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Abstract

In e-commerce, effective product Attribute
Mining (AM) is essential for enhancing product
features and aiding consumer decisions. How-
ever, current AM methods often focus on ex-
tracting attributes from unimodal text, under-
utilizing multimodal data. In this paper, we
propose a novel framework called Multimodal
Self-Correction Instruction Tuning (MSIT) to
mine new potential attributes from images and
texts with Multimodal Large Language Mod-
els (MLLMs). The tuning process involves
two datasets: Attribute Generation Tuning Data
(AGTD) and Chain-of-Thought Tuning Data
(CTTD). AGTD is constructed utilizing in-
context learning with a small set of seed at-
tributes, aiding the MLLMs in accurately ex-
tracting attribute-value pairs from multimodal
information. To introduce explicit reasoning
and improve the extraction accuracy, we con-
struct CTTD, which incorporates a structured
5-step reasoning process for self-correction. Fi-
nally, we employ a 3-stage inference process to
filter out redundant attributes and sequentially
validate each generated attribute. Comprehen-
sive experimental results on two datasets show
that MSIT outperforms state-of-the-art meth-
ods. We will release our code and data in the
near future.

1 Introduction

In the realm of e-commerce, product attributes
enrich product selling points, helping consumers
make informed decisions (Xu et al., 2019; Yan
et al., 2021; Shinzato et al., 2023). However,
with the constant emergence of new products, e-
commerce often struggles with incomplete attribute

* J.Liand Y. Li contributed equally to this work and
should be considered co-first authors.

¥ Corresponding author.

data. To this end, Open-World Product Attribute
Mining (AM) (Zhang et al., 2022; Xu et al., 2023)
technology addresses this need by extracting new
potential attributes from product profiles. Although
numerous works have demonstrated outstanding
performance in AM, they still face the following
limitations:
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Figure 1: Comparison of current methods and our work.
(a) Current methods rely on textual data, missing out
attributes present in images. (b) Existing approaches
lack explicit reasoning, leading to extracting invalid at-
tributes. (c) Our work leverages multimodal data and a
chain-of-thought process for accurate attribute extrac-
tion.

1) Underutilization of multimodal informa-
tion. Recent AE methods (Zhang et al., 2022; Xu
et al., 2023) rely solely on textual data, extracting
potential attributes from given descriptions or titles
in the product profiles. However, product images
also offer valuable attributes that can enhance the
shopping experience for consumers. As illustrated
in Figure 1(a), current models often overlook key
visual information in product images. In Figure
1(c), attributes like ‘Product_shape’ and ‘Weight’
are visible on the packaging, but are not extracted
by models that only use textual data. By integrating
both textual and visual data, a more comprehensive
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set of attributes can be extracted.

2) Absence of explicit reasoning. Earlier works
(Ghani et al., 2006; Zheng et al., 2018a; Mehta
et al., 2021; Fu et al., 2022) treat AM as a clas-
sification task, leveraging pre-trained models to
implicitly derive classification results. More re-
cent researchers (Zou et al., 2024; Shinzato et al.,
2023; Zhang et al., 2023b; Li et al., 2023b; Chen,
2024; Khandelwal et al., 2023) utilize generative
language models, which typically generate results
directly without an explicit reasoning process. As
shown in Figure 1(b), models without explicit rea-
soning capabilities may extract attributes like ‘Mar-
keting Claims’ without justifying their relevance or
correctness. The absence of an explicit reasoning
process means these models cannot effectively val-
idate and refine their outputs based on context and
common sense, leading to suboptimal results.

To address these limitations, we propose a novel
framework called Multimodal Self-Correction In-
struction Tuning (MSIT) for the task of Open-
World E-commerce Product Attribute Mining. Our
approach leverages generative Multimodal Large
Language Models (MLLMs) to mine new potential
attributes from both images and texts. The tuning
process involves two datasets: Attribute Genera-
tion Tuning Data (AGTD) and Chain-of-Thought
Tuning Data (CTTD). AGTD is constructed uti-
lizing in-context learning with a small set of seed
attributes. AGTD aids MLLMs in accurately ex-
tracting attribute-value pairs from multimodal in-
formation. To address the limitation of lacking
explicit reasoning, we construct CTTD to guide the
MLLMs in self-correction. CTTD is created by
leveraging the attributes generated in AGTD and
incorporating a structured 5-step reasoning process.
In the inference phase, our approach employs a
3-stage process to extract attributes accurately.

The primary contributions of our work are as
follows:

* To the best of our knowledge, we are the pi-
oneers in exploring extracting potential at-
tributes with MLLMs, extending Attribute
Mining to multimodal settings.

* We propose a comprehensive framework that
can discover attributes from both textual or
visual information, followed by a 5-step chain-
of-thought reasoning process to self-correct
the generated attributes.

* We expand two unimodal datasets to multi-

modal datasets. The experimental results on
two datasets demonstrate the superiority of
our method compared to existing methods.

2 Related Work

Multi-modal Large Language Models. Multi-
modal Large Language Models (MLLMs) extend
Large Language Models (LLMs) by integrating
non-textual modalities for various tasks. BLIP-
2 (Li et al., 2023a) achieves state-of-the-art per-
formance in vision-language tasks by leveraging
frozen pre-trained image encoders, language mod-
els, and lightweight query transformers. Instruct-
BLIP (Dai et al., 2023) improves upon BLIP-2 by
performing vision-language instruction tuning, out-
performing the Flamingo model (Alayrac et al.,
2022) in zero-shot tasks. LLAVA (Liu et al., 2023)
uses GPT-4 (OpenAl, 2023) to generate multi-
modal instruction-following data and trains large-
scale models for general visual and language un-
derstanding.

Attribute Mining. Research in product attribute
mining, particularly in e-commerce, has gained
significant attention (Shinzato et al., 2022; Kara-
manolakis et al., 2020; Zheng et al., 2018b). Open-
tag (Zheng et al., 2018a) uses neural networks and
active learning to identify missing attributes, but
does not expand attribute frameworks. LATEX-
Numeric (Mehta et al., 2021) extracts numerical at-
tributes via distant supervision and multitask learn-
ing, eliminating manual labeling. CMA-CLIP (Fu
et al., 2022) models attribute completion as a clas-
sification task but assume a closed-world scenario.
Other approaches (Roy et al., 2021; Xu et al., 2023)
treat attribute completion as a generative modeling
problem, using large language models to generate
attribute values, but are limited to specific prod-
uct categories and do not consider personalized
attribute generation.

3 Proposed Method

In Multimodal Open-World Attribute Mining task,
the ¢-th product P; is composed of a text (title and
bullet point) 7; and an image Z;. The text con-
sists of w; tokens 7; = {s’i,sg,...,sfﬂi}. Our
goal is to extract a set of relevant and applicable
attributes A; = {a1, ag, ..., ax } from the given in-
puts, where £ is the number of mined attributes.
These attributes can range from basic features such
as color and size to more complex attributes like
material and style. Each attribute corresponds to
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Figure 2: The overall framework of MSIT. MSIT is divided into three main components: Attribute Generation

Tuning Data (AGTD) Construction, Chain-of-Thought

Tuning Data (CTTD) Construction, and Product Attribute

Inference. In the first component, we construct AGTD by separately extracting attributes from images and text
using in-context learning and merging them. The second component involves creating CTTD to guide the model in
a structured 5-step reasoning process. Finally, the Product Attribute Inference component utilizes a 3-stage process
to generate, filter, and validate attributes from multimodal data.

a specific value, denoted as V; = {v1,ve, ..., Ui }.
The Open-World setting requires all the attributes
need to be extracted, not limited to a pre-defined
schema. Our method leverages a generative Multi-
modal Large language model to output a sequence,
where the mined attributes and corresponding val-
ues are presented in a unified format, such as
{a1 1 v1,a2 : va,...,a) : vi}. The overall architec-
ture of the model is shown in Figure 2. Our method
utilizes a structured process for constructing high-
quality tuning data and employs a 3-stage inference
procedure to accurately extract attributes from both
images and texts. The data construction phase in-
volves generating attributes using in-context learn-
ing, followed by creating Chain-of-Thought (CoT)
tuning data with a 5-step reasoning process. Dur-
ing inference, the 3 stages generate attributes in
batches, filter out redundant attributes, and sequen-
tially validate each attribute.

3.1 Attribute Generation Tuning Data

Raw Dataset. We expand two raw unimodal
datasets, WOAM (Xu et al., 2023) and OAMine
(Zhang et al., 2022), to multimodal datasets.
The two datasets encompass several prevalent e-
commerce product categories such as Tea, Vita-
min, Sofa, and Phone Case. We collect the product
images from Amazon.com corresponding to the

respective products.

Seed Dataset. For each type, the seed set includes
several applicable attribute types. We manually
construct and annotate the seed dataset to ensure
consistency with product characteristics. This al-
lows us to refine unclear or coarse-grained attribute
types into newly defined fine-grained types.

In-Context Learning Generation. We employ
In-Context Learning (Zhang et al., 2023a) to con-
struct Attribute Generation Tuning Data (AGTD).
Specifically, a small set of seed attributes and corre-
sponding values is selected to guide the generation
of new attributes and values by GPT-4 (OpenAl,
2023). The prompts for attribute generation are
listed in Appendix A.l. In the initial experiments,
we observe that GPT-4 would mostly generate the
attributes from text information if the images and
texts are input simultaneously. To mitigate the bias
of modality attention, images and text descriptions
are input separately to generate potential attributes.
The generated attributes are manually reviewed to
filter out incorrect attributes, ensuring high-quality
data for further processing. Finally, we employ
GPT-4 to merge filtered attributes of images and
descriptions as shown in Appendix A.2.
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3.2 Chain-of-Thought Tuning Data

To address the limitation of lacking an explicit rea-
soning process, we construct Chain-of-Thought
(CoT) Tuning Data to be jointly trained with AGTD.
Recent works (Zhang et al., 2023c) find that vanilla
form of CoT which directly lets LLM to indiscrimi-
nately output the reasoning process would decrease
the performance. The phenomenon mostly results
from the generation of hallucinated rationales. To
alleviate the problem, we divide the reasoning pro-
cess into 5 steps and specify the output targets of
each step. The prompts for generating CoT data
are stated in Appendix A.3.

Product Type Range Narrowing: Firstly,
MLLM should judge the type of current product
given the corresponding image and text to narrow-
ing down the range of product attributes. This step
provides context for subsequent reasoning.

Reasoning with Internal Common-sense
Knowledge: The second step utilizes internal
common sense alongside preliminary screening to
determine whether a to-be-judged attribute applies
to a product type. For instance, when evaluating if
a specialized term like ’screen_size’ is appropriate
for vitamins, consider the common sense context of
the product. Moreover, if the attribute’s relevance
is unclear, it should initially be considered unsuit-
able. If the meaning is clear, then common sense
should guide the preliminary judgment of whether
the attribute generally fits the product type.

Image-Based Attribute Validation: This step
assesses whether the attribute originates from the
image. If the attribute is deemed valid after initial
filtering, the model infers the attribute value from
the image to confirm its presence.

Text-Based Attribute Verification: This step
evaluates whether the attribute is derived from the
text. If the model preliminarily determines that the
product may have this attribute, then it will infer
whether the attribute can be judged from the text.

Final Evaluation and Decision-Making: The
final step summarizes the reasoning from the pre-
vious steps and decides whether the attribute is
derived from the given data, concluding with a yes
Or NO answer.

Contrastive Chain-of-Thought Tuning Data. As
the above steps employ the manually reviewed at-
tributes to construct the CoT tuning data, the final
decision for each attribute is ‘yes’. To prevent over-
fitting during tuning, we introduce Contrastive CoT
Tuning Data. Attributes from different product

types are selected as negative samples. These sam-
ples undergo a rigorous manual selection process
to ensure reliability and effectiveness in training.
In addition, we ensure that the number of positive
and negative samples is balanced.

3.3 Model Training

We fine-tune three strong and widely used MLLMs
LLAVA-7B (Liu et al., 2023), Qwen-VL (Bai et al.,
2023) and InternLM (Dong et al., 2024) with the
Attribute Generation Tuning Data and Chain-of-
Thought Tuning Data. We adopt the Low-Rank
Adaptation (LoRA) fine-tuning method. The core
idea of this method is to freeze the language model
and tune only the rank-decomposition module of
the Transformer layer.

Formally, given the parts of instruction tuning
data D, our training objective is to obtain a fine-
tuned model M :

5

arg méinE(L,ﬁ-)eD [Zlog P, (920 | T, 8%, ..., sfl),l)
s=1
(1)

where T; = si,s5,...,5%, and @ denotes the

parameters of LoRA in MLLM.

3.4 3-Stage Attribute Inference

Batch Attribute Generation. In this stage, the
fine-tuned MLLM generates attributes for a given
sample. The model leverages its understanding of
both images and text to produce a batch of relevant
attributes. We extract a set of formalized attributes
and values from the output texts.

Filtering Repeated Attributes. To reduce compu-
tational costs, we filter out repeated attributes of
the first stage. For instance, attributes like ‘type’
and ‘product type’ are identified as duplicates. A
rule-based system is employed to eliminate these
redundancies, streamlining the attribute list.

Sequential Attribute Inference with 5-step CoT.
The final stage sequentially inputs each filtered
attribute into the MLLM for inference using the 5-
step CoT process. Whether an attribute is reserved
is determined by the yes or no output in the last
step of CoT.

We summarize the prompts for each inference
stage in Appendix B.
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WOAM OAMine

Model Similar Match Exact Match Similar Match Exact Match
Precision  Recall  Precision Recall Precision Recall Precision Recall
Visual GLM-6B 40321104 5.254011 17.801065 2.831034 44.124028 18.981027 17.461080 9.3810.00
Instructblip—vicuna—7B 3979:&0.58 6.62:‘:0,00 13.87:&3,]3 2.75:{:0.23 40.16:‘:0,23 19.78:&0,30 19.78:&0,30 5.76:‘:0,05
Qwen-VL-chat-7B 36.864029 35.381182 10.291019 17.61 1142 43.061011 58.091008 18.631008 36.151036
DeepSeek-VL-7B 42931025 36.514045 12.154133 19.951149 53.001002 56.051047 25.031047 36.10+056
InternLM-XComposer2-7B 52.191928 31.991069 23.161082 19.141080 69.311000 45.124037 36.231037 27.181027
LLAVA-7B 40.491150 56.211160 10.611131 26.221446 47.071008 54.991008 16.71 1002 26.8210.03
LLAVA-13B 41.224329 64.624159 10.521135 37.721491 51.871021 58.594327 21.461099 37.75+1.19
GPT-4 52.034133 65351403 15514001 41.604514 64.921014 55.754236 29.254236 33.7240.03
OA-Mine 42271129 53.621159 17.524135 26.721191 53.85+0.15 47. 711001 18.15+0.01 35.69+0.67
Amacer 51.271082 58.3040.17 21.911053 29.231090 58411026 51.6510.12 22.98 1104 38.84.1005
MSIT(QWen) 59.9541040 41.604057 20.0040.11 23.754034 65.011019 52441013 24.61 1001 38.131008
MSIT (InternL.M) 63.404034 46.801034 25.004026 25.5314023 70.79+028 46.991013 37.5210.00 27.37+0.05
MSIT (LLAVA-7B) 66.90. 53 66.99., 13 35.341,71 52.501393 74.501017 63.06 045 54.33 045 51.54.005

Table 1: WOAM and OAMine performance of visual language models.

4 [Experiments

4.1 Experiment Setup

Datasets. We evaluate our approach on two AM
datasets: the WOAM dataset (Xu et al., 2023) and
OAMine dataset (Zhang et al., 2022). The WOAM
dataset covers four product categories: Tea, Vita-
min, Sofa, and Phone Case, with over 9,000 En-
glish descriptions per category. The seed attribute
set contains 16.5 attribute types and 22 values per
type on average. The OAMine dataset includes 100
product types, with 1,943 manually annotated test
products across 10 types, averaging 11.5 attributes
per type and 48.1 unique values per attribute. Both
datasets are expanded to multimodal settings with
images collected from Amazon.com. We use 1,000
AGTD and 300 CTTD samples for training and
1,000 samples for testing.

Evaluation Metrics. We evaluate performance
using two metrics: 1) Precision, the ratio of true
positives to total positive predictions, and 2) Re-
call, the proportion of true positives among all ac-
tual positives. We report Exact Match and Similar
Match as in previous work (Roy et al., 2021; Zheng
et al., 2018a). Exact Match requires strict consis-
tency with the gold standard, while Similar Match
allows for synonyms, treating attribute predictions
as correct if they match any synonym of labels.
Implementation Details. We leverage Pytorch and
one Tesla A100 GPU to implement our framework
and conduct experiments. The optimizer is Adam
and the learning rate is set to 3e-4. LoRA is em-
ployed to fine-tune the three MLLMs as stated in

Results are reported in precision and recall.

Section 3.3. We train our models for 10 epochs.
During inference, we employ top_p sampling as
our type of decoding. The temperature and top_p
are set to 0.2 and 0.7 respectively. We report the
means and standard deviations of 5 independent
trials. For each trial, we utilize a random seed to
ensure fairness.

Baselines. We compare our model with several
strong MLLMs: VisualGLM-6B (Ding et al.,
2021), a multimodal conversational model support-
ing images and both Chinese and English; Instruct-
BLIP (Dai et al., 2023), which uses the BLIP-2
architecture for visual instruction tuning; Qwen-
VL-chat-7B (Bai et al., 2023), a model for image-
related reasoning in text-oriented tasks; DeepSeek-
VL (Lu et al., 2024), an open-source model for real-
world vision-language understanding; InternL.M-
XComposer2 (Dong et al., 2024), which special-
izes in text-image comprehension; LLAVA (Liu
et al., 2023), another open-source MLLM of two
scopes; and GPT-4 (OpenAl, 2023), a multimodal
model by OpenAl. We also compare with exist-
ing AM baselines: OA-Mine (Zhang et al., 2022),
which uses meta-classifiers and clustering for at-
tribute values, and Amacer (Xu et al., 2023), which
improves generalization with self-supervised regu-
larization.

4.2 Main Results

Table 1 presents the results of our experiments
on the WOAM and OAMine datasets. We fine-
tuned several multi-modal language models, includ-
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Figure 3: Performance comparison with different data
size of AGTD and CTTD on WOAM dataset.

ing LLAVA-7B, Qwen, and InternL.M, and com-
pared MSIT with these baseline models. It can be
observed that MSIT significantly outperforms all
baseline methods in both Similar Match and Exact
Match metrics across both datasets. On the WOAM
dataset, MSIT achieves the highest Similar Match
precision of 66.90%, compared to the next best
model, GPT-4, which achieves 52.03%. MSIT also
excels in recall, with a score of 66.99%, far sur-
passing the second-best score of 65.35% by GPT-4.
In terms of Exact Match, MSIT shows a substan-
tial improvement with a precision of 35.34% and a
recall of 52.50%, compared to GPT-4’s precision
of 15.51% and recall of 41.60%.

On the OAMine dataset, MSIT maintains its su-
perior performance with a Similar Match precision
of 74.50% and recall of 63.06%. The second-best
model, InternLM-XComposer2-7B, achieves a pre-
cision of 69.31% and recall of 45.12%. For Exact
Match, MSIT achieves a precision of 54.33% and a
recall of 51.54%, significantly higher than Amacer,
which records a precision of 22.98% and recall of
38.84%.

It could be found that MSIT improves the per-
formance of LLAVA-7B by a large margin from
10.61% to 35.34% on the precision of Exact Match.
This result demonstrates that the multimodal in-
struction tuning significantly elicits the attribute
mining ability of MLLMs. OA-Mine and Amacer,
which focus on self-supervised learning and meta-
classifier techniques, show competitive perfor-
mance but are still outperformed by MSIT, par-
ticularly in the Exact Match metrics.

4.3 Ablation Study

Ablation Study Results. Table 2 shows the results
of our ablation study on the WOAM and OA-Mine
datasets, evaluating the impact of different MSIT
components: Attribute Generation Tuning Data
(AGTD), Chain-of-Thought Tuning Data (CTTD),
and the 3-stage inference process.
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Figure 4: Performance comparison with GPT-4 over
different input.
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Figure 5: Domain Adaptation performance of different
methods with cross-validation on WOAM dataset.

Training Components. Using AGTD alone leads
to moderate improvements in Similar Match and
Exact Match metrics. For instance, on the WOAM
dataset, it achieves a Similar Match precision of
62.15% and recall of 62.52%. CTTD also improves
performance, but less significantly (e.g., Similar
Match precision of 50.15% and recall of 45.88%
on WOAM). When combined, AGTD and CTTD
produce the best results, with Similar Match pre-
cision reaching 63.89% and recall at 67.42% on
WOAM.

Inference Components. Stage 1 alone provides
a baseline improvement, but its effectiveness in-
creases when combined with AGTD and CTTD
(e.g., 63.89% Similar Match precision on WOAM).
Introducing Stage 2 further enhances performance,
reducing computational costs while improving pre-
cision. For example, combining Stage 2 with Stage
1, AGTD, and CTTD results in 63.72% Similar
Match precision and 67.91% recall. MSIT with-
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Components WOAM OA-Mine
Training  Inference Similar Match Exact Match Similar Match Exact Match
AGTD CTTD S1 S2 S3 Precision Recall Precision Recall Precision Recall Precision Recall

40.491150 56214160 10.614131 26224446 47.07 1008 54.994008 16.711002 26.8210.03

v 4 v vV 63.721083 67911179 29.47 1914 53.69+427 71.48.40.13 63.821 000 46.9310.14 52.821 000
(4 vV v 62.154 146 62.5243.19 28.27438¢ 46.854548 72.070.15 61.800.15 51.3510.01 49.58+0.00
v vV v 60.374+1.93 64.464989 23.304230 49.03 1645 68.141010 62.79+0.00 41.561006 51.3210.00
vV VvV VvV Vv 50.155,53 45881050 22.01 1330 29.97 1458 47.98.10938 36.48.1002 21.814007 19.5240.05
v v v Vv 63.894150 67.424906 32.614106 52.864406 70.79+0.17 63.181927 49.87+0.00 51.8110.02
v (4 vV vV VvV 066.90,)53 66.9947 13 35.341971 52.5043935 74.50017 63.06045 54.33 045 51.5410.00
Table 2: Ablation Study on different components of MSIT on WOAM and OAMine datasets.
Forma Similar Match Exact Match Positive Judgments
Precision Recall Precision Recall Negative Judgments
Attri-only  58.19:423 50.81t126 28681045 38371034 —erette moaatves
Attri-Value 66901053 66.99.,,35 3534,,7; 52.5043093

Table 3: Performance comparison on output format in
AGTD.

out Stage 2 shows slightly better recall but signif-
icantly lower precision. The addition of Stage 3,
incorporating 5-step chain-of-thought reasoning,
boosts both precision and recall. The full combina-
tion achieves the highest performance, with Similar
Match precision of 66.90% and recall of 66.99%.

4.4 Discussion on Output Format of AGTD

We also conduct experiments on the impact of out-
put format of AGTD as shown in Table 3. The re-
sults indicate that including both attributes and their
corresponding values in the output format of AGTD
significantly enhances model performance. Specif-
ically, when the format is changed to outputting
attributes only, the Exact Match Precision and Re-
call would decrease 28.68% and 38.37% respec-
tively. This demonstrates that providing attribute-
value pairs rather than attributes alone improves
the model’s ability to extract product attributes.

4.5 Analysis of Training Data Size

In this section, we analyze the impact of different
training data sizes on the performance of our MSIT.
Figure 3 (a) illustrates the performance metrics on
the WOAM dataset with varying sizes of AGTD.
As the data size increases from 200 to 900, Similar
Match precision improves from 54.76% to 56.70%.
This result indicates that increasing AGTD size
generally enhances the model’s ability to identify
similar attributes. Both precision and recall met-
rics in Exact Match show a consistent improvement
with increasing data size. Precision increases from

93.3%

9
98.6% Lol

6.7%

Figure 6: Visualization of Self-Correction after 3-stage
inference.

26.13% to 30.85%, while recall rises from 40.31%
to 43.46%. The narrow error margins suggest ro-
bustness in these trends. Figure 3 (b) presents the
performance metrics on the WOAM dataset with
different sizes of CTTD. For Similar Match, pre-
cision rises from 63.36% to 66.90%, and recall
increases from 53.88% to 66.99% as CTTD size
grows. These trends suggest that CTTD size has a
substantial impact on improving the model’s abil-
ity to accurately identify similar attributes. Exact
Match precision improves slightly from 35.21% to
35.34%, and recall rises from 42.89% to 52.50%.
The improvement indicates that explicit reasoning
through CoT data significantly aids in identifying
exact attribute matches.

4.6 Analysis of Attribute Mining from
Different Input

The bar chart in Figure 4 illustrates the perfor-
mance of MSIT compared to GPT-4 across dif-
ferent input types: images, bullet points, and titles.
As illustrated in Figure 4, our MSIT method gen-
erally exhibits superior performance across most
metrics. For instance, MSIT achieves a notable
Similar Match Precision of 69.21% for images,
compared to GPT-4’s 63.81%, and an Exact Match
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Precision of 40.96% versus GPT-4’s 23.81%. Fur-
thermore, MSIT outperforms GPT-4 significantly
in bullet points recall, achieving a Similar Match
Recall of 58.37% compared to GPT-4’s 47.19%.
Additionally, from the recall distribution it could
be observed that images consistently yield a high
number of extracted attributes. This observation un-
derscores the validity of our multimodal approach,
affirming that leveraging multiple modalities can
uncover an extensive range of product attributes.

4.7 Analysis of Domain Adaptation

Our domain adaptation experiment is designed to
evaluate the generalizability of our model in real-
world scenarios, where it may encounter previ-
ously unseen product categories. We conduct cross-
validation on the WOAM dataset across four cat-
egories: Sofa, Phone, Tea, and Vitamin. For each
experiment, we train the model using data from
three categories and evaluated its performance on
the fourth category. The results, depicted in Fig-
ure 5, reveal that MSIT consistently outperforms
other models—InternLM, Amacer, OA-Mine, and
GPT-4—across all categories. MSIT achieves the
highest Similar Match Precision and Exact Match
Precision in every category, with notable perfor-
mances in the Sofa (69.21% and 40.96%, respec-
tively) and Tea (69.21% and 40.96%, respectively)
categories. The results confirm the robustness of
MSIT in attribute extraction.

4.8 Effectiveness of Self-Correction

The results shown in Figure 6 demonstrate the ef-
fectiveness of MSIT in the final inference stage by
evaluating the distribution of attribute judgments.
Out of a total of 1028 attributes, a significant pro-
portion (93.3%) was judged as positive, with a
small percentage (6.7%) labeled as negative judg-
ments. Within these negative judgments, 98.6%
were accurately self-corrected, while only 1.4%
were misjudged. This indicates that our method
effectively self-corrects nearly all incorrect nega-
tive judgments, thus enhancing overall accuracy.
Although there is a slight reduction in recall, MSIT
achieves the minimal trade-off in recall for substan-
tial precision gains.

4.9 Case Study

Figure 7 presents two examples of multimodal
attribute mining with MSIT. In the ‘Packaging
Type’ scenario, the system correctly identifies the

(Sequential Attribute Inference)
"Packaging Type"

(Product Type Judgement) The product is
identified as \"Honey Sticks, Mango\".

(Judge With External Knowledge): The attribute
‘Packaging Type' refers to the way the product is
packaged or presented.

(Judge form Image)However, the image clearly
shows the product packaged in a pouch.

(Judge from Text)The text provided does not
explicitly mention the packaging type.

Product: "English Tea Store Honey Sticks,
Mango, 1.3 Pound"

Product Text: Add a tropical treat to your
tea, Wonderful snacks for the kids, Honey il

sticks are 6 inches long, Gluten Free ‘ Conclusion: Yes

(C)]

(Sequential Attribute Inference)
“Return Policy"

(Product Type Judgement) The product is
identified as \"Honey Sticks, Mango\" .

(Judge With External Knowledge): The attribute
‘return_policy' refers to the conditions under which
the product can be returned and refunded.

(Judge form Image)From the image, there is no
explicit indication of a return policy.

(Judge from Text)The text provided mentions a\
"90 DAY MONEY BACK GUARANTEE\" and \
"BUY WITH CONFIDENCE.\" This indicates that
the product has a return policy.

Product: "SckoonCup Beginner Choice -
Made in The USA"

Product Text: *...90 DAY MONEY BACK
GUARANTEE: Only Sckoon can
guarantee the quality. Return for a refund in
90 days., BUY WITH CONFIDENCE:
from Sckoon Organics an innovative..." ‘

(b)

Conclusion: Yes ‘

Figure 7: Case study on Attribute Mining with MSIT.

Product Text:
@Y 1 “Chiquita Banana I Ours |
v -;‘“ Bread Mix 13.7 0z (1 AT
. Delicious Slices) by . e
~ ™ Chiquita” brand": "Chiquita",
—TTT

“type": "Banana Bread Mix",
“net_weight": "13.7 oz (380g)",
"quantity": "13.7 0z ",

i " ["Bananas",

Repea[gd Attribute “product_name": "Banana Bread
Filter Mix",
I

Attribute Generated  |Attribute Generated by
by Qwen GPT4
“servings" "Unknown" | { “Package Type: "Stand-up
“specal_features’: pouch with a resealable zipper”
‘Unknown" “Colors™:

“mfq_date": “Unknown) Yellow”
,,h:s"l-by e “Brand History": Chiquita is

Unknownt.} ;well-knvwn for bananas.}

Sequential
Attribute Inference

“Flour", ..., "Salt"],
| “flavor": "Hearty"
}

Figure 8: Case study on comparison with other methods.

attribute using visual cues, as the text lacks ex-
plicit information. Conversely, in the ‘Return Pol-
icy’ example, textual evidence, such as ‘90 DAY
MONEY BACK GUARANTEE’, is used to con-
firm the attribute when the image is insufficient.
These examples highlight MSIT’s capability to han-
dle real-world e-commerce scenarios where prod-
uct information may be incomplete or ambiguous.
As shown in Figure 8, we compare MSIT to other
models, such as Qwen and GPT-4. For the prod-
uct ‘Chiquita Banana Bread Mix’, Qwen struggles
to extract relevant attributes, often returning ‘Un-
known’ for key information such as ‘servings’ and
‘mfg_date.” GPT-4 performs better by identifying
attributes like ‘Package Type’ and ‘Colors’, but it
misses important details about the product’s con-
tents and characteristics. In contrast, MSIT accu-
rately extracts a comprehensive set of attributes,
including the brand, product name, etc., addressing
the limitations observed in Qwen and GPT-4.

4.10 Conclusion

This paper presents Multimodal Self-Correct In-
struction Tuning (MSIT), a novel framework for

1709



Open-World E-commerce Product Attribute Min-
ing. By utilizing both textual and visual data, MSIT
addresses the limitations of current methods, par-
ticularly the lack of multimodal information and
explicit reasoning. MSIT self-corrects the false pos-
itive attributes through a 5-step chain-of-thought
reasoning. Extensive experiments on the WOAM
and OAMine datasets demonstrate that MSIT sig-
nificantly enhances precision and recall compared
to state-of-the-art methods. Our framework also
shows robustness in domain adaptation scenarios,
highlighting its potential for real-world applica-
tions. In future work, we aim to explore the inte-
gration of additional modalities of MSIT to other
domains that require detailed attribute analysis.

Limitations

The main limitations of our work are related to
the scope of MLLMs fine-tuning. Due to re-
source constraints, we conducted fine-tuning on
three 7B-parameter MLLMs (LLAVA, Qwen and
InternL.M), without extending our efforts to larger-
scale MLLMs such as those with 13B parameters
or beyond.
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A Prompts for data generation

A.1 Prompt for Generation of text attributes
and image attributes

The prompt generated by the data in this stage is
mainly divided into three parts. The first part is the
Task Description, the second part is In-context
Learning, and the third part is to provide product
text or image information. Since we generate text
and image attributes separately, the information in
the third part is provided separately. The follow-
ing shows the prompt that enables GPT4 to extract
text attributes.To generate image attributes, we only
need to extract image attributes in the task descrip-
tion and change the third part of the information to
image information.

Task Description:

You are a world-class algorithm for extracting
information in structured formats.

There are some product descriptions, and your
task is to extract the attribute values from the text
information of the product in a JSON format.

Please provide me with the corresponding at-
tribute value of the attribute. If there is no corre-
sponding attribute value in the information I pro-
vide you, please do not provide me with this at-
tribute.

In-context learning:

"brand”: "Rugby",

"product_name"”: "Tab-A-Vite Multivitamin
Tablets”,

"serving_size": "2 tablets”,

"number_of_servings": 30,

"Dosage Form": "Tablet”,

"Target Audience”: "Adults”,

"Indications”: "Vitamin Supplementation”,

"key_nutrients”: [
"Thiamin (as Thiamine HCI)",
"Vitamin B6 (Pyridoxine HCI)",
"Calcium (as Dicalcium Phosphate)”,
"Magnesium (as Magnesium Oxide)"”

"Type": "Phone case”,

"Material”: "Silicone”,

"Design”: "Transparent”,

"Function”: "Shockproof”,
"Compatibility”: "Compatible Models”,
"Color”: "Black",

"Thickness": "Ultra-thin”,

"Weight”: "Lightweight"”,

"Texture": "Smooth"

"type": "Sofa",

"material_frame": "Gold legs”,

"style”: "Modern, minimalist”,

"size": "Three-Seater Sofa”,

"color”: "White",

"Padding”: "High-Density Foam”,
"Accessories”: "Throw Pillows”,

"Special Features”: "Electric Reclining”,
"Maintenance Requirements”: "Dry Clean Only”

"brand”: "Traditional Medicinals”,
"type": "herbal tea”,
"flavor"”: "eucalyptus and mint",
"caffeine_content”: "caffeine-free”,
"quantity”: "16 tea bags”,
"Packaging Type": "Tea bags”,
"Storage conditions”: "Dry and Well-
Ventilated Area”,
"Processing Level”: "Fermented”,
"Aroma": "Rich”,
"Tea Benefits”:
Aid"]

["Refreshment”, "Digestive

Text information of the product:

Below is the text information of the product whose
attributes I want you to extract

Title: ...

Bullet point: ...

A.2 Prompt for merging the text attributes
and image properties of the product

In this step, we merge the image and text attributes
generated separately previously.

Task Description

The following is the information of the attribute
value pairs extracted from the image and text of
the same product respectively. Please help me
merge them into one. The same attributes will
be regarded as one after being merged.If I only
provide text or image information, then there is no
need to merge and directly output the text or image
information I provide.If you encounter a attribute
like Features, which is a bit general, try to give
more detailed attribute.Please let the output follow
the json format strictly and do not send me any
other text.

Image and text attributes
Image attributes: { Attributel:valuel, At-
tribute2:value2, ... }
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Text attributes: { Attributel:valuel, At-
tribute2:value2, ... }

A.3 Prompt for Generation of
Chain-of-Thought Tuning Data

Task Description

I will provide you with product images as well
as text information and attributes. Please judge
whether the product has this attribute.Please follow
the steps below to reason step by step and give
your reasoning process.

Five-step Chain of thought

Step 1: In this step, you need to determine
the type of product based on pictures and
text information, such as whether the product is
a mobile phone case, tea, or other types of products.

Step 2: This step requires analyzing the meaning
of the attributes. If the attribute’s meaning is
unclear, we will make a preliminary determination
that it cannot be considered a product attribute. If
the intent of the attribute is clear, use common
sense to initially judge whether the attribute
matches the product type, and initially explain the
meaning of the attribute and why it may match the
product.

Step 3: If you preliminarily judge in the second
step that this type of product may have this
attribute, then please use the picture I provided to
guess its attribute value to confirm that the product
indeed has this attribute. Since images do not
provide explicit attribute value information, there
is no need to derive exact attribute values. You
only need to determine a rough attribute value to
confirm.

Step 4: If you preliminarily judge that this
type of product may have this attribute in the
second step, then in this step, please use the text
I provided to guess its attribute value to confirm
that the product indeed has this attribute. If you
inferred an attribute value from the text, give the
exact attribute value

Step 5, please combine the reasoning from the
above steps to draw a conclusion whether the
product has this attribute.

Please mark the last paragraph with yes or no.
No other text is needed in this paragraph.

The product’s text and image information and
the attributes that need to be judged

Image:...

Title: ...

Bullet Point: ...

The attribute i want to judge is Attribute;

B Inference Instructions

B.1 Instructions for Batch Attribute
Generation

The list of instructions used for Batch Attribute
Generation is shown in Table 4. They present the
same meaning with natural language variance.

B.2 Deletion rules for similar meaning
attributes in rules

For two phrases, if the subwords of any phrase
correspond one-to-one with the subwords of the
other phrase, we determine that the two phrases are
synonyms.

To determine whether two subwords are simi-
lar, we use the word2vec-google-news-300 model,
calculate the cosine similarity of the two subword
vectors, and set the threshold.If one of the phrases
has only one subword, we will set a higher thresh-
old to determine similarity, because a subword is
more likely to correspond to a subword in another
phrase.

For two phrases that are judged to have similar
meanings, we must choose one to delete. Our judg-
ment rules can be summarized into the following
three rules.

1. Rule 1: If there is only one attribute with
one subword number of two attributes (assum-
ing that this attribute is attribute A and the
other phrase is attribute B), the attribute to be
deleted depends on the number of subwords
of attribute B. If it is equal to three, attribute
A is deleted, and if it is greater than three,
attribute B is deleted.

2. Rule 2: If two attributes have one attribute
with two subwords (assuming it is attribute A),
and the other attribute has three or more sub-
words (assuming it is attribute B), we choose
to delete attribute B.
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Instructions

“Extract the information from the title, bul-
let points, and product picture into JSON for-
mat.”

“Convert the attribute values of the product
from the provided information into JSON for-

Instructions

mat.”

* “Generate the product attribute values in JSON
format based on the provided title, bullet
points, and picture.”

“Compile the product’s characteristic at-
tributes into JSON format according to the
provided information.”

L]

“Extract the product attribute information into
JSON format from the provided title, bullet
points, and picture.”

L]

“Parse the product’s features and attributes
into JSON format from the given informa-
tion.”

“Extract the product’s characteristics into
JSON format using the provided title, bullet
points, and picture.”

“Retrieve and organize the product’s attribute
values into JSON format from the provided
information.”

“Compile the product’s attribute information
into JSON format based on the title, bullet
points, and picture content.”

“Generate JSON-formatted product attribute
data based on the provided information.”

Table 4: List of instructions for Batch Attribute Genera-
tion.

3. Rule 3: If two attributes have the same num-

* “I provide you with text and image informa-

tion of a product along with one attribute of
this product. Please determine if this product
possesses this attribute through the text and
image. Let’s think step by step, and please
provide your reasoning process.”

3

* “Here’s textual and visual data about a prod-
uct, along with a specific attribute. Your job is
to discern if this attribute applies to the prod-
uct, using both the text and the visuals. Let’s
methodically analyze the information, detail-
ing your reasoning process step by step.”

* “I present you with textual and visual data
about a product, along with a single attribute
associated with it. Your task is to determine
whether this product exhibits this attribute,
utilizing both the text and the image. Let’s
think step by step,and please provide your
reasoning process.”

* “I provide you with the text and picture infor-
mation of a product and an attribute of this
product, please help me judge whether this
product has this attribute through the text and
picture, we will think step by step, please give
your reasoning process.”

“I will give you the text and image information
of a product, as well as one of its attributes.
Please use the text and image to help me de-
termine whether the product has this attribute.
Let’s think step by step, and please explain
your reasoning process.”

ber of subwords, we randomly pick one and
delete it.

B.3 Instructions for Filtering Wrong
Attributes

The list of instructions used for Filtering Wrong
Attributes is shown in Table 5. They present the
same meaning with natural language variance.
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