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Abstract

Multimodal information provides new opportunities for recommender systems, especially in the fashion domain,
where both visual and textual information can be utilized to provide a comprehensive understanding of the
product. In this work, we focused on the task of fashion captioning, a specialized form of image captioning for
fashion items. We fine-tuned pretrained vision-language models on two distinct fashion datasets to evaluate
how effectively they capture dataset-specific ground truths. We were able to fine-tune the models successfully to
a competitive result with specifically trained models. The resulting captioning models are applied in two key
scenarios: (1) as components for generating richer multimodal embeddings in recommender systems, and (2) for
modality imputation, where automatically generated descriptions are used to fill in missing textual data. We show
that different modalities work better depending on the size of the dataset and the list length but none outperform
the traditional item-based collaborative filtering technique using a real-life dataset with over 1M users and 31M
transactions. Additionally, we present a detailed analysis of the two fashion datasets, highlighting critical aspects
such as item presentation and textual style, which are often overlooked yet essential for effective modeling.
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1. Introduction and Motivation

The fashion domain poses challenges due to sparse purchase data for traditional recommender systems
(RS) such as Collaborative Filtering (CF) [1, 2]. There are various approaches trying to leverage different
modalities to overcome this problem e.g. using product images [1, 3-8], textual descriptions or customer
reviews [9-11] and even video [12].

Fashion is inherently multimodal [13], combining visual information like product images with textual
descriptions. Previous work with multimodal recommender systems [14-16] shows that leveraging
high-level features from multimodal items outperforms CF recommendation [1, 17-21]. However,
real-world data struggles with missing data modalities [22, 23]. Common solutions are dropping or
imputation [24] with the risk of discarding valuable items or introducing noise. Previous work [23]
shows that imputation using traditional methods, e.g., random, zeros, and global mean, can preserve
the performance gap between multimodal and pure collaborative recommender systems. Still, those
methods are rigid and might not capture the diversity of items. Another approach [22] uses feature
propagation in the context of graph networks, though this is limited to graph networks.

We propose an alternative for the fashion domain: fine-tuning pretrained vision-language models
for fashion captioning. Fashion captioning describes the domain-specific task of image captioning
(generating text based on images) for fashion items that focuses on long captions with fine-grained
attributes with an enchanting expression style [25] or tailor details [26]. Using the fine-tuned models to
generate item descriptions we can augment missing text descriptions and the fine-tuned models can
be used as feature extractors in order to experiment with multimodal embeddings. This method can
be used as a preprocessing step for different recommendation algorithms and resulting text descrip-
tions can be inspected as they are human-readable (compared to feature vectors). With the different
modalities fashion has to offer, the question arises: which feature representations are most effective for
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recommending items? To address this, we analyze unimodal and multimodal feature spaces derived
from pretrained models, as well as features extracted from our fine-tuned fashion captioning models.

We benchmark these feature sets using multiple recommendation algorithms, including content-based
methods (e.g., k-NN), hybrid models (e.g., VBPR [1]), and unpersonalized algorithms (e.g. most popular),
to understand how the choice of feature space impacts recommendation quality. By systematically
comparing these approaches, we aim to identify the representation that best captures item semantics
and user preferences, ultimately bridging the gap between sparse user interaction data and rich item
content.

To summarize, the research questions and related contributions of this work are:

RQ1: To what extent can fine-tuning improve the performance of off-the-shelf image
captioning models on domain-specific fashion datasets? Firstly, we want to analyze if fine-
tuning achieves good enough results in order to use the models for augmentation. We experiment with
four different models (Section 2.1) using a dataset specifically curated for creating item descriptions of
fashion items (FACAD) and a real-life dataset based on items from the fashion store H&M (more details
in Section 3). This is done in order to better understand capabilities and limitations of fine-tuning.
The evaluation is done quantitatively and qualitatively to get a full picture (Section 2.2). Based on
seven different metrics, we show that fine-tuning achieves good results, especially when it comes to
identifying item specific attributes. However, our qualitative analysis shows that the models struggle
with abstract concepts and hidden details.

RQ2: Which feature embeddings (textual, visual, or multimodal) provide the best recom-
mendations? We compare two setups: (1) filtered items (dropped missing modalities and sparsely
represented items), (2) unfiltered items and missing text descriptions augmented. This is done with a
real-life data set [26] and we use VBPR [1], a model that extends matrix factorization with feature
vectors (originally visual), to compare the different feature spaces. Our results show that, when
comparing the different feature spaces, textual features perform best except in terms of precision for
the augmented dataset. Still, temKNN outperforms all setups.

Following our research questions, we contribute the following: (1) We conduct an in-depth analysis
of the effectiveness of fine-tuning pretrained models. (2) We explore the use of previously unutilized
query embeddings derived from image captioning models for fashion recommendation. (3) We present
results on a real-world, underexplored fashion recommendation dataset to evaluate which feature
spaces yield the best recommendation performance. Additionally, we make all models publicly available
via our Hugging Face Space at https://huggingface.co/CDL-RecSys, and we release the code at https:
//github.com/omgwenxx/multimodal-fashion-analysis/.

Finally, this work is structured as follows: we first present the experiment setup, including the models
(Section 2.1) used for fine-tuning, feature extraction (Section 2.3.1), and recommendation algorithms
(Section 2.3.2). We then compare the datasets in detail (Section 3), present the results (Section 4), and
conclude with discussion and future directions (Section 5).

2. Experiment Setup

2.1. Models for Image Captioning

For the image captioning task, we focused on open-source models to ensure transparency and repro-
ducibility. We selected models available via Hugging Face [27]. We evaluated BLIP-2 [28] variants
based on OPT [29] and LLaVA-1.5 [30], a multimodal conversational model, with different number of
parameters. While BLIP-2 generates text from images alone, LLaVA relies on prompt-based inputs and
is optimized for instruction-following. As a baseline on the FACAD dataset, we used results from Yang
et al. [25], replicating their setup.


https://huggingface.co/CDL-RecSys
https://github.com/omgwenxx/multimodal-fashion-analysis/
https://github.com/omgwenxx/multimodal-fashion-analysis/

Ground truth caption: Short, sleeveless dress in an airy cotton weave that is open at the back with a tie. Adjustable frill-trimmed shoulder straps, a concealed zip in the side, seam at

the waist with elastication at the back and a flared skirt. Unlined.

Image of the
product
uosuedwod
synsai1 uonde)

Sample number: 0 s, 'strap’, 'weave, 'tie’, 'skirt), ‘cotton’, 'short, 'airy, 'open’, 'seam’

Product
information

uosuedwod
s)nsal ainquURy

Garment Full bod

1010004

Check

2

Figure 1: Example (using H&M item) of the information displayed for qualitative analysis. It includes captions,
scores (except for CIDEr due to the zero vector caused by a single reference sentence), attributes, and the
respective recall and precision. We created this interface using the Streamlit [38] library for Python.

2.2. Evaluation

We evaluated our results using well-established image captioning measures, namely BLEU [31], ROUGE-
L [32], CIDEr [33], METEOR [34] and Spice [35]. As image captioning focuses on the task of generating a
“correct” caption, the majority of those metrics measure word overlap either based on precision (BLEU),
recall (ROUGE-L), or a combination of both (METEOR, focusing on word order). CIDEr incorporates
term frequency-inverse document frequency (TF-IDF) weighting to emphasize informative words, while
SPICE evaluates scene-graph-based semantic content.

Additionally, we re-implemented the measures introduced by Yang et al. [25] for category accuracy
and “mean average precision”. What the authors reported as mean average precision is the average
precision over all captions. We keep the naming for comparison. Also, the authors originally pretrained
a 3-layer text CNN [36] for category classification which was not provided. As a result, we used a
pretrained BERT model [37] for text classification and fine-tuned it on each dataset, achieving a test
accuracy of 90.3% on the FACAD dataset (78 classes) and 94.7% on the H&M dataset (89 classes).

For the qualitative comparison of the captions, we implemented a web application (see Figure 1),
showing each product and its ground truth caption and attributes. We then proceeded to manually
check the first 20 samples in the H&M test set and the first 3 distinct items in the FACAD test set
(because the dataset includes the same caption for multiple images containing the same item).

2.3. Algorithms for Recommendations and Feature Extraction
2.3.1. Feature Extraction

We used the Ducho-meets-Elliot framework presented by Attimonelli et al. [14]. The framework
integrates Ducho [14] for feature extraction. For our experiments, we explored six different setups:
(1) visual features extracted from ResNet50 [39], (2) textual features from SentenceBERT [40], and (3)
multimodal features from CLIP [41].

Additionally, we included (4) multimodal features obtained by concatenating ResNet50 and Sentence-
BERT embeddings, (5) features extracted from the Q-Former component of the fine-tuned BLIP-2 model
(32x768 values), and (6) visual features extracted from the same fine-tuned BLIP-2 model (257x1408
values). We used average global pooling to reduce the size to 1x1408.



Table 1

Statistics for preprocessed versions of the H&M dataset. We compared the original, filtered, and augmented
datasets, including the number of users, items, transactions, and the resulting train/test split sizes. Items that
were never bought are not included in the split. All items describe all items that appear in the dataset. Transaction
items describe items that (based on the pool of items) appear in the transactions.

Dataset Users Items (All/Transactions) | Transactions | Splits (Train/Test)
Original 1,372,980 105,542 / 104,547 31,788,324 -

Filtered 1,360,178 104,232 /103,251 31,400,864 24,516,873 / 6,883,991
Unfiltered + Augmented | 1,361,823 105,100 / 104,106 31,651,678 24,717,300 / 6,934,378

2.3.2. Recommendation Algorithms

We used algorithms supported by the elliot pipeline [42]. We chose to use Visual Bayesian Personalized
Ranking [1] as it supports using different features for recommendation and implicit feedback. As a
baseline, we used unpersonalized recommendation algorithms that suggest items without considering
individual user preferences, namely Most Popular (MostPop) and Random. For additional comparison,
we ran neighborhood-based approaches based on item similarity (Amazon’s item-to-item collaborative
filtering, ItemKNN) [43] and user similarity (algorithm used by GroupLens, UserKNN) [44].

Data Split. We applied an 80/20 temporal split to divide the transactions into training and test
sets. For the first setup, we used the filtered articles (see Section 3.2) to inspect an isolated setup for
the comparison of the features. For the second setup, we compared a “real-world scenario” where
we augment the missing item descriptions using the generated captions from BLIP-2 (404 items, all
fashion-related) and keep all items with images (105,100). We give a summary of the numbers in Table 1.
9699 customers do not appear in the transactions.

3. Datasets

We evaluated the fine-tuned models on FACAD (FAshion CAptioning Dataset) and the H&M dataset [26].
FACAD enables comparison with Yang et al. [25] and is, to our knowledge, the only available dataset
focused on fashion captioning. H&M includes user-item transactions, allowing us to test generated
captions and fine-tuned embeddings for recommendations.

3.1. FACAD

The dataset contains 993K images and 130K captions that were initially split into 794K (~80%) image-
description pairs for training, 99K (~10%) for validation, and the remaining 100K (~10%) for testing.
However, the dataset that is currently provided by the authors has a different distribution, with 888,293
pairs designated for training, 19,915 for validation, and 101,225 for testing (a total of 1,009,463 samples).
As per the authors, this was done so that validation would not take as long'.

The authors extracted 990 attributes from item metadata using the Stanford Parser [45]. It should be
noted, that working with the dataset, we noticed that the test attribute file was incorrect (did not match
the test items), we therefore manually created the correct attributes by checking caption overlap with
the ground truth data and then using the attributes provided in the metadata file.

3.2. H&M

Preprocessing. The primary focus was on preparing the article dataset and associated images for
creating an image captioning dataset. The first step was to clean the dataset by removing any articles
that did not have a detailed description or a corresponding image file. We then decided to filter based on

'https://github.com/xuewyang/Fashion_Captioning/issues/5, last accessed 13.03.2025, 15:40
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Table 2

Comparison of both datasets. CAT: category, AT: attribute, CAP: caption, *The H&M dataset includes original
images of different sizes, but a majority are around 1166x1750 pixels large. **The original images for FACAD are
not provided by the authors; they are only preprocessed versions downsized to 256x256. They can however be
extracted from the metadata file provided.

Dataset #img img size #img (per cap.) vocabsize #CAP avglen #CAT #AT

H&M 104K *~1166x1750 1 7.6K 23.9 89 1014
FACAD 993K **256x256 7~8 15.8K 21.0 78 990

the number of articles per product type and kept only those categories with at least 7 items (because 25%
of the product categories have less than 7 items, keeping 75% of the initial items). Non-fashion-related
categories, e.g. Dog Wear and Sleeping Sack, were removed manually to retain only fashion and accessory
items. The resulting dataset contains 89 categories after filtering. The filtered dataset was split into
training, validation, and test set, maintaining a distribution of 80% training, 10% validation, and 10%
test data. The final count of articles after preprocessing was 104,232, distributed as follows into 83,385
articles (train set), 10,423 (validation set), and 10,424 articles (test set).

Attributes. To compute the average precision, attributes within the product descriptions need to
be extracted. The detail_desc column was used to extract nouns, adjectives, and proper nouns
based on Universal POS tagging definitions [46, 47]. The extraction process used the Stanza NLP
library [48] to identify and filter these attributes. Before tagging, the descriptions are lowercase, and
hyphen-connected words, e.g., t-shirt, are split. Then, we extract the lemmatized attributes and filter,
keeping only attributes appearing at least 10 times. This is done to ensure the significance and relevance
of attributes kept. Using the train set items, we then collect all extracted attributes (1014 in total). These
are then used as a pool to select attributes from generated captions and to generate the ground truth
for the test set.

3.3. Comparison of Datasets

We use this section to emphasize the differences between both datasets to provide a better understanding
of the results presented in Section 4.1. Both datasets are domain-specific fashion datasets but differ in
many aspects (see Table 2). One of them is the size, with FACAD being almost 10 times larger than the
H&M dataset. Providing more variety of item perspectives, including different angle shots, with and
without a model and a material shot (see Figure 2a). The H&M dataset only offers single-item images
without a model, sometimes only showing part of the item. Furthermore, the H&M dataset shows a
1-to-1 relationship between captions and images, whereas the FACAD dataset includes multiple items
with the same description but differing in color or single items with many images.

Comparing the captions, the H&M dataset has more concise captions describing the item’s “tailor”
details, e.g., “frill-trimmed shoulder straps”, whereas FACAD captions are more “enchanting” (examples
can be seen in Figure 2). It includes expressions made for selling, e.g., “this neutral hued cotton sweater
you’ll wear everywhere”. This can be also noticed in the size of the vocabulary (see Table 2).

4. Results

4.1. Fashion Captioning

Quantitative Analysis. We present the results of the pretrained models and the fine-tuned models
side-by-side for the H&M dataset in Table 3 and for the FACAD dataset in Table 4.

H&M. All models’ performance improved with fine-tuning. Among them, BLIP-2-6.7B achieves the
best performance. We observed, and investigated during our qualitative analysis, the trade-off between
the precision and recall of the attributes for the different models. Due to the longer captions produced
by the LLaVA models, they achieve higher recall scores but then lack precision. The opposite for the



(a) this shawl collar jersey blazer bloom (b) Short, sleeveless dress in an airy cotton

with black and white floral patterning in- weave that is open at the back with a
spired by the work of rising spanish pho- tie. Adjustable frill-trimmed shoulder
tographer coco capit n straps, a concealed zip in the side, seam

at the waist with elastication at the back
and a flared skirt. Unlined.

Figure 2: Examples taken from the respective datasets (FACAD left, H&M right) with their image(s) and their
ground truth captions with attributes highlighted bold.

Table 3
Fashion captioning results for dataset H&M in pretrained (PT) and fine-tuned (FT) scenarios. The best results
are highlighted in bold. *CIDEr shows results beyond 100 due to multiple scaling [33].

H&M
BLEU-4 | METEOR | ROUGE-L CIDEr SPICE MAP/MAR Acc
Model % Impr.
PT FT |PT FT | PT FT | PT FT PT FT PT FT PT FT
BLIP-2-2.7B 03 408 53 335|148 634 | 70 2752 80 447 | 372/114 708/654 | 53.0 835 2685.50
BLIP-2-6.7B 03 414 55 339|153 63.8| 73 281.3* 83 454 | 383/11.6 70.8/66.0 | 53.8 83.8 | 2696.34
LLaVA-1.5-7B 0.5 234 74 328 | 145 46.0 | 0.8 24.2 53 346 | 152/13.0 53.1/71.3 | 320 829 1289.53
LLaVA-1.5-13B 04 229 74 323 | 142 455 | 1.2 22.0 58 349 | 17.8/138 54.0/70.8 | 31.0 83.5 1255.67

BLIP-2 models. They achieve better overall performance by having a balance between precision and
recall due to their ability to adapt to the ground truth length.

FACAD. Comparing the accuracy reported by Yang et al. [25] for the category classification, we
noticed that our models (fine-tuned BERT classifier) worked better than the reported CNN classifier.
The accuracy metric generally describes how well the captioning models recognize the correct category
from the image because the accuracy models will predict the category based on the caption input (with
an accuracy of >90%, based on the performance on the test set). The zero-shot setup (using BLIP-2
results) achieves nearly 40% better accuracy than the results reported by Yang et al. We hypothesize that
this improvement may be due to the BERT model outperforming the originally used CNN-based model
or because the model by Yang et al. (Semantic Rewards guided Fashion Captioning, SRFC) struggles
to accurately classify clothing items. The results show that the fine-tuned models do not achieve the
same performance as SRFC in terms of image captioning metrics. However, results are competitive and
models outperform when it comes to attributes precision and recall as well as recognizing the product
category. We see the same behavior for BLIP-2 and LLaVA in terms of precision and recall.

Qualitative Analysis. H&M. Based on the setup explained in Section 2.2, we find that the fine-tuned
LLaVA models retain the core content of the original H&M captions but tend to hallucinate details,
such as materials or funding sources, not present in the training data, likely influenced by frequent
patterns e.g. polyester. Due to their fixed setting, they often overgenerate beyond the caption’s natural



Table 4

Fashion captioning results for the FACAD dataset in pretrained (PT) and fine-tuned (FT) scenarios. The last two
models show the worst (CNN-C) and best (SRFC, by the authors) models reported by Yang et al. [25], with the
best values for each metric highlighted in bold.

FACAD

Model BLEU-4 | METEOR | ROUGE-L CIDEr SPICE MAP/MAR Acc % lmpr.

PT FT | PT FT PT FT | PT FT | PT FT PT FT PT FT
BLIP-2-2.7B 03 37|46 101 | 126 197 | 43 364 | 64 103 174/79 24.6/225 | 520 69.9 313.21
BLIP-2-6.7B 03 35|46 98 | 129 191 | 41 344 |64 98 17.7/78 233/21.2 | 514 69.0 297.97
LLaVA-1.5-7B 02 15|68 112 | 120 154 |01 12 |41 74 9.8/8.7 147/27.9 | 451 655 288.39
LLaVA-1.5-13B 02 07|65 83 |124 126 |08 0.1 |45 37 9.9/85 84/163 | 442 274 17.27
CNN-C [49] 2.1 7.2 16.3 20.8 6.5 49/ - 10.8
SRFC [25] 6.8 13.2 24.2 42.1 13.4 9.5/- 18.2 -

end, unlike BLIP-2 models, which better learn caption lengths post fine-tuning. This overgeneration
leads to higher attribute recall but lower precision, with the reverse observed for BLIP-2, especially in
shorter captions. All models struggle with nuances in material (satin vs. velvet), product size (e.g. 33
cm), and disambiguation of visually similar items (crop top vs. sports bra).

FACAD. For the FACAD dataset sample in Figure 2a, we observed that certain caption parts, such
as references to designers or inspirations, lack visual grounding, adding noise for models learning
image-text alignment. The fine-tuned LLaVA models often adopt a “sales-like” tone which works well
for marketing language but tends to overgenerate for straightforward item descriptions (FACAD vs.
H&M). LLaVA models are prone to overgeneration, even reproducing prompt templates (e.g., starting
responses with ASSISTANT:). Category predictions are sometimes off,e.g., mislabeling a blazer as a
jacket or a tee/top, and misclassifications increase for partial views or when items are not fully visible
(e.g., back details or side views). Some original attributes (e.g., “chrissy”, “teigen”) do not correspond to
visual features, complicating evaluation. Overall, both datasets reveal that the models struggle with
fine-grained visual distinctions in material, color (dark blue vs. black), or category (jacket vs. blazer),
likely due to image resizing during preprocessing and the inherent visual limitations in the dataset.

4.2. Recommendations

With the results presented in Table 5 we are able to answer which feature embeddings provide the
best recommendations (RQ2). Based on the H&M dataset the answer is textual embeddings, except for
MAP in the augmented dataset. However, comparing the results, we see that all different feature spaces
perform similarly and not as good as the best overall result using the ItemKNN algorithm. This might
also indicate that VBPR might not be the right algorithm for this dataset in general.

5. Discussion and Conclusion

To evaluate the impact of fine-tuning, we analyze how well it improved our pretrained models. We
report the average percentage improvement in performance across six metrics, computed by first
calculating the percentage change for each metric individually and then averaging these values per
model, presented in Table 3 and Table 4. We observe that fine-tuning was more effective for the H&M
dataset, which we attribute to the presence of a one-to-one relationship between images and captions as
well as the smaller size. To further investigate this hypothesis, one could subsample the FACAD dataset
to include only one-to-one samples or a more refined selection of images [50]. Compared to SRFC by
Yang et al., our fine-tuned models, despite showing slightly lower image captioning metrics, generate
more accurate captions in terms of attributes and categories. This demonstrates the strength of our
approach, which is a simpler pipeline that still maintains competitive performance. Our qualitative



Table 5
Recommendation results for H&M dataset on the test set explained in Section 2.3.2. The best results are
highlighted in bold. We highlight the best results overall (using ItemKNN) and for the different feature spaces.

Original Unfiltered & Augmented

Setting NDCG MAP NDCG MAP
@5 @12 @5 @12 @5 @12 @5 @12

Random 0.00005  0.00007 | 0.00005  0.00004 | 0.00006  0.00008 | 0.00005 0.00005
MostPop 0.00538  0.00640 0.00439  0.00373 0.00534  0.00634 0.00437  0.00371
UserKNN (k=10) 0.01198  0.01355 | 0.00558  0.00379 | 0.01214  0.01370 | 0.00564  0.00384
ItemKNN (k=20) 0.05760 0.06421 | 0.03557 0.02534 | 0.05762 0.06423 | 0.03560 0.02537
Visual (ResNet50) 0.02414  0.02882 | 0.01213  0.00917 | 0.02414  0.02881 0.01220  0.00921
Visual (BLIP-2) 0.02167  0.02631 0.01092  0.00840 0.02141 0.02606 0.01080  0.00834
Textual (SentenceBERT) 0.02509 0.02986 | 0.01270 0.00955 | 0.02471 0.02950 | 0.01246  0.00924
Multimodal (ResBERT) 0.02427  0.02892 | 0.01220  0.00922 | 0.02425  0.02887 | 0.01226  0.00923
Multimodal (CLIP) 0.02455  0.02917 | 0.01241 0.00934 | 0.02466  0.02925 | 0.01254 0.00943
Queries (BLIP-2) 0.02451 0.02912 | 0.01247  0.00939 | 0.02465 0.02914 | 0.01240  0.00933

analysis (Section 4.1) further reveals model limitations, especially when captions reference non-visible
or abstract information and the trade-off between precision and recall for the LLaVA models. For future
work, we recommend using captions that focus on visible item features and avoiding repeated captions
across multiple images and experiments with image quality [51] to improve performance. Interestingly,
our recommendation results (Section 4.2) show that (1) with increasing list length our NDCG increases
but MAP decreases, meaning that the algorithms retrieve relevant items but not rank them optimally, (2)
textual features (with our dataset) returned the best results (except for MAP on the augmented dataset)
and (3) ItemKNN outperforms all multimodal approaches. ItemKNN likely performs well because it
leverages repetitive user behavior and trends which is common in the fashion domain. The gap between
VBPR and ItemKNN leads us to believe that our embeddings are either not representative enough to
learn user preferences or VBPR may not be well-suited for this dataset. Future work could explore
alternative fusion strategies and evaluate more multimodal recommendation algorithms, e.g. FREEDOM
[52] or BM3 [53]. However, we show that despite fashion being a visually dominant domain, textual
descriptions had the best results, highlighting their importance for future research.
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