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Abstract

Extracting product attributes from images involves clas-
sifying subtle differences between similar objects. Visual
Transformers (ViT) are powerful but usually supervised,
while e-commerce labels are noisy or expensive to clean.
In this work, we demonstrate the benefit for e-commerce
of semi-supervised techniques like Semi-ViT, a ViT model
fine-tuned with unlabeled data. We demonstrate that when
Semi-ViT is compared to fully supervised ResNets and ViTs,
it improves precision by at least +107bps and coverage by
+311bps even when trained with 25% less labeled data.

1. Introduction

E-commerce companies have to deal with the quality of
their product’s attributes in their catalogues, a problem
known as Item Data Quality (IDQ). These data or attributes
can be anything from the neck style of a vest to the pattern
of a cellular phone case. Human annotators usually work
to provide product catalog attributes with clean values, but
this is costly and complex as it requires classifying images
into fine-grained classes.

Alternatively, supervised deep neural networks like
ResNet [6] or Visual Transformer (ViT) [4] can be trained
to learn to extract visual attribute values from catalog im-
ages [5]. However, these models require labeled images
to learn. To alleviate labeled data requirements, transfer
learning can be applied. Nevertheless, this approach only
exploits labeled data, whereas unlabeled samples are not
used for learning, despite they being readily available in e-
commerce catalogues. Semi-supervised learning (SSL) [30]
has emerged as a powerful technique for leveraging un-
labeled data to improve the performance of deep neural
networks. CNN methods have significantly advanced the
field [1, 2, 12, 20, 23], while ViT architectures have only

* Joint first authors.

Sofia Braun

brasofia@amazon.com

Victor Martinez Virginia Fernandez

vicmg@amazon.com virfer@amazon.com

Felipe Bertrand

felipblamazon.com

recently demonstrated promising results with methods like
SVFormer [24] or Semi-ViT [3]. Hence, the use of SSL in
the context of e-commerce presents a unique opportunity.
We hypothesise that techniques like Semi-ViT can im-
prove over supervised methods like ResNet and ViT on the
task of extracting fine-grained product attributes from e-
commerce images. To evaluate our hypothesis, we collect
five datasets from a known e-commerce website for various
attribute extraction problems related to IDQ. The datasets
contain unlabeled images as well as labeled images which
have been annotated using Amazon Mechanical Turk. Our
main contribution is, therefore, an analysis of the perfor-
mance of Semi-ViT on attribute extraction for e-commerce
compared to typically employed supervised models.

2. Related Work

Visual Transformers (ViT) have recently achieved state-
of-the-art performance in many computer vision tasks [4,
14, 22]. A comprehensive review on ViTs can be found in
the work of Khan er al. [8]. In this work, we apply a model
based on ViT to the task of extracting visual attributes based
on e-commerce images.

Transfer Learning leverages pre-trained models and
adapts them to new domains [10, 17, 19, 31]. Yosinski et
al. [26, 27] investigate the transferability of features learned
by neural networks on different tasks, demonstrating their
effectiveness. We perform transfer learning on each evalu-
ated architecture using models pre-trained on ImageNet.

Semi-Supervised Learning (SSL) uses labeled and un-
labeled data to improve model performance when labeled
data are scarce [11, 25, 28]. SSL leverages intelligent
data augmentation techniques paired with consistency reg-
ularization to improve performance [1, 15, 23, 29]. Other
approaches rely on pseudo-labelling [13], teacher-student
models [18, 21], ensembles [12], or adversarial training [9,
16]. In this work, we demonstrate the applicability of SSL
with Semi-ViT [3] in the context of extracting attribute val-
ues for e-commerce products.



Related works in the literature have showcased advances
of ViT and SSL in image classification benchmarks like
ImageNet. We demonstrate in this paper their applicabil-
ity to a more challenging industrial scenario: classifying e-
commerce products by fine-grained attribute values to deal
with IDQ. To this end, we showcase that Semi-ViT is effi-
cient at reducing the need for labeled data while increasing
performance when compared to supervised models.

3. Data Collection

To create our IDQ benchmarks, we sampled product images
from an e-commerce catalog from 21 marketplaces world-
wide to create 5 datasets related to fine-grained attribute ex-
traction: 3 basic sets that target one attribute for 1 or 2 types
of products, and 2 complex sets that target one attribute on
9+ product types and nearly 30 classes each.

1. Vest Neck Style is a dataset with annotated ‘neck style*
on ‘vest‘ products.

2. Cellular Phone Case Pattern is a dataset with annotated
‘pattern‘ on ‘cellular phone case‘ products.

3. Apron Food Bib Pattern is a dataset with annotated ‘pat-
tern‘ on ‘apron‘ and ‘food bib‘ products.

4. Fashion Pattern is a dataset with annotated ‘pattern‘ on
9 product types such as ‘hat‘ and ‘scarf*.

5. Home Linen Pattern is a dataset with annotated ‘pattern*
on 12 product types such as ‘rug‘ and ‘curtain‘.

The five datasets were initially considered as unlabeled.
We consulted with e-commerce experts to define a list of
valid values for each attribute and product type. We used
then these values as classes to label a subset of the samples
using Amazon Mechanical Turk, creating as a result labeled
datasets for fine-tuning models. Table 1 shows a summary
of the datasets statistics.

Note that the collected datasets include a proportion of
unrelated products, like skirts in the Vest Neck Style dataset.
These products were included because models working on
IDQ need to be robust to misclassified products in the cata-
logue. We created a class named other to label images that
do not belong to the aforementioned product type. There-

DATASET SUMMARY

Basic Sets Labeled Unlabeled Classes
Vest Neck Style 34K 227K 13
Cellular Phone Case Pattern 37K 287K 21
Apron Food Bib Pattern 39K 284K 26
Complex Sets Labeled Unlabeled Classes
Fashion Pattern 157K 939K 29
Home Linen Pattern 106K 1.11M 27

Table 1. Number of images that are labeled, unlabeled, and num-
ber of classes for each of the datasets that we collected.
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Figure 1. Examples of the images collected for our datasets: (top
row) basic sets, (bottom row) complex sets.

fore, models need to learn to classify the attribute values and
implicitly distinguish the relevant product type. We show in
Figure 1 an example of images collected for each task.

The labeled data sets are split into train, validation, and
test sets. The underlying class distribution is unknown,
so the frain and validation sets are not balanced. How-
ever, business use cases give equal importance to each class.
Therefore, we balanced as much as possible the test set to
have a similar number of images for all classes. As a result,
the distribution of the labeled data is roughly 75%, 15%,
and 10% for train, validation, and test respectively.

4. Methodology

The first supervised model tested is ResNet [6]. We use
ResNet152 pre-trained on ImageNet and then fine-tuned on
our benchmark datasets. We chose this version because it
is the largest available (58M parameters), so it is compa-
rable in size with the rest of the models tested. The sec-
ond model is ViT [4]. For the architecture, we have relied
on Masked Autoencoders (MAE) [7] ViT-Base model pre-
trained on ImageNet, which is the most similar in size to
ResNet152 (86M parameters). We do not compare ResNet
and ViT models in depth since that has been already done
in the literature [3].

The semi-supervised model is Semi-ViT [3]. This is the
same ViT model described in the previous paragraph, but it
is further fine-tuned using unlabeled samples. In this semi-
supervised stage, an exponential moving average (EMA)-
Teacher framework is adopted together with a probabilistic
pseudo mixup method [29]. We chose this SSL method be-
cause it was the state-of-the-art SSL-based image classifier
on ImageNet at the time of our work.

We use the following metrics to compare models:

* Precision: it is the percentage of images that have been
correctly classified according to their attribute over the
total number of images that we processed — the images in
the test set. The higher, the better.



* Loss: it is a cross entropy loss which takes into account
the predicted confidence of a class. The lower, the better.
Ideally, we want models with lower loss because these are
models that have higher confidence when they might be
correct and lower confidence when they might be wrong.

» Coverage: in our real business problem, models automat-
ically contributing to improve IDQ need to guarantee a
minimum precision per predicted class (90%). To do so,
we compute a confidence threshold per class so that pre-
dictions over this threshold are 90% correct. As a result,
coverage measures the percentage of images in the test
set whose prediction confidence is above the confidence
threshold. The higher the coverage, the better because it
means the model can automatically fix more products.

5. Results

In this section we show the results that ResNet, ViT and
Semi-ViT yield using a different amount of the available
training data, and using different amounts of unlabeled data.
We report models performance on the test splits.

5.1. Baseline with 100 % of labeled data

We first compare ResNet, ViT and Semi-ViT on the basic
sets when trained with 100% of labeled data. For Semi-
ViT, we used 100% of the unlabeled data. Results are re-
ported at Table 2. Semi-ViT consistently obtains the best
performance when compared to both supervised models
(ResNet and ViT): it improves precision and coverage by
at least +129bps (basis points, 0.01% difference), peaking
at +405bps in precision and +511bps in coverage. It is re-
markable that on Apron Food Bib Pattern, ResNet yields
better metrics than ViT. However, Semi-ViT beats ResNet.
This shows that fine-tuning the ViT model with unlabeled
samples significantly boosts its performance.

5.2. Influence of the amount of labeled data

In this experiment we evaluate the performance difference

of models when labeled data are scarce. To this end, we

trained ViT and Semi-ViT using 75%, 50% and 25% of the
available labeled data. For Semi-ViT, we used 100% of the
unlabeled data as in the previous experiment. Results are

shown in Table 2.

e Vest Neck Style: Semi-ViT trained with 75% of labeled
samples increases precision by +150bps when compared
to ResNet, and coverage increases by +96bps.

e Cellular Phone Case Pattern: Semi-ViT trained with 75%
of labeled samples increases precision by +70bps when
compared to ResNet, and coverage increases by +344bps.

* Apron Food Bib: Semi-ViT trained with 75% of labeled
samples increases precision by +102bps when compared
to ResNet, and coverage increases by +182bps.

Semi-ViT trained with 75% of the labeled samples out-
performs the baseline ResNet models trained with 100% of

labeled samples. According to these results, we can reduce
labeled data requirements by 25%. This has a positive im-
pact in an industrial scenario as it reduces the development
costs. For example, if we had planned to label 40K samples,
we can label 30K samples and develop a Semi-ViT model
instead. Those 10K less samples could reduce expenses by
900$ on Amazon Mechanical Turk (0.09$/image).

VEST NECK STYLE

Model Labeled Precision Loss Cov@90P
ResNet152 100% 81.62 0.56 71.44
ViT-Base 25% 76.34 0.81 60.88
ViT-Base 50% 80.58 0.70 65.22
ViT-Base 75% 81.05 0.66 67.10
ViT-Base 100% 81.24 0.63 71.25
Semi-ViT  25% 81.24 0.67 63.33
Semi-ViT  50% 81.43 0.63 70.87
Semi-ViT  75% 83.12 0.57 71.53
Semi-ViT 100% 85.29 0.54 74.64

CELLULAR PHONE CASE PATTERN

Model Labeled Precision Loss Cov@90P
ResNet152 100% 79.24 0.66 61.59
ViT-Base 25% 74.17 0.87 51.93
ViT-Base 50% 77.57 0.75 61.40
ViT-Base T5% 77.81 0.73 60.25
ViT-Base 100% 79.00 0.68 63.22
Semi-ViT 25% 76.27 0.80 53.08
Semi-ViT 50% 79.14 0.70 64.61
Semi-ViT T5% 80.01 0.66 65.04
Semi-ViT 100% 81.54 0.61 68.34
APRON FOOD B1B PATTERN
Model Labeled Precision Loss Cov@90P
ResNet152 100% 80.52 0.71 69.23
ViT-Base 25% 69.89 1.07 48.06
ViT-Base 50% 75.05 0.86 56.82
ViT-Base 75% 78.30 0.75 65.05
ViT-Base 100% 78.07 0.73 64.02
Semi-ViT 25% 73.49 0.98 56.06
Semi-ViT 50% 77.23 0.81 61.71
Semi-ViT 75% 81.54 0.68 71.05
Semi-ViT 100% 81.81 0.66 71.40

Table 2. Results using the ResNet, ViT, and Semi-ViT models
with different data regimes on the three basic sets. Labeled is the
percentage of labeled training data. Cov@90P is the coverage ob-
tained when the model predictions are filtered based on per-class
confidence thresholds to guarantee 90% precision per class.



APRON FOOD BIB PATTERN - 39K LABELED

FASHION PATTERN

Model Unlabel Precision Loss Cov@90P Model L. Ratio Precision Loss Cov@90P
ViT-Base N/A 78.07 0.73 64.02 ResNetl152 100% 74.01 0.80 52.19
ViT-Base 100% 73.66 0.78 50.78
ResNetl52 N/A 80.52 0.71 69.23
eve Semi-ViT  1432%  77.68 073  60.55
Semi-ViT 284K 81.81 0.66 71.40
Semi-ViT 570K 82.08 0.65 72.87
Semi-ViT 855K 8159  0.65  71.89 HOME LINEN PATTERN
Semi-ViT  1.14M 82.92 0.65 72.20 Model L.Ratio Precision Loss Cov@90P
ResNet152  100% 80.08 0.63 71.95
Table 3. Results using Semi-ViT with different unlabeled data ViT-Base 100% 80.03 0.60 73.10
regimes on the Apron Food Bib Pattern benchmark. ViT and Semi-ViT 8.66% 83.47 0.57 79.56

ResNet152 results are reported for reference. Cov@90P is the
coverage when the model predictions are filtered based on per-
class confidence thresholds to guarantee 90% precision per class.

5.3. Influence on the amount of unlabeled data

In this experiment, we investigate the impact of having ad-
ditional unlabeled data. We added more unlabeled samples
to Apron Food Bib Pattern dataset, growing from the orig-
inal 284K unlabeled samples to a set of 1.14M samples.
This benchmark dataset was chosen as it is the most com-
plex of the basic sets (2 product types and 26 fine-grained
classes). Results in Table 3 show the performance of Semi-
ViT when trained on this dataset with different ratios of un-
labeled data (25% - 284K, 50% - 570K, 75% - 855K, and
100% - 1.14M). We fixed the number of labeled samples to
39K as that was the amount of labeled data that yields the
best performance in previous experiments.

There is little difference in metrics when we add
more unlabeled samples to the training. The largest per-
formance boost comes from the Semi-ViT trained with
284K unlabeled samples (+129bps in precision compared
to ResNetl152). From that point, precision increases by
+111bps when we use 1.14M unlabeled samples. We con-
clude that increasing the amount of unlabeled data reaches
a point in which it is no longer beneficial. In our basic sets,
the ratio of labeled/unlabeled samples was above 1%.

5.4. Performance on complex datasets

We learnt from previous experiments on basic datasets that
to get the most performance we need to: i) use as many
labeled data we have available, ii) keep the ratio of la-
bel/unlabeled samples for Semi-ViT above 1%. In this sec-
tion, we evaluated if these insights still apply on more com-
plex datasets. For this purpose, we used the Fashion Pat-
tern and Home Linen Pattern datasets: they target almost
30 fine-grained classes each, and they contain data for 9-12
different products.

From Table 4 we observe that Semi-ViT still yields the
best performance on complex sets. On the Fashion Pat-
tern dataset, Semi-ViT improves precision and coverage

Table 4. Performance of the ResNet, ViT, and Semi-ViT models
on the two complex sets. L. Ratio is the label/unlabel sample ratio.
Cov@90P is the coverage at 90% precision.

by +367bps and +816bps respectively when compared to
ResNet. On the Home Linen Pattern, the improvement
on metrics is +339bps and +761bps. The improvement of
Semi-ViT on these complex datasets is larger than that of
the basic datasets in Section 5.1: on those, the average
improvement in precision and coverage was +242bps and
+350bps. This shows Semi-ViT is well suited to learn these
complex tasks. We argue this is due to the capacity of Semi-
ViT to learn from unlabeled samples, which in our business
use case are largely available (e.g. we collected 1M unla-
beled samples for each complex dataset).

6. Conclusion

In this work we demonstrate that Semi-ViT, a ViT model
fine-tuned on unlabeled data with SSL, yields high perfor-
mance and outperforms supervised models like ViT and
ResNet. In detail, we compared these models on datasets
related to the classification of product images into fine-
grained attribute classes, like the neck style of a vest prod-
uct. We have proved that Semi-ViT improves precision
at least by +107bps and coverage by +311bps even when
trained with 25% less labeled data than a ResNet model.

We have observed that the labeled data should represent
at least 1% of the whole dataset so that the model can learn
the task and take advantage of the unlabeled data. Our next
steps are to evaluate the throughput of Semi-ViT to check
whether the increment on model complexity leads to a sys-
tem that processes significantly less images per second than
the baseline ResNet models. However, cloud services like
Amazon Web Services have tools to automatically scale
models, so we expect that this potential limitation can be
mitigated using such tools.

We are also interested to adapt Semi-ViT to learn the
multi-class problem, so we can train a single model for mul-
tiple products and attributes.
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