize its
performance.

We tried two other ensembling strategies. Firstly we took equal
samples from each individual model, this method doesn’t correct
retrieval errors when all the models fail individually, which we
saw our method does as shown in Figure 1. The second method
of ensembling was to ensemble (by mean pooling and weighted
mean pooling) the image vector representation from each model’s
last layer [𝐶𝐿𝑆] token before the KNN step for both indexing and
searching, this also yielded subpar results (about 10% lower in ab-
solute metrics) and also did not correct retrieval errors when all
the models fail individually. For weighted mean pooling in second
method we optimised individual model’s image vector representa-
tion weights in overall ensemble vector by performing hyperparam
search where all weights sum to 1 and individual weights varied
from 0 to 1 and finally choose the best pooling contribution weights
for all three models in the second method of ensemble.

3 RESULTS & ANALYSIS
We use publicly available data of amazon catalog images, customer
review images and amazon ASINs meta data. We use 170K ASINs
with 1M images from the product catalog and 1.3M review images.
We keep 7200 images from catalog and 17K images from review
images for testing. All the ASINs, images (referred as catalog) and
review images are taken from publicly available data shown on
Amazon.in website. All ViT image backbones are CLIP pre-trained.

Retrieval Method: We compute inner product between query
image embedding and embedding of all the images in retrieval set.
We then choose top k images using maximum inner product (MIPS).
We use precision@5 as the main metric for comparison of different
architectures. For a given query image, precision@k is 1 if ground
truth ASIN image is among the k results retrieved else it is 0.

Our main results are summarised in Table 1. To evaluate the
performance of our model we report Precision@5 for query images
belonging to our product catalog as well as wild images taken by
customers from customer reviews. The models are trained either
using Catalog images (Cat) and/or Review images (Rev) as specified

Figure 5: Instances where ensemble model predicts correctly
along with one or more individual models also predicting
with success.

in the "Training Data" column. For the baseline model we have used
the CLIP model [11]. The CLIP model has a strong performance on
catalog test data and moderate result of 22.65 of precision@5 for
test data of review images. All the subsequent models use CLIP pre-
trained weights as initialisation. Models trained with classification
paradigm are reported as "Attributes" Model in table Table 1. We use
the embeddings from ViT backbone as the embeddings for retrieval.
Models trained on "Cat" data and "Cat + Rev" data perform better
compared to the baseline. Interestingly results from this model on
"Review" test data trained only using "Cat" data vs trained with
"Cat + Rev" data is just 98bps less. This suggest that the classifica-
tion paradigm when trained on top of CLIP weights generalises to
unseen data set. We observed that RMSE loss or softmax loss did
not result in a stable model and cosine distance works the best for
models initialised to clip weights, as this loss function is similar to
CLIP’s loss function. Second set of models (Triplet Model) is trained
with triplet loss paradigm (Sec. 2.2). Triplet loss based supervised
models require positive and negative data samples with respect
to anchor image for training and is the most popular method for
retrieval used in existing systems from Amazon, eBay, Alibaba and
Facebook. Triplet model trained on "Cat + Rev" data, provides the
highest increment of 703 bps compared to any individual model.
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Figure 6: Ours trained model capture color, shape and even
pattern information within images. When attribute based
matching is not sufficient our individualmodels from Section
2.2, 2.3 enable our ensemble to identify the correct match.

When trained on catalog data alone, it improves catalog perfor-
mance but degrades unseen review images performance compared
to baseline. This suggests that Triplet model do not generalise well
to unseen data but when labeled data is available they are still the
best model for retrieval. Third set of models are the SSL models,
Modified DINO. (Sec 2.3. When only images from new domain
are given without labels, SSL models generalise well on the new
domain.

The results at the bottom of Table Table 1 shows the results for
ensemble models. As an ablation study, we tried testing different
combination of models and have reported their precision@5. All
the ensemble models have better precision@5 compared to indi-
vidual model. Except for "Weighted Ensemble" model, every other
ensemble model uses equal weights for combining the individual
models. Best Weighted ensemble model assigns weight of 0.2 for
"Attributes" model, 0.4 for "Triplet" and 0.4 for "DINO" and these
weights were identified by using grid search using separate held out
data. The grid search results are plotted in figure 7 and a combina-
tion of Attributes, Triplet and SSL model have the highest precision
for multiple combinations, showing that choice of weights for en-
semble are relatively stable. Weighted Ensemble models performs
the best compared to every other model when trained on both
the publicly available catalog and review images, but interestingly
the ensemble model trained only on catalog images has 90% preci-
sion@5 compared to the former model. This shows that ensemble
models can generalise to unseen datasets.

Table 1: Precision@5 for different models. The columns "Cat-
alog" and "Review" report the metric on held out catalog test
data and review test data respectively. TTA reports themetric
with Test Time Augmentation. Models are trained with cata-
log data (Cat) and customer reviews data (Rev) as specified
in "Training data" column.

Model Training Data Catalog Review + TTA
Zero Shot Clip - 85.92 22.65 22.07
Attributes Cat 87 25.87 26.56

+ Rev 91.89 26.85 28.02
Triplet Model Cat 93.16 20.60 21.09

+ Rev 91.3 29.68 30.66
Modified DINO Cat 89.05 25.78 25.29
Attributes Cat 93.75 29.78 30.56
+ Triplet + DINO + Rev 91.08 34.08 34.57
Attributes + Triplet Cat 93.58 28.22 27.53
+ DINO + CLIP + Rev 92.41 33.30 31.73
Weighted Ensemble Cat 96.25 33.49 33.76

+ Rev 95.20 37.30 37.85

Table 2: GL wise Precision@5 for our models.

Model Home Kitchen furniture Apparel
Baseline CLIP ViT 31.84 68.05 16.31 12.98
Weighted Ensemble 37.3 90.27 22.75 20.89
+ Review Images 40.43 88.88 30.17 28.51

We also perform Test time augmentation, and reports its results
in Table 1 under "Review (TTA)" column. During the inference stage
we take the query image and apply multiple image augmentations,
one at a time on the query image thereby generating multiple query
images for the same query image. Then all these query images
representing the same original image is used as a separate query
image for retrieval and the scores are combined to select the best
results. For most models test time augmentation improves precision
by 0.5 − 1.0%.

We plot the precision@k for different values of K in Figure 7.
Models having higher precison@5, consistently have a higher pre-
cision at all other k values. This allows us to choose the "k" to
be shown to customers based on business requirement. To check
how are models are performing on different categories, we test our
models performance on different GLs in Table 2. For GL kitchen
our models perform the best and for other Gls we still have room
to improve the precision@k.

Finally, We asked domain experts to judge Precision@5 of our
model vs current image similarity model used for image search in
search page for 1000 actual MiniTV video extracted frames. Our
model improves considerably in Precision@5 compared to the cur-
rent image similarity model used in Amazon image search by 1.27x
or 27%.



AIMLSystems, October 8–11, 2024, Baton Rouge, USA Ahemad, et al.

Figure 7: Top: Precision @ K for models using Test time aug-
mentation vs not using (shown in dotted). Test time augmen-
tation enhances performance in all model classes. Bottom:
Precision @ K for various ensemble model weight combina-
tions. No single model is best but rather a weighted combi-
nation of all models provides the best results.

Table 3: Precision@5 for our method vs current model.

Model Num Samples Precision@5
Amazon Image Search 1000 1x
Weighted Ensemble (Ours) 1000 1.27x

Results shown in Table 3 show our model at 66% Precision@5
improves considerably over 52% Precision@5 from current image
similarity model on our domain of MiniTV cropped image to image
product retrieval search.

We show noteworthy visual results in Figure 1, 5 and 6. In Figure
1 we show examples where ensemble succeeds while remain-
ing models fail. This is surprising yet expected since ensemble
combines each model by using our scoring method described in
Section 2.4.

4 CONCLUSIONS
We demonstrate that our ensemble retrieval method effectively
combines the strengths of all three models while mitigating their
weaknesses, ultimately providing an enhanced retrieval accuracy
beyond the capabilities of individual models. Moreover, the ensem-
ble model without task-specific training data achieves 90% of the
performance compared to the model trained with task-specific data,
highlighting its adaptability to unseen datasets. Test Time Augmen-
tation further improves precision for most models. Additionally,
the GL-wise performance reveals that certain categories, such as

Kitchen, outperform others, suggesting room for improvement in
some areas.
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