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Abstract

Recently, Multimodal Information Extraction
(MIE) has attracted a lot of attention. Most
of the existing methods focus on direct Image-
Text interactions and face significant challenges
due to the semantic and modality gaps between
images and text. In this paper, we introduce
a new paradigm of Image-Context-Text inter-
action, leveraging large multimodal models
(LMMs) to generate descriptive textual con-
text as a bridge to address these gaps. Follow-
ing this paradigm, we propose a novel method,
Shapley Value-based Contrastive Alignment
(Shap-CA), which aligns both context-text and
context-image pairs. Shap-CA first applies the
Shapley value to measure the individual contri-
bution of each element in context-text/context-
image pairs to the overall semantic/modality
overlaps, and then employs a contrastive learn-
ing strategy to maximize the contributions from
relevant pairs and minimize those from irrel-
evant ones. Furthermore, we incorporate an
adaptive fusion module for selective cross-
modal fusion. Extensive experiments across
four MIE datasets demonstrate that our method
significantly outperforms existing state-of-the-
art methods. Code will be released upon accep-
tance.

1 Introduction

The exponential growth of social media platforms
has initiated a new phase of communication, char-
acterized by the sharing of multimodal data, pri-
marily texts and images. This diverse landscape
necessitates advanced techniques for multimodal
information extraction (MIE) (Wang et al., 2022a;
Chen et al., 2022a; Yuan et al., 2023), which primar-
ily aims to utilize auxiliary image inputs to enhance
the performance of identifying entities/relations
within the unstructured text.

To the best of our knowledge, the majority of pre-
vious methods on MIE mainly concentrate on the
direct interaction between images and text. These
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Figure 1: The semantic and modality gaps.

approaches either (1) encode images directly and
then employ efficient attention mechanisms to facil-
itate image-text interactions (Lu et al., 2018; Moon
etal., 2018; Arshad et al., 2019; Yu et al., 2020; Sun
et al., 2021; Wang et al., 2022c; Xu et al., 2022),
or (2) recognize finer-grained visual objects from
images and use Graph Neural Networks or atten-
tion mechanisms to foster object-text interactions
(Wu et al., 2020; Zheng et al., 2020; Zhang et al.,
2021a; Zheng et al., 2021a; Chen et al., 2022b,a;
Jia et al., 2022, 2023; Yuan et al., 2023; Chen et al.,
2023).

Despite the remarkable advancements made by
these methods, this direct Image-Text interaction
paradigm suffers from the simultaneous presence
of semantic and modality gaps. As shown in the
upper half of Figure 1, “Rocky” in the post refers
to the name of a dog. The semantic gap refers to
the meaning gap between the literal expression and
what the image refers to, as “Rocky” can also be
a cat or a person. The modality gap results from
the under-explored problem of how to map text and
images into a unified feature space. The coexis-
tence of these two gaps weaken the link between
images and text, potentially leading to erroneous
predictions of entities or relations.

While the field of generative large multimodal



models (LMMs) has experienced rapid develop-
ment, partially bridging the two kinds of gaps men-
tioned, they still exhibit restricted performance on
MIE (Sun et al., 2023) due to their open-ended
generative nature similar to large language models
(LLMs). However, LMMs demonstrate impressive
results on instruction-following and visual compre-
hension (Liu et al., 2023b,a), making them excel at
generating descriptive textual context for images.
This inspires us to utilize the generated descrip-
tive context as the intermediate form to fill in the
gaps. In this way, we can make use of the powerful
generative ability of LMMs and reduce the burden
of aligning image and text directly. As shown in
Figure 1, the textual context only exhibits a seman-
tic gap with the text and a modality gap with the
image, forming the Image-Context-Text interaction
paradigm and beneficial for cross-modal interpreta-
tion and understanding.

Following the new interaction paradigm, we
propose a novel Shapley Value-based Contrastive
Alignment (Shap-CA) method, which leverages the
context to construct more coherent and compatible
representations for MIE. The Shapley value, de-
rived from cooperative game theory (Dubey, 1975),
offers an equitable measure of each player’s value
based on their individual contribution to the overall
cooperation. Applying this principle, we adapt the
Shapley value to the alignment of both context-text
and context-image pairs. In a set of context-text
or context-image pairs, each element is treated as
a player. Shap-CA first uses the Shapley value
to evaluate the contribution of every player to the
overall semantic or modality overlap. Then, a con-
trastive learning strategy is employed to maximize
the contribution from relevant pairs, while mini-
mizing the interactive contributions from irrelevant
pairs. This alignment method effectively strength-
ens the links between contexts and their correspond-
ing texts/images, thereby bridging semantic and
modality gaps. Next, we further design an adap-
tive fusion module to obtain the informative fused
features across modalities. This module assesses
the relevance of each modal feature to the bridging
context, strategically weighting their importance
to achieve a finer-grained selective cross-modal fu-
sion. Finally, a linear-chain CRF (Lafferty et al.,
2001) or a word-pair contrastive layer is employed
for prediction.

The main contributions of this paper can be sum-
marized as follows:

* We are the first to introduce the Image-
Context-Text interaction paradigm and lever-
age LMMs to generate descriptive context as
a bridge to mitigate semantic and modality
gaps for MIE.

* We propose a novel Shapley value-based con-
trastive alignment method, capturing semantic
and modality relationships within and across
image-text pairs for coherent and effective
multimodal representations.

» Extensive experiments demonstrate that our
method substantially outperforms existing
state-of-the-art methods on four MIE datasets.

2 Related Work

Multimodal Information Extraction MIE is
a field of study that mainly strives to augment
the identification of entities and relations by uti-
lizing additional image inputs, which primarily
consists of three tasks: multimodal named entity
recognition (MNER), multimodal relation extrac-
tion (MRE) and multimodal joint entity-relation
extraction (MJERE). Specifically, MNER (Wang
et al., 2022a; Sun et al., 2021) and MRE (Zheng
etal.,2021a; Chen et al., 2022a) are concerned with
identifying entities and relations separately, while
MJERE (Yuan et al., 2023) aims to extract entities
and their associated relations jointly. Most of ex-
isting methods (Lu et al., 2018; Moon et al., 2018;
Yu et al., 2020; Zheng et al., 2020; Wu et al., 2020;
Zheng et al., 2021a; Sun et al., 2021; Xu et al.,
2022; Yuan et al., 2023; Chen et al., 2023) have
been dedicated to the paradigm of direct Image-
Text interaction. For instance, Sun et al. (2021)
developed a pretrained multimodal BERT model to
control the images’ effect on text, and Yuan et al.
(2023) designed an edge-enhanced graph network
to facilitate the alignment between visual objects
and the text. Despite these significant strides, these
approaches overlook the potential dual gaps present
between images and text. There are some other
studies (Wang et al., 2022c,a) that leverage exter-
nal knowledge bases to facilitate model reasoning.
From a knowledge perspective, we regard LMM
as a knowledge base (Petroni et al., 2019) to gener-
ate informative bridging context to enhance model
performance.

Large Multimodal Models Large multimodal
models have recently gained substantial traction in
the research community (Alayrac et al., 2022; Li



et al., 2023a). Similar to the trend observed with
large language models, several studies have indi-
cated that scaling up the training data (Bai et al.,
2023; Zhao et al., 2023; Dai et al., 2023) or model
size (Bai et al., 2023; Lu et al., 2023) can signifi-
cantly enhance these large multimodal models’ ca-
pabilities. Moreover, visual instruction tuning (Liu
et al., 2023b) can equip large multimodal models
with excellent instruction-following, visual under-
standing, and natural language generation abilities.
This advancement empowers these models to ex-
cel in interpreting images according to instructions
and generating informative textual contexts. How-
ever, their open-ended generative characteristics
have resulted in less than satisfactory performance
when directly applied to information extraction
tasks (Sun et al., 2023).

3 Methodology
3.1 Task Definition

Given an input text t = {¢1,...,t,, } with n; to-
kens and its attached image I, our method aims to
predict the output entity/relation labels y. The for-
mat of the labels vy is task-dependent. Specifically,
for MNER, they are sequential labels. For MRE
and MJERE, they are word-pair labels (Yuan et al.,
2023).

3.2 Overview

The architecture of Shap-CA is shown in Figure
2. Initially, we utilize a LMM, e.g., LLaVA-1.5
(Liu et al., 2023a), to extract the textual bridging
context from the image. Subsequently, we employ
a pretrained textual transformer to extract features
from the text and the context. In parallel, an image
encoder is used to derive visual features from the
image. Following this, we apply a Shapley value-
based contrastive alignment to construct more co-
herent representations. The adaptive fusion module
is then employed to obtain the informative features
across modalities. Finally, these comprehensive
representations are fed into a CRF or a word-pair
contrastive layer for prediction.

3.3 Encoding Module

Context Generation Given an image I, we uti-
lize a pretrained LMM to generate a textual context
as the bridging context ¢ = {cy,..., ¢y, }.

Textual and Visual Encoding In order to acquire
contextualized textual features, we concatenate the
input text ¢ with the bridging context c¢. Following

this, we employ a pretrained textual transformer
to extract both sentence-level and token-level fea-
tures:

xt, Hy, @, H. = Transformer([t; c]) (1)

where x;, x. € R¢ represent the sentence-level
features, while H; € R™*?¢ H,. € R"*4 denote
the token-level features of the input text and con-
text, respectively. Simultaneously, we employ an
image encoder to extract the visual features of the
image I:

X, H,, = ImageEncoder (1) 2)

where x,,, H,, denotes the global visual feature and
the regional visual features of the image, respec-
tively.

3.4 Shapley Value-based Contrastive
Alignment

To construct more coherent representations, we
leverage the Shapley value to perform both context-
text alignment and context-image alignment. The
Shapley value, originating from cooperative game
theory (Dubey, 1975), offers a solution for the eq-
uitable allocation of total benefits derived from
cooperation among players, based on their individ-
ual marginal contributions. The Shapley value’s
desirable mathematical properties have led to its
widespread application in diverse fields, from eco-
nomics (Gul, 1989) to machine learning (Ghorbani
and Zou, 2019; Jia et al., 2019b). This work is the
first to utilize the Shapley value for multimodal
alignment through contrastive learning (Chen et al.,
2020).

3.4.1 Preliminary

In the context of a cooperative game, suppose we
have k players, represented by K = {1,...,k},
and a utility function w : 2¥ — R that assigns a
reward to each coalition (subset) of players. The
Shapley value of player i is then defined as (Jia
et al., 2019a):

u(S U {i}) — u(S)]

3
The Shapley value essentially quantifies the aver-
age marginal contribution of a player to all poten-

tial coalitions (subsets). We detail the context-text
alignment as an example as follows.
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Figure 2: The overall architecture of Shap-CA.

3.4.2 Context-Text Alignment

Shapley Value In the context-text alignment,
inputs are a mini-batch of k context-text pairs
{(zc% x4*)}e_,|. Here, we view the k bridging
contexts as players, denoted as K = {1,...,k}
for simplicity. These players, or contexts, collabo-
ratively contribute to the semantic comprehension
of a specific text feature. Consider the j-th pooled
text feature, 47, and a selected subset of context
players, denoted as a coalition S C K. The central
idea is based on an assumption: if all the contexts
within the subset S and the text &/ form positive
pairs, the utility of S for 24’ would be represented
by the expected semantic overlap between them.
This utility captures the collective semantic rela-
tionships between the text and the contexts within
the coalition, as formalized by:

u;(S) = Zpisim(actj, xci)
€S

sim(x¢d ,xet) /T

“)

(&
S g €M@ 2/

pi =

Here, sim(x¢’, ") denotes the semantic overlap
between the text and each context (i.e., individual
semantic contribution), measured by cosine sim-
ilarity. The weight p;, computed through a soft-
max operation with a temperature of 7, models
the cooperative behavior among different contexts
by normalizing these individual semantic contri-
bution. This approach intuitively suggests that the
stronger the semantic overlap a context shares with
the text (i.e., the larger the semantic contribution),
the more likely it is to form a positive pair with

the text in real-world situations. From this perspec-
tive, the utility of the coalition can be interpreted as
an expectation over the semantic overlaps of each
context within S with the text, where the expec-
tation weights are given by the likelihood of each
context-text pair being positive. This method natu-
rally prioritizes contexts that have a higher degree
of semantic overlap with the text, thereby refining
the overall semantic understanding.

However, as indicated by Eqn. 3, the computa-
tion of the Shapley value requires an exponentially
large number of computations relative to the size
of the mini-batch, which poses a challenge during
training. To address this, we extend Monte-Carlo
approximation methods (Castro et al., 2009; Maleki
et al., 2013) to our training setting for estimating
the Shapley value. The algorithm is shown in Ap-
pendix A.

Contrastive Learning After acquiring the ap-
proximated Shapley value {(/Bl(uj), i (uj)},
we introduce a context-to-text contrastive loss that
aims to maximize the average marginal semantic
contribution from each context player to the text
with which it forms a true positive pair (i.e., the
text from the same pair), while simultaneously min-
imizing the contributions between the true negative
pairs (i.e., all other texts not paired with this con-
text).

k
Lon=—3 3 |di(u) ~ S diw)| )
j=1 i#j



In a symmetrical manner, we can treat the k pooled
text as players, and derive the text-to-context con-
trastive loss Ls9.. The semantic 10ss Lsemantic 1S
the average of these two contrastive losses:

1
['semantic = §(£02t + [ft2c) (6)

3.4.3 Context-Image Alignment

Similarly, we can employ Alg. 1 to estimate the
Shapley value for a mini-batch of k context-image
pairs {(x.?, T,*)}*_, and derive the context-to-
image loss L9, and the image-to-context loss L.
The modality 1oss L;0datity 1S the average of these
two contrastive loss:

1
Emodality - §(£02v + £v2c) (7)

3.5 Adaptive Fusion

To facilitate a finer-grained fusion across modali-
ties, we develop an adaptive attention fusion mod-
ule. This module dynamically weights the im-
portance of different features in two modalities,
based on their relevance to the context that connects
them. Given the representations Hy, H., H,, ob-
tained from Section 3.3, we initially employ linear
projection to transform them into a set of matri-
ces: a query matrix Q, € R™*P | a key matrix
K; € R"*D 3 value matrix V; € R™*P and
a context matrix C' € R™*P Subsequently, we
calculate the bridging term B as follows:

.
c\*/g) e RP (8)

This bridging term is then employed to dynamically
modify the content of queries Q, and keys K;
based on their relevance to the bridging term:

Qv/:quQv+(1_gq)®B
K/=g,0Ky+(1-g,)©B
where © represents the Hadamard product, g, €
R™*P and g, € R™*P are gating vectors that

are used to capture the relevance between the text
(or image) and the bridging context:

9, = tanh(Lineam(Qm B))
g, = tanh(Linear (K, B))

B = mean(

(€))

(10)

Following this, we acquire the image-awared text
features M! € R™*P using the gated cross-
attention:

= CrossAttention(Q,’, K¢/, V;)  (11)

3.6 Classifier

In addition to the image-awared text features de-
rived from Eqn. 11, we also incorporate each to-
ken’s part-of-speech embeddings MP%5 ¢ R <1
and positional embeddings M? € R™*%  to en-
rich the information available for decoding. For
MNER, a widely used CRF layer (Akbik et al.,
2018; Kenton and Toutanova, 2019) is employed
to predict label sequences. For MRE and MJERE,
we propose a word-pair contrastive layer to predict
word-pair labels (Yuan et al., 2023).

CREF layer Initially, we employ a multi-layer per-
ceptron to integrate the three channels of features:

M = MLP(M"; MP°%; MP) € R"*% (12)

Subsequently, we feed M = {M,...,M,,}
into a standard CRF layer to derive the final dis-
tribution P(y|t). The training loss for the input
sequence t with gold labels y* is measured using
the negative log-likelihood (NLL):

—log P(y"[t)
Word-Pair Contrastive layer For each word
pair (¢, ¢;), we initially employ three multi-layer
perceptrons to separately obtain the three channels
of pair-wise features:

X} ; = MLP'(M}; M; M

(13)

Emain =

R
(14)

l
- M;) €

where [ € {t,pos, p} represents the different fea-
ture channels. Following this, we use only the text
features to generate the initial distribution Pf ; and
incorporate the three channels of features to derive

the enhanced distribution P;’] £PosP ver the label
set:
P}, = Softmax(MLP (X ;)) (15)
Plf]posvp = Softmax(MLP3(X} ;; X1%°; X7 )
(16)

The final distribution is refined by contrasting the
two distributions:
7pos’p
final __ »POS,P
P = SoftmaX(P + Alog —=— P 3 )

(17)
where ) is the refinement scale. We use the cross-
entropy loss for the input sequence ¢ and the gold
word-pair labels y*:

ne Nt

Limain = Z Z y;k] log sznal>

=1 j=1

(18)



3.7 Training

In summary, our framework incorporates two self-
supervised learning tasks and one supervised learn-
ing task, resulting in three loss functions. Con-
sidering the semantic 10ss Lsemantic, the modality
loss Lynodatity from Sec. 3.4, and the prediction
loss Lnqin from Sec. 3.6, the final loss function is
defined as follows:

L= aﬁsemantic + /Bﬁmodality + ﬁmain (19)

where «, 3 are hyperparameters.

4 Experiments

We conduct our experiments on four MIE datasets
and compare our approaches with a number of pre-
vious approaches.

4.1 Datasets and Implementation Details

Experiments are conducted on 2 MNER datasets,
1 MRE dataset and 1 MJERE dataset: Twitter-15
(Zhang et al., 2018) and Twitter-17 (Yu et al., 2020)
for MNER!, MNRE? (Zheng et al., 2021b) for
MRE, and MJERE? (Yuan et al., 2023) for MJERE,
noting that the last dataset and the task share the
same name. Statistical details of these datasets are
provided in Appendix B. Implementation details
are shown in Appendix C.

4.2 Baselines

We compare Shap-CA with previous state-of-the-
art methods, which primarily fall into two cate-
gories. The first group of methods only consider
text input, including BERT-CRF (Devlin et al.,
2018), MTB (Baldini Soares et al., 2019), Chat-
GPT and GPT-4*. Secondly, we consider several
latest multimodal methods, including OCSGA (Wu
et al., 2020), UMGF (Zhang et al., 2021a), MEGA
(Zheng et al., 2021a), MAF (Xu et al., 2022), ITA
(Wang et al., 2022b), CAT-MNER (Wang et al.,
2022c), MNER-QG (Jia et al., 2023), EEGA (Yuan
et al., 2023), and MQA (Sun et al., 2023).

4.3 Main Results

Table 1 presents a comprehensive comparison be-
tween our proposed method and the baselines, in-

'The datasets are available at https://github.com/
jefferyYu/UMT, https://github.com/Multimodal-NER/
RpBERT

2https://github.com/thecharm/MNRE

3https://github.com/YuanLi95/EEGA-for-JMERE

“Please refer to Appendix D for detailed settings about
LLMs.

cluding both text-based methods and previous state-
of-the-art multimodal methods.

The first observation from Table 1 is the signifi-
cant superiority of our method, Shap-CA, across all
datasets. In the entity/relation extraction tasks, rep-
resented by Twitter-15, Twitter-17, MJERE, and
MNRE, Shap-CA outperforms the closest competi-
tor by 1.33%, 1.07%, 0.7% and 1.05% F1 scores,
respectively, underscoring the effectiveness of our
proposed Image-Context-Text interactions. Fur-
thermore, in the most challenging task—MIJERE;,
which demands the simultaneous extraction of en-
tities and their associated relations—Shap-CA ex-
cels, achieving the highest F1 score of 55.95%.
This result underlines Shap-CA’s potential in more
complex MIE scenarios.

Next, it’s evident that incorporating images gen-
erally enhances the performance of MIE when com-
paring the state-of-the-art multimodal methods to
their text-only counterparts.

Finally, we compare methods based on LLMs
(e.g., ChatGPT, GPT-4) and LMMs (e.g., MQA)
with other approaches. Despite the common be-
lief that larger models possess better generalization
abilities, our experimental results indicate their un-
derperformance compared to our method and other
previous multimodal approaches. This suggests
that existing large models, despite their extensive
capabilities, might not yet be fully optimized for in-
formation extraction tasks, potentially due to their
open-ended generative nature and pre-training sce-
narios that are misaligned with the specifics of
MIE.

5 Analysis
5.1 Ablation Study

We conduct a comprehensive ablation study to fur-
ther analyze the effectiveness of our method. The
results of these model variants are also presented
in Table 1.

Importance of Bridging Context Our method
fundamentally relies on the bridging context to en-
hance cross-modal comprehension and interpreta-
tion. To evaluate its effectiveness, we introduce two
variants: (1) Shap-CA w/o Context in Alignment,
which directly aligns image-text inputs based on the
Shapley value, and (2) Shap-CA w/o Context in Fu-
sion, which simply applies vanilla cross-attention
fusion without the context involved. Our results
show that Shap-CA consistently outperforms these
variations across all datasets. For instance, the F1
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Modality Method MNER MIJERE MRE
Twitter-15  Twitter-17 MIJERE; MIJERE. MNRE

BERT-CRF 71.81 83.44 - - -

Text MTB - - - - 60.86
ChatGPT 50.21 57.50 13.37 51.74 35.20
GPT4 57.98 66.61 21.51 56.63 42.11
OCSGA 72.92 - 49.64 76.07 -
UMGF 74.85 85.51 51.45 76.75 65.29
MEGA 72.35 84.39 53.18 77.22 66.41
MAF 73.42 86.25 53.62 76.81 -
ITA 75.60 85.72 - - 66.89
CAT-MNER 75.41 85.99 - - -

Text + Image MNER-QG 74.94 87.25 - - -
EEGA - - 55.29 78.59 -
MQA 50.6 62.6 - - 61.6
Shap-CA w/o Context in Alignment  74.87 86.19 54.07 77.74 66.29
Shap-CA w/o Context in Fusion 75.24 87.31 53.35 77.49 66.41
Shap-CA w/o Shapley Value 75.38 86.58 54.14 77.48 65.72
Shap-CA w/o word-pair Contrastive - - 54.73 78.02 67.12
Shap-CA 76.93 88.32 55.95 79.29 67.94

Table 1: Performance comparison (F1 score) of our approach and state-of-the-art approaches on four MIE datasets.
Following Yuan et al. (2023), on the MJERE dataset, we demonstrate both joint entity-relation extraction and named
entity recognition results, denoted as MJERE,;, MJERE, respectively. The results of large language models on the

MIJERE dataset are reproduced by us.

score decreases from 76.93% to 74.87% on the
Twitter-15 dataset when the context in alignment
is removed. This highlights that the textual context
can effectively bridge the semantic and modality
gaps between images and text, demonstrating its
value in MIE.

Role of Shapley Value To understand the impact
of the Shapley value-based contrastive alignment,
we replace it with InfoNCE (Oord et al., 2018),
a widely used approach in the field of contrastive
learning (Baevski et al., 2020; Ma et al., 2020;
Morgado et al., 2021). As shown in Table 1, Shap-
CA apparently outperforms the variant without the
Shapley Value on all datasets, which validates our
proposed alignment method’s ability to construct
more coherent multimodal representations for MIE.

Effectiveness of the Word-Pair Contrastive
Layer We further delve into the impact of our
proposed word-pair contrastive layer by evaluating
the performance of Shap-CA w/o word-pair Con-
trastive. As expected, it can enhance the model’s
predictive power by contrasting the distributions
before and after the integration of the three chan-
nels.

5.2 How Alignments Affect Performance

In this section, we further discuss the influence
of alignments on our model’s performance on the

55.95 55.95

F1 Score

0.0 0.2 04 0.6 0.8 10
Value

Figure 3: The model performance with different « or 3

MIERE dataset. Specifically, we examine two key
coefficients, o and 3 in Eqn. 19, which represent
context-text alignment and context-image align-
ment, respectively. As shown in Figure 3, the
model’s performance exhibits a consistent pattern
of variation in response to changes in « and 3. We
will discuss the trend using « as an example. o = 0
means w/o context-text alignment, resulting in the
poorest performance due to the inability to effec-
tively bridge the semantic gap . When o = 0.2,
the model reaches its optimal performance. How-
ever, when « exceeds 0.2, the alignment task may
interfere with the main task, leading to declining
performance.



Generator MIERE; MIERE, Twitter-17— Twitter-15 Twitter-15—Twitter-17
P R Fl P R Fl P R F1 P R Fl
BU 54.11 56.92 5548 76.57 8092  78.69 UMT 64.67 6359 64.13 67.80 5523  60.87
VinVL 53.64 5786 5567 77.02 80.73  78.83 UMGF 67.00 62.18  66.21 69.88 5692  62.74
BLIP-2 5450 57.08 5576 77.33  80.83  79.03 FMIT 66.72  69.73  68.19  70.65 5922 6443
LLaVA-1.5 54.03 58.02 5595 77.19 8150 79.29 CAT-MNER 7486  63.01 68.43  70.69 59.44  64.58
Shap-CA 72779 6583  69.14  71.27 5995 @ 65.12

Table 2: Performance effect from the different context
generators.

5.3 Impact of Different Context Generators

We conduct experiments to explore the impact
when using weaker context generators. In par-
ticular, we examine the results of four different
context generators on the MJERE dataset. These
include BU (Anderson et al., 2018), a pretrained
image captioning model 3 proposed by (Luo et al.,
2018) with the Bottom-Up features, VinVL (Zhang
et al., 2021b), a captioning model finetuned on
MS-COCO® (Lin et al., 2014), BLIP-2 (Li et al.,
2023b), a computation-friendly pretrained Vision-
Language model’ and LLaVA-1.5 (Liu et al.,
2023a), a newly proposed visual instruction-tuned,
large multimodal model®. As shown in Table 2, the
performance disparity across these context genera-
tors is minimal. This observation implies that our
method is robust to the variance in context genera-
tors, maintaining consistent performance regardless
of the quality of the generated context.

5.4 Generalization Analysis

Table 3 presents a comparison of our method’s
generalization ability against several previous state-
of-the-art approaches. The experimental setup in-
volves training on one dataset and testing on an-
other. For instance, Twitter-17—Twitter-15 de-
notes that the model is trained on the Twitter-17
dataset and then tested on the Twitter-15 dataset.
When examining the F1 score, our method sig-
nificantly outperforms all other methods in both
tasks. This exceptional performance highlights our
method’s strong generalization ability.

5.5 Case Study

In Appendix E, we present two cases that highlight
the effectiveness of our proposed method in bridg-
ing both semantic and modality gaps, challenging

Shttps://github.com/ruotianluo/self-critical.
pytorch

6https://github.com/microsoft/Oscar

"https://github.com/salesforce/LAVIS/tree/
main/projects/blip2

8https://github.com/haotian—liu/LLaVA

Table 3: Comparison of the generalization ability. Re-
sults of other methods are from Li et al. (2020); Wang
et al. (2022c¢)

for EEGA (Yuan et al., 2023) which follows a di-
rect Image-Text interaction paradigm. The first
case discusses Stephen Curry’s achievements in the
NBA. Although EEGA recognizes the player, it in-
correctly extracts “NBA" as an entity, leading to an
inaccurate “present_in" relation between “Stephen
Curry" and “NBA". In contrast, our method, uti-
lizing the context featuring a “trophy" and “cel-
ebration", successfully bridges the semantic and
modality gaps, leading to an accurate prediction.
The second case is more nuanced, involving a scene
with Elizabeth Taylor and George Stevens. Though
EEGA can identify both persons, it fails to infer
the intimate relationship implied by the image and
text, predicting a mere “peer” relation. However,
our method, leveraging the context that emphasizes
“intimacy and connection", effectively bridges the
gaps and accurately predicts the relation “couple”
between “Elizabeth Taylor" and “George Stevens".

6 Conclusion

In this paper, we introduce a novel paradigm of
Image-Context-Text interaction to address the chal-
lenges posed by the semantic and modality gaps
in traditional MIE approaches. Following this
paradigm, we propose a novel method, Shapley
Value-Based Contrastive Alignment (Shap-CA),
which performs both context-text and context-
image alignments. Shap-CA first employs the Shap-
ley value to measure the individual contributions
of context, text, and image to the overall semantic
or modality overlaps, and then applies a contrastive
learning strategy to perform the alignment by opti-
mizing those contributions. Furthermore, Shap-CA
incorporates an adaptive fusion module for selec-
tive cross-modal fusion. Our experiments demon-
strate that Shap-CA significantly outperforms pre-
vious state-of-the-art approaches across four MIE
datasets. In our analysis, we show Shap-CA’s ro-
bust performance in the face of varying context
quality and its strong generalization ability.
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Limitations

In this paper, we use the context generator trained
on general-purpose datasets (e.g., ShareGPT?). Al-
though effective, this approach may not fully lever-
age domain-specific nuances. The performance and
efficiency of our method can be further enhanced
by utilizing a context generator specifically trained
on data from the relevant domain (e.g., Twitter
domain). Besides, the MJERE dataset assumes a
relation between each pair of entities, which ig-
nores entities that do not have relations with others,
leading to a potential discrepancy from the actual
entity-relation distributions in real-world scenarios.
We leave constructing a more realistic dataset and
further verify the effectiveness of our method on it
as future work.

Ethics Statement

In this paper, we use the publicly available datasets
for our experiments. The context generator we
use is also an open-source large multimodal model
trained on publicly available datasets. Therefore,
we believe that all data we use does not invade the
privacy of any user.
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A Shapley Value Approximation
Algorithm

We present the detailed algorithm in Alg. 1.
It begins with a random permutation of k£ con-
text players and an initial stride of s, which is
set as batch_size/2. At each iteration, the algo-
rithm scans each player in the current permutation
and calculates the marginal contribution when the
player is added to the coalition formed by the pre-
ceding players. This marginal contribution serves
as an unbiased estimate of the Shapley value for
that player, improving with each iteration. Sub-
sequently, the algorithm updates the permutation


https://doi.org/10.18653/v1/D19-1250
https://doi.org/10.18653/v1/D19-1250
https://doi.org/10.18653/v1/D19-1250
https://doi.org/10.18653/v1/2022.findings-emnlp.437
https://doi.org/10.18653/v1/2022.findings-emnlp.437
https://doi.org/10.18653/v1/2022.findings-emnlp.437
https://doi.org/10.18653/v1/2022.naacl-main.232
https://doi.org/10.18653/v1/2022.naacl-main.232
https://doi.org/10.18653/v1/2022.naacl-main.232
https://doi.org/10.18653/v1/2020.acl-main.306
https://doi.org/10.18653/v1/2020.acl-main.306
https://doi.org/10.18653/v1/2020.acl-main.306
https://doi.org/10.18653/v1/2020.acl-main.306
https://doi.org/10.18653/v1/2020.acl-main.306

through a cyclic shift of the current stride and halve
the stride for the next iteration. This gradual reduc-
tion in stride results in more stable marginal con-
tributions over time, as the size of the subsets for
each player changes less dramatically on average.
The process continues until the stride falls to zero.

Algorithm 1: Cyclic Shapley Value Ap-
proximation

INPUT: k context players, a pooled text
x4/, an initial stride s = batch_size/2
OUTPUT: Approximated Shapley value of
k players {¢1(u;), ..., & (u;)}
P < Random permutation of the players;
while s > 0 do
foriec {1,...,k} do
Compute the marginal contribution
m p(;) when adding player P[i] to
the preceding coalition
P[1~i—1];
Update ¢ p[;)(u;) with mpy);
end
Apply a cyclic shift to P by s steps;
s=s/2;

end

B Detailed Statistics of Datasets

The detailed statistics of the four MIE datasets are
shown in Table 4.

C Implementation Details

C.1 Model Configuration

In order to fairly compare with the previous ap-
proaches(Devlin et al., 2018; Wu et al., 2020;
Zhang et al., 2021a; Zheng et al., 2021a; Xu et al.,
2022; Wang et al., 2022b,c; Jia et al., 2023; Yuan
et al., 2023), we use BERT-based model with the
dimension of 768 as the textual encoder. For vi-
sual encoder, we experiment with the ViTB/32 in

Dataset Train Val Test
Twitter-15 4,000 1,000 3,257
Twitter-17 3,373 723 723
MNRE 12,247 1,624 1,614
MIJERE 3,617 495 474

Table 4: Size of the datasets in numbers of tweets.
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CLIP!° and ResNet152 models as potential alter-
natives. We find ResNet152 with the dimension of
2048 to provide the most effective and consistent re-
sults in our settings. To generate the texual descrip-
tive contexts of images, we use LLaVA-1.5 (Liu
et al., 2023a), a newly proposed visual instruction-
tuned, large multimodal model'!. The prompt we
use is shown in Table 5 and the sampling tempera-
ture is set to 1.0. We apply the spaCy'? library of
the en_core_web_sm version to parse the given sen-
tence and obtain each word’s part of speech. The
dimensions of positional embeddings and part-of-
speech embeddings are 100, while other features’
hidden dimensions are all set to 512.

C.2 Training Configuration

Shap-CA is trained by Pytorch on single NVIDIA
RTX 3090 GPU. During training, the model is fine-
tuned by AdamW (Loshchilov and Hutter, 2017)
optimizer with a warmup cosine scheduler of ratio
0.05 and a batch size of 28. We use the grid search
to find the learning rate over [1 x 10755 x 1074].
The learning rate of encoders is 5 x 10~°. And the
learning rate of other modules is set to 3 x 1074,
1x107% 1 x107* and 1 x 10~* for Twitter-15,
Twitter-17, MJERE and MNRE, respectively. The
refinement scale A in Eqn. 17 is set to 1.0. An
early stopping strategy is applied to determine the
number of training epochs with a patience of 7. We
choose the model performing the best on the valida-
tion set and evaluate it on the test set. We report the
average results from 3 runs with different random
seeds.

D Large Language Model Experiments

For large language models, the MNER and MRE
results are from Chen and Feng (2023), and the re-
sults on the MJERE dataset are implemented by us
via in-context learning with 10 in-context examples.
These large language models are provided with the
textual context and the text as input. As shown
in Table 6, our prompt consists of an instruction,
followed by 10 in-context examples, and finally
a question. Each in-context example consists of
the textual context of the image, the text and the
corresponding entity-relation answer. The question
has the same format as in-context examples except
there is no answer.

10https: //github.com/openai/CLIP
Yhttps://github.com/haotian-1liu/LLaVA
Phttps://github.com/explosion/spaCy
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Please generate a clear and concise textual description for this image sourced from a Twitter post.
Describe this image in English as detailed as possible and avoid repetition in your explanation.

Table 5: Prompts employed for LLaVA-1.5.

Please perform Named Entity Recognition and Relation Extraction in social media content. Given
a tweet and accompanying textual descriptions of its related image, extract entities from the text
and identify their associated relations. Entity types include [Entity category], while relation types
encompass [Relation category].

Image description: The tweet is about a basketball game. There is a basketball player, holding up
a trophy and yelling in celebration.

Text: Stephen Curry and Michael Jordan are both players who have/had 3 NBA Championships by
age 30.

Answer:

Stephen Curry (per), Michael Jordan (per), peer.

Stephen Curry (per), NBA Championships (misc), awarded.

Michael Jordan (per), NBA Championships (misc), awarded.

<More In-Context Examples>

Image description: A black and white photo of a man and a woman. They are standing close
to each other, with the man having a tie on. The man is looking at the camera while holding the
woman, which gives an air of intimacy and connection between the two.

Text: Elizabeth Taylor and Montgomery Clift in A Place In the Sun, 1951 (dir. George Stevens).
Answer:

Table 6: Prompts employed for ChatGPT/GPT4 on the MJERE dataset.
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E Case Study

Cases mentioned in Section 5.5 are shown in Figure
4.
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Text: Stephen Curry and Michael Jordan are both players who have/had 3
NBA Championships by age 30.

Context: The tweet is about a basketball game. There is a basketball player,
holding up a trophy and yelling in celebration.

Prediction:
Gold:  Stephen Curry,.,, NBA Championships,,i., awarded
EEGA: Stephen Curry,,,, NBA, ;.. present_in
Ours:  Stephen Curry,,,, NBA Championships,,i.., awarded

Text: Elizabeth Taylor and Montgomery Clift in A Place In the Sun, 1951
(dir. George Stevens).

Context: A black and white photo of a man and a woman. They are standing
close to each other, with the man having a tie on. The man is looking at the
camera while holding the woman, which gives an air of intimacy and
connection between the two.

Prediction:
Gold: Elizabeth Taylor,,,, George Stevens,,,, couple
EEGA: Elizabeth Taylor,,,, George Stevens,,.,, peer X
Ours:  Elizabeth Taylor,,, George Stevens,.,, couple

Figure 4: Two cases of the predictions by EEGA and Shap-CA (ours).
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