


Table 4: Ablation study over MFS-HVE components (%) on MNRE and FewRelsmall datasets.

Model Component
MNRE FewRelsmall

5-Way 10-Way 5-Way 5-Way 10-Way 10-Way
1-Shot 1-Shot 1-Shot 5-Shot 1-Shot 5-Shot

Only Text 49.39 31.95 76.66 85.82 63.54 76.73
Image Attention 50.43 32.40 78.37 86.75 66.28 77.18
Object Attention 50.57 33.63 78.85 86.24 66.96 77.96
Image&Object Attention 52.26 35.38 80.50 88.72 69.49 79.17
MFS-HVE 54.88 36.62 81.32 89.65 69.52 80.55

Figure 4: The examples of our proposed model MFS-HVE comparing to a text-based model on both the
MNRE and FewRel datasets. We present the relation extraction results with the detected objects from the
relevant image in the right column. The head entities are highlighted in green, whereas the tail entities
are highlighted in red.

with noisy data.The ablation experiment results
shown in Table 4 are reported by the mean value
of five times the experimental results. We observe
that utilizing multi-modal information performs bet-
ter than uni-modal information (text). However,
only using image-guided attention or object-guided
attention can not achieve a great performance im-
provement. This is probably because consider-
ing the whole image from a global perspective
may introduce noise to the text, resulting in a sim-
ilar performance in few-shot settings compared
with text-based models. In addition, if only object-
guided textual attention is added to the model, the
model still can not achieve a significant improve-
ment. This is because not all images include the
objects that are relevant to the name entities in
the text. Thus, when the model jointly fuses image
attention and object attention, there is a promising
performance increase. The image attention over-
comes the problem of sparsity, whereas the object
attention reduces the noise brought by the whole
image features. After adding hybrid feature atten-
tion to fuse all textual and visual information from

both global and local perspectives, a significant
performance gain is seen.

4.4.3. Case Study

Figure 4 shows the case study comparing our MFS-
HVE model with a text-based model MTB on both
MNRE and FewRel datasets. To evaluate the ad-
vantage and effectiveness of semantic visual infor-
mation, we compare our model with an unimodal
model, which only depends on textual information.
We present four examples of two relations. For
each relation, we present two cases. One case is
that both the text-based model and the multimodal
model MFS-HVE predict the relation correctly. The
other case is that the relation is incorrectly pre-
dicted by the text-based model but correctly pre-
dicted by MFS-HVE.

Based on these examples, we observe that the
text-based model only performs well when rich in-
formation is in the text. For the examples shown
on the left, the text-based model can only correctly
predict the relation ‘couple’ when relevant words or
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phrases with similar meanings appear in the text,
such as ‘married’ in the first sentence. Similarly, for
the relation ‘winner’, the text-based model also per-
forms well when the long textual sentence contains
detailed information such as the word ‘awarded’.
These words relevant to the target relations pro-
vide enough semantic hints for the models with
only text. However, not all cases have such long or
detailed textual hints for the model. In the exam-
ples shown on the right, the textual sentences are
short, without any words related to the target rela-
tion. In these cases, the text-based model can not
predict the relation correctly. The text-based model
predicts ‘Angel’ and ‘Mark’ are peers instead of
‘couple’, ‘Roger Federer’ is the ‘participant of’ the
tennis tournament ‘Wimbledon’ instead of ‘winner’
of ‘Wimbledon’. Nevertheless, with the guidance
of informative visual evidence, more semantics are
provided to the text. In the upper-right example,
a wedding ceremony is shown in the image, and
people objects are detected in the image. Based
on this information, MFS-HVE correctly predicts
the relation ‘couple’ instead of other relations in
the MNRE dataset such as ‘sibling’, ‘peer’, ‘parent’,
etc. Similarly, in the lower right example, MFS-HVE
predicts the relation ‘Roger Federer’ is the ‘winner’
of ‘Wimbledon’ based on the visual information that
a person is holding a tennis racket. In summary, in-
tegrating semantic visual information at both global
and local levels provides more relevant informa-
tion to supplement the missing contexts in textual
sentences, resulting in a better and more robust
performance for few-shot relation extraction.

4.4.4. Parameter Sensitivity

Figure 5: Effects on varying the number of em-
bedded objects in one-shot settings on MNRE and
FewRelsmall datasets.

Figure 5 shows the results of our proposed MFS-
HVE model influenced by embedding a different
number of objects detected from the image. By

varying the object number from one to five, the
results in terms of Accuracy on both MNRE and
FewRelsmall are exhibited in Figure 5. We observe
that the object number affects the performance of
few-shot relation extraction. The model achieves
the best performance when the object number is
two. The performance drops when the object num-
ber increases. This is reasonable because rela-
tions always happen between two name entities.
The two detected objects are usually relevant to
the two corresponding name entities if the images
are of high quality. Embedding only one object
may lose critical information, whereas embedding
lots more objects also introduces noise (irrelevant
information) to the visual information.

5. Conclusion and Future Work

In this paper, we propose MFS-HVE, a multi-modal
few-shot relation extraction approach leveraging
semantic visual information to supplement the
missing contexts in textual sentences. Our multi-
modal fusion module consists of image-guided at-
tention, object-guided attention, and hybrid feature
attention that integrates information from different
modalities. Experimental results demonstrate that
MFS-HVE leveraging attention-based multi-modal
information outperforms other uni-modal baselines
and multi-modal fusion methods in few-shot rela-
tion extraction. In future work: (1) We will imple-
ment other powerful SOTA image encoders such as
ViT (Dosovitskiy et al., 2021) to generate feature-
level image embeddings. (2) We will explore utiliz-
ing the semantic visual information as an external
source in zero-shot learning.

6. Ethical Considerations

Dataset Construction Because FewRel is a uni-
modal relation extraction dataset, we obtain the
images for each sentence from Wikidata, which
is a free and collaborative knowledge base. Wiki-
data follows open data principles, which means
that the data it contains is available to the public for
various purposes, including research. We collect
instance-related images from the wiki to make a
multi-modal relation extraction dataset for exper-
iments. Because not all instances from FewRel
have relevant images, we remove the instances
that do not have a corresponding relevant image
on FewRel, resulting in a new dataset FewRelsmall

Computing Cost Our proposed model MFS-
HVE requires GPU training, which imposes a com-
putational burden. Specifically, our model needs
5-6 hours of training on a single GPU card, which
results in 0.25lbs of carbon dioxide emissions.
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8. Appendix

8.1. Dataset Construction and
Description

In the following, we describe each dataset in detail:
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dataset. It is originally built upon Twitter15 (Lu
et al., 2018), Twitter17 (Zhang et al., 2018)
and crawling data from Twitter 3. Each piece
of data includes a sentence with two name en-
tities and an image ID to correlate the text
with the image. Because MNRE is a rela-
tion extraction dataset for supervised learn-
ing, there is an overlap of relations between
the training and the testing dataset. For few-
shot relation extraction, we randomly re-split
the MNRE dataset to ensure no overlap of
classes between the training and testing sets.
There are 23 classes in total. After splitting
the dataset, there are 13 classes for training
and 10 classes for testing.

• FewRel (Han et al., 2018). The FewRel
dataset is a public human-annotated balanced
few-shot RC dataset consisting of 80 types of
relations (64 for training and 16 for validation,
another 20 for testing but it is not public), each
of which has 700 instances. Because we need
to combine images with the original text, so
we only run experiments on the public part (64
training + 16 validation). Because FewRel is
a fully uni-modal dataset, we insert an image
ID to each instance to make it into a multi-
modal relation extraction dataset. The image
for each instance is automatically crawled by
a built-in web crawler 4 on wiki data from the
Google search engine.

• FewRelsmall. FewRelsmall is a subset of
FewRel. Because FewRel doesn’t have image
information, we crawl the images for FewRel.
We view these images as external informa-
tion, similar to auxiliary information such as
label description, knowledge graphs, entity de-
scription, etc. Because images crawled for
FewRel is an automatic process, some of the
images are not relevant to their corresponding
texts. Noise exists in the newly constructed
multi-modal FewRel dataset. Noisy images
are removed to ensure that FewRelsmall is a
small, clean, and high-quality multi-modal few-
shot relation extraction dataset. Note that we
did not do any labeling work. The labels re-
main the same in FewRelsmall as FewRel, and
we only add more information (images) for the
existing dataset.

In all, FewRel is a balanced dataset. Due to
the data cleaning, FewRelsmall is an unbalanced
dataset. MNRE is also an unbalanced dataset.

3https://archive.org/details/twitterstream
4https://github.com/hellock/icrawler

8.2. Model Robustness

To further study the robustness of integrating vi-
sual information with textual information, we also
conduct experiments on the model’s performance
comparison on FewRel and FewRelsmall. To make
fair comparisons, instead of directly reporting the
performance of other state-of-the-art models, we
re-implement other models with the same param-
eter settings as the models run on FewRelsmall.
Table 5 shows the results of performance decrease
from dataset FewRel to FewRelsmall in few-shot set-
tings. Because the FewRel dataset is more than
ten times larger than FewRelsmall, there are more
training instances in FewRel. It is reasonable to
expect a performance drop when the model is train-
ing on a smaller dataset. From Table5, we observe
that the performance of text-based models drops
significantly when the dataset tends to be smaller.
This is because models usually can perform better
when more data is available. In addition, we also
find that models based on multi-modal information
are more robust than text-based models. They
have a smaller performance decrease than text-
based models. Our proposed model MFS-HVE
performs the best in the one-shot learning setting.
We conjecture that the high-quality semantic visual
information neutralizes the negative impact of lit-
tle training data in FewRelsmall, resulting in a more
robust performance of multi-modal models.

8.3. Limitations

We view the following current limitations as some
opportunities to build on in future work. First, MFS-
HVE requires high-quality images for training. As
shown in Table 3, MFS-HVE has a significant per-
formance improvement compared with models us-
ing other text-based external information on MNRE.
This is because MNRE is a public multi-modal
dataset including clean and high-quality images.
However, MFS-HVE shows a slight improvement
or similar performance with models using other
text-based external information on FewRel. The
images crawled automatically contain much noise,
which means some of the crawled images are irrel-
evant to the textual sentences. To further improve
the performance on the FewRel dataset, human
efforts or other crawling techniques are needed to
get a large, clean, and high-quality image dataset.

Second, we compare MFS-HVE with five differ-
ent fusion models introduced in Sec. 2.2. There
are no existing multi-modal fusion models for the
few-shot relation extraction task. We follow the
five models’ papers to implement the multi-modal
fusion algorithms. To meet the requirement for
few-shot learning, these fusion methods are built
upon MTB (Baldini Soares et al., 2019). More
latest multi-modal fusion methods are needed for
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Table 5: Results of performance decrease in Accuracy(%) from FewRel to FewRelsmall.

Model 5-Way 5-Way 10-Way 10-Way
1-Shot 5-Shot 1-Shot 5-Shot

GNN (Satorras and Estrach, 2018) 12.32 10.90 12.18 6.53
Snail (Mishra et al., 2018) 9.88 12.12 11.19 11.58
Siamese (Koch et al., 2015) 5.61 8.36 14.24 4.25
MLMAN (Ye and Ling, 2019) 3.30 1.97 2.70 2.25
Proto_BERT (Snell et al., 2017) 2.20 4.31 3.11 7.35
MTB (Baldini Soares et al., 2019) 3.14 1.00 3.54 3.66
ZSLRC (Gong and Eldardiry, 2021) 4.01 6.10 2.34 5.83
ConceptFERE (Yang et al., 2021) 3.56 2.96 3.34 3.76
REGRAB (Qu et al., 2020) 4.32 4.88 3.44 4.07
HCRP (Han et al., 2021) 4.36 3.00 2.76 4.24
MapRE (Dong et al., 2021) 6.29 7.24 8.47 8.80
FAEA (Dou et al., 2022) 7.97 6.78 4.55 5.59
SimpleFSRE (Liu et al., 2022b) 5.45 7.45 5.79 7.54
Concat (Wan et al., 2021a) 3.08 1.32 2.58 0.83
DeepFusion (Wang et al., 2020a) 2.14 4.72 0.38 0.39
CirculantFusion (Gong et al., 2023) 3.99 2.60 5.75 2.24
Dual Co-Att (Liu et al., 2021) 2.60 1.58 3.67 2.02
Protomultimodal (Ni et al., 2022) 2.01 3.08 3.75 2.99
MFS-HVE 1.95 0.83 0.27 1.32

performance comparison. To further improve the
performance, more SOTA visual encoders such as
ViT (Dosovitskiy et al., 2021) and large GPU mem-
ories are needed to conduct more experiments.

Finally, we want to clarify that our work focuses
on few-shot relation extraction. We compare our
model’s performance with 14 SOTA open-code
few-shot RE models and 5 different fusion mod-
els on two public English datasets. State-of-the-
art multi-modal models in supervised learning for
other tasks (i.e. NER, etc) or other languages
besides English, are outside the scope of our pa-
per because not all supervised models could be
adapted/changed to few-shot settings as the train-
ing process is completely different.


