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Abstract

Multi-modal named entity recognition (MNER) aims to dis-
cover named entities in free text and classify them into pre-
defined types with images. However, dominant MNER mod-
els do not fully exploit fine-grained semantic correspon-
dences between semantic units of different modalities, which
have the potential to refine multi-modal representation learn-
ing. To deal with this issue, we propose a unified multi-modal
graph fusion (UMGF) approach for MNER. Specifically, we
first represent the input sentence and image using a unified
multi-modal graph, which captures various semantic relation-
ships between multi-modal semantic units (words and visual
objects). Then, we stack multiple graph-based multi-mo
fusion layers that iteratively perform semantic interactions
learn node representations. Finally, we achieve an attentio
based multi-modal representation for each word and perform
entity labeling with a CRF decoder. Experime;
two benchmark datasets demonstrates the
MNER model.

applications, suc
timedia news

made, roughly Cconsisting of: (1) encoding the whole image
into a global feature vector (Figure 1(a)), which can be used
to augment each word representation (Moon, Neves, and
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Kohl Brandenburg gate

B-PER I-PER B-LOC I-LOC

An example for multi-modal named entity recogni-
1on with (a) the whole visual cue, (b) averagely segmented
visual cues and (c) targeted visual cues.

Carvalho 2018), or guide the word learning a vision-aware
representation (Lu et al. 2018; Zhang et al. 2018) based on
RNN framework; (2) segmenting the whole image averagely
into multiple regions (Figure 1(b)) and make them interact
with the text sequence based on Transformer framework (Yu
et al. 2020).

Despite their success, above studies do not fully exploit
the fine-grained semantic correspondences between seman-
tic units within an input sentence-image pair. For example,
as shown in Figure 1, image (a) gives implicit global infor-
mation, and image (b) includes local information of multiple
averagely segmented regions, but it is still implicit. It is diffi-
cult for these two kinds of information to spread the clues of
the “gate” to the textual representations. The failed exploita-
tion of this important clue may be due to two big challenges:
1) how to construct a unified representation to bridge the se-
mantic gap between two different modalities, and 2) how to
achieve semantic interactions based on the unified represen-
tation. However, image (c) gives the targeted object region as
a clue. Relatively speaking, this kind of explicit information
is more likely to help us identify some words as the correct
entity type, such as “Brandenburg gate”. Therefore, we be-
lieve that such semantic correspondences can be exploited



to refine multi-modal representation learning, since they en-
able the representations within one modality to incorporate
cross-modal information as supplement during multi-modal
semantic interactions.

To handle the above challenges, we propose a novel multi-
modal graph fusion approach for MNER. We first represent
the input sentence and image with a unified multi-modal
graph. In this graph, each node indicates a semantic unit:
textual word or visual object, and two types of edges are
introduced to model semantic relationships between seman-
tic units within the same modality (intra-modal edges) and
semantic correspondences between semantic units of differ-
ent modalities (inter-modal edges), respectively. Based on
the graph, we then stack multiple graph-based multi-modal
fusion layers that iteratively perform semantic interactions
among the nodes to conduct graph encoding. Particularly,
during this process, we distinguish the parameters of two
modalities, and sequentially conduct intra- and inter-modal
fusions to learn multi-modal node representations. Finally,
we exploit these representations with a CRF decoder to per-
form entity labelling. Compared with previous models, ours
is able to fully exploit semantic interactions among multi-
modal semantic units for NER. Overall, the major contribu-
tions of our work are listed as follows:

* We propose a unified graph to represent the input sentence
and image, where various semantic relationships between
multi-modal semantic units can be captured for NER.

* We propose a unified multi-modal graph fusion app
(UMGF) to conduct graph encoding based on the ab
graph. To the best of our knowledge, our work is the first
tempt to explore multi-modal graph neural ne (GN
for MNER.

* We conduct extensive experiments
2017 datasets, including both the
domain investigation.

Multi-modal G

¢ components of our approach.
a sentence X and its associated

entities fro and classify each extracted entity into one
of the pre-defi@fd types. As most existing work on MNER,
we formulate the task as a sequence labeling problem. Let

X = (z1,x2, -+ ,x,) denote a sequence of input words,
O = (01,09, - ,0,) denote a set of input objects, and y =
(y1, 92, -, yn) be the corresponding label sequence, where

y; € Y and Y is the pre-defined label set with the BIO2
tagging schema (Sang and Veenstra 1999).
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Multi-modal Graph

In this section, we take the sentence and the image shown
in Figure 2 as an example, and describe how to use a multi-
modal graph to represent them. Formally, our graph is undi-
rected and can be formalized as G = (V, E), which is con-
structed as follows:

Node Construction. In the node set V, each node repre-
sents either a textual word or a visual object. Specifically, we
adopt the following strategies to construct these two kinds of
nodes: (1) We 1nclude all words as separate te tual nodes in

tual nodes, each of which corresg
put sentence; (2) We employ
all noun phrases in the inp

t an object because of no objects related
an use the general word “person” to de-
. Therefore, the two visual objects are in-

struction. To capture various semantic rela-
between multi-modal semantic units for NER, we

two nodes in the same modality are connected by an intra-
modal edge; and (2) Each textual node representing any
noun phrase and the corresponding visual node are con-
nected by an inter-modal edge. Besides, each word and the
visual node detected by the general words are connected
with an inter-modal edge. Back to Figure 2, we can ob-
serve that all visual nodes are connected to each other, and
all textual nodes are fully-connected. However, the objects
detected by the original words are connected with the noun
phrase, and the objects detected by the introduced general
words are connected with all original words, both by inter-
modal edges.

Before inputting the multi-modal graph into the stacked
fusion layers, we introduce two multi-layer perceptrons
(MLP) with ReLU activation function to project different
features from two modalities onto the same space. Specif-
ically, for each textual node v,,, we define its initial state

H g(c?) as the sum of its word embedding from BERT and
position encoding (Vaswani et al. 2017), then followed by
textual MLP to form dimension d. To obtain the initial state
Hg?) of the visual node Vo, » WE leverage the visual features
from ResNet (Ren et al. 2015), then followed by visual MLP
to form dimension d.

'If no objects are detected, the object representations will be set
to zero vectors and the model will degenerate to Transformer-based
encoding.
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Figure 2: The overall architecture of our unifi

Graph-based Multi-modal Fusion

As shown in the right part of Figure 2, on the top of
we stack L graph-based multi-modal fusion layers to
code the above-mentioned multi-modal graph. At each
sion layer, we sequentially conduct intra- ag
fusions to update all node states. In this

sion. We apply a cross-modal gating
an element-wise operation to gather the se-
information of the cross-modal neighbours of each

ConCretely, we generate the representation RQ} of a text
node v, in the following way:

states encode both the context within thg O 0 . 0
the cross-modal semantic informati Ryl = G+t . Z @ij © COj S
ticularly, since visual nodes and t; €N (va;)

i = sigmoid(ng)C,(fi) + ng)(]é?) (@)

where A (v,,) is the set of neighboring visual nodes of v,,,
and ng) and Wél) are parameter matrices.

Similarly, we produce the representation R(()lj) of a visual
node v,, as follows:

RY) = ¢+ > paoch ®)
s of the same modality. i€N (vo;)
: O}
. ntations C;’ of all textual Bii = sigmoid(ng)C,g? + Wfll)cg(ﬁi)) (6)

(l,l.)7 A, 50D, " where j}/(voj) is tlhe set of neighboring textual nodes of v, ,
oo e . and WY and W{" are also parameter matrices.
d(Q, K, V) is a multi-head self-attention The advantage is that the above fusion approach can bet-

function tak query matrix @, a key matrix K, and a ter determine the degree of inter-modal fusion according to

value matrix V"as inpu?s. Similarly, we generate the contex- the contextual representations of each modality. Finally, we

tual representations C'; ) of all visual nodes as: adopt position-wise feed forward networks FFN(+) to gener-

C(l) = MultiHead (H l 1) H(z 1) H(l 1)) ) ate the textual node states Hél) and visual node states H,gl):
(O O]

where we omit the descnptlons of layer normalization and H;’ = FFN(R,;’) D

residual connection for simplicity. H = FFN(RD) (8)
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Entity Type . Twitter-2015 . Twitter-2017 .Twitter-ZO 17¢
Train  Dev Test | Train  Dev Test | Train  Dev Test
Entities
Person 2217 552 1816 | 2943 626 621 2586 626 621
Location 2091 522 1697 731 173 178 630 173 178
Organization 928 247 839 1674 375 395 1605 375 395
Misc. 940 225 726 701 150 157 629 150 157
Total 6176 1546 5078 | 6049 1324 1351 | 5450 1324 1351
Tweets
Num. \ 4000 1000 3257 \ 3373 723 723 \ 3075 659 661

Table 1: The statistics summary of three Twitter datasets.

where RY) = {R(l } and R {R(l } denote the above
updated representations of all textual nodes and visual nodes
respectively.

CRF Decoding

Since visual information has been incorporated into all tex-
tual nodes via multiple graph-based multi-modal fusion lay-
ers, we allow a decoder to perform conditional sequence la-
belling.

It has been shown that Conditional Random Fields (CRF)
considers the correlations between labels in neighborhoods
(Cao et al. 2018; Lison et al. 2020). Therefore, instead of
decoding each label independently, we model them jointly
using a CRF. Formally,

[T, Si(yi-1,yi, X) _
Zy’eY H?:] Si(y'gfh y;a X)

et152 with dimension of 2048 and fine-
g. After MLPs, the dimension d of each
d into 512. The head size in multi-head
s 8. The learning rate, the dropout rate, and
adeoff parameter are respectively set to le-4, 0.5, and
can achieve the best performance on the devel-
pmen set of both datasets via a small grid search over the
combinations of [1e-5, 1e-4], [0.1, 0.5], and [0.1, 0.9]. Based
on best-performed development results, the layer number of
multi-modal graph fusion is 2. To motivate future research,
the code® will be released in our homepage.

p(ylX) =

Baselines

For a thorough comparison, we mainly compare two groups
of baseline systems with our approach.
. The first group are the representative text-based NER ap-
e that obtains proaches: 1) CNN-BiLSTM-CRF (Ma and Hovy 2016),
which is a classical text-based neural network for NER
(11) with both the word- and character-level information 2)
HBIiLSTM-CRF (Lample et al. 2016), which is an im-
provement of CNN-BIiLSTM-CREF, replacing the bottom
CNN layer with LSTM to build the hierarchical structure.
3) BERT (Devlin et al. 2019), which is most competitive
baseline for NER with multi-layer bidirectional Transformer
encoder and followed by stacking a softmax layer for entity
prediction. 4) BERT-CREF, which is a variant of BERT by
replacing the softmax layer with a CRF layer.
The second group are several competitive multi-modal ap-
proaches for MNER: 5) VG (Lu et al. 2018), which utilizes

rameters that maxi
ference phase, w,

n two multi-modal NER datasets
and 2017) and a cleaned dataset from Twit-
ing our Unified Multi-modal Graph Fusion
with a number of uni-modal and multi-

(Twitte
ter 2017,

modal approaches.

Experimental Settings

Datasets: Following (Yu et al. 2020), we first use two pub- ’In the original Twitter-2017, the missing images of those sam-
lic Twitter datasets (i.e., Twitter-2015 and Twitter-2017) for ples are replaced with a uniform empty image.
MNER, which are provided by (Zhang et al. 2018) and 3https://github.com/MANLP-suda/UMGF
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Twitter-2015 Twitter-2017
Modality | Approaches Single Type (F1) Overall Single Type (F1) Overall
PER LOC ORG MISC| Pre. Rec. Fi | PER LOC ORG MISC| Pre. Rec. I
CNN-BiLSTM-CRF | 80.86 75.39 47.77 32.61|66.24 68.09 67.15|87.99 77.44 74.02 60.82|80.00 78.76 79.37
Text HBIiLSTM-CRF 82.34 76.83 51.59 32.52|70.32 68.05 69.17 |87.91 78.57 76.67 59.32|82.69 78.16 80.37
BERT 84.72 7991 58.26 38.81|68.30 74.61 71.32|90.88 84.00 79.25 61.63|82.19 83.72 82.95
BERT-CRF 84.74 80.51 60.27 37.29]69.22 74.59 71.8190.25 83.05 81.13 62.21 | 83.32 83.57 83.44
VG 82.66 77.21 55.06 35.25|73.96 67.90 70.80 |89.34 78.53 79.12 62.21|83.41 80.38 81.87
Text ACoA 81.98 78.95 53.07 34.02|72.75 68.74 70.69 | 89.63 77.46 79.24 62.77|84.16 80.24 82.15
+Image | UMT*® 85.24 81.58 63.03 39.45|71.67 75.23 73.41|91.56 84.73 82.24 70.10| 85.28 85.34 85.31
UMT 85.11 81.41 62.46 38.59|71.52 74.94 73.18|90.87 84.03 82.38 61.20
UMGEF (Ours) 84.26 83.17 62.45 42.42]74.49 7521 74.85791.92 85.22 83.13 69.83
Table 2: Performance comparison of different competitive uni-modal and multi-modal approaches . com-
parison, we refer to the results of all baselines before UMT with the marker & from (Yu et al. ) s to

significant test p-value < 0.05 when comparing with UMT.

Twitter-2017¢ based on BERT, s
Approaches Single Type (F1) Overall 2) With reg i results of both
PER LOC ORG MISC| Pre. Rec. Fi datasets, B ¢ performs a little
UMGF 89.67 76.92 84.52 67.12|83.71 83.85 83.78

Table 3: Performance comparison of UMGF and UMT on
Twitter 2017¢ dataset. The marker { refers to significant test
p-value < 0.05 when comparing with UMT.

eve better performance gener-
in terms of overall F3; on both datasets,
BiLSTM-CRF by 1.63% and 1.5%,
s, ACoA outperforms CNN-BiLSTM-

a visual attention and a gate mechanism to mine implid i sual context does facilitate NER task.
formation from a whole image to guide word representa e most recent approach UMT performs much better
learning based on HBiLSTM-CRF. 6) ACoA, which & i-modal and other multi-modal baselines. We con-
signs an adaptive co-attention network to leags ecture that the performance gains mainly come from the fol-
visual representations and vision-aware lowing reason: First, UMT leverage the Transformer struc-
tions based on CNN-BiLSTM-CRF. ture to model textual sequence and perform cross-modal
2020), the state-of-the-art for MNER, multi-head attention to learn more robust representation than
i conventional approaches. Second, this approach relies on an
auxiliary entity span detection task, which provides an inde-
pendent channel of text-based NER information.

5) Different from UMT, our proposed UMGF does not
need to leverage an auxiliary task and build a unified graph
to fully capture multi-modal semantic interactions between
the textual and targeted visual nodes. Among all approaches,
UMGTF performs best and significantly outperforms UMT
on both datasets.

Table 3 shows the performance comparison with the state-
of-the-art UMT on a cleaned dataset Twitter-2017c. We can
observe that UMT still performs much worse than UMGF
except single type PER. This is due to the fact that our

[ y, Table 2 shows the performance UMGTF can fully utilize the enough visual guidance and
dlfferent competitive uni-modal and multi- maintain the stable performance, regardless of whether sev-

entity span detection module.
For all neural models, we

modal app es for NER. From this table, we can see that: eral images are missing.

1) For the B@#*modal approaches, pre-trained approaches Cross-domain Scenario. Table 4 shows performance
perform better than the conventional neural networks appar- comparison of UMT and UMGF in a cross-domain sce-
ently. For example, BERT-CRF outperforms HBiLSTM- nario for generalization analysis. For the first part, Twitter-
CRF by 2.4%, 3.68%, 8.68% and 4.77% on single type PER, 2017 — Twitter-2015 denotes that the trained model on
LOC, ORG and MISC of Twitter-2015, respectively. This Twitter-2017 is used to test Twitter-2015. For the second
indicates obvious advantages of pre-training model in NER, part, Twitter-2015 — Twitter-2017 denotes that the trained
which also explains that the recent approaches are typically model on Twitter-2015 is used to test Twitter-2017. From
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Twitter-2017 — Twitter-2015 Twitter-2015 — Twitter-2017

Approaches Single Type (1) Overall Single Type (F1) Overall

PER LOC ORG MISC | Pre. Rec. Fy PER LOC ORG MISC | Pre. Rec. Fy
UMT 80.34 7130 4797 20.13 | 64.67 63.59 64.13 | 81.24 67.89 3952 31.87 | 67.80 5523 60.87
UMGEF (Ours) | 79.62 71.94 49.48 20.24 | 67.00 62.81 66.217 | 81.83 72.25 41.20 32.00 | 69.88 56.92 62.74°

Table 4: Performance comparison of UMT and UMGEF in a cross-domain scenario for generalization analysis. The marker |
refers to significant test p-value < 0.05 when comparing with UMT.

Twitter-2015 Twitter-2017
Approaches Single Type (F1) Overall Single Type (F1)
PER LOC ORG MISC | Pre. Rec. Fy PER LOC ORG

UMGEF (Ours) 8426 83.17 62.45 4242 | 7449 7521 7485|9192 8522 83.13

UMGEF w/o Tar. 82.56 79.89 58.70 36.96 | 71.12 71.30 71.21 | 90.02 82.05
UMGF w/o VCorr. | 84.28 82.88 58.85 41.13 | 73.79 74.03 7391 | 90.11 78.44
UMGEF w/o Ind. 84.65 80.60 61.82 41.47 | 73.28 74.00 73.64 | 90.80 82.78

Table 5: Ablation study of our UMGF.

this table, we can see that our UMGTF significantly outper- i ¥S visual objects leads
forms UMT by a larger margin. For example, in terms of ich indica¥ the usefulness of intra-
overall F;, UMGF performs better than UMT by 2.08% and i isual semantic units. 3) UMGF
1.87% on Twitter-2017 — Twitter-2015 and Twitter-2015 — i i alities with unified parameters
Twitter-2017, respectively. The potential reasons that may performance drop, which indi-
influence the generalization are: (i) the biased labeling for our approach using different parameters.
different datasets; (ii) incomplete modalities of tweets in these cases, we want to convey several
Twitter-2017; (iii) different type distribution of entities of upport the effectiveness of our approach.
two datasets.

E_correctly identifies the first entity, it gives a wrong
of BARCELONA. This is mainly because this ap-
proaci’completely neglects visual information, such as sport
shirt and flag. On the contrary, UMT and UMGTF can refer to
partial visual regions so that they can accurately determine
both the entities.

Second, we can observe from Figure 3(b) that according
to textual modality only, BERT-CRF can correctly predict
the types of both the entities due to its strong contextual
learning. Surprisingly, UMT gives a wrong identification of
the first entity LaMarcus, probably because it obtains the
noise of accompanying image by segmenting the full region
of a person, such as the wall and white curtain. Besides, the
auxiliary task of entity span detection in UMT can only de-
termine the boundary of each entity, but cannot help identify

ull model UMGF and the type. While, our UMGF accurately classifies the types
able, we can observe that of both entities. This is due to the fact that UMGF can at-
ttle worse than UMGF w/o tend to the full visual region of person and guide the text to

Analysis and Discussion
Ablation Study. To investigate the importance @

ponent in our UMGF, we perform comparjg
full UMGF and its ablated approaches:

e UMGF w/o Tar., a variant of o 0

places the targeted visual guidanc 2 :
visual guidance.

e UMGF w/o VCorr., a
removes the correlation
UMT.

e UMGF w/o Ind
the shared pa
modalities.

GF significantly outperforms obtain a higher confidence, i.e., 0.476 > 0.335.
two at 8¥Specifically, 1) compared with full Third, as shown in Figure 3(c), it is difficult to detect final
model, B w/o Tar. adopts the averagely segmented re- three words as an accurate type from textual only because of
gions as n@ ather than the targeted regions as nodes, separate context. For example, both BERT-CRF and UMT
which compl&@ly ignores the correspondences between se- predict word RGI4 as a wrong label, i.e., O and ORG, re-
mantic units of different modalities. Therefore, UMGF w/o spectively. On the one hand, BERT-CRF might learn the
Tar. brings in a significant performance degradation, which similar representations for words of PER, so give the accu-
shows the importance of targeted visual guidance. 2) UMGF rate prediction of the final entities. On the other hand, UMT
w/o VCorr. completely deletes the connections among vi- even misidentifies the third entity, more likely due to the in-
sual nodes as same as UMT. In other words, this approach fluence of noisy visual regions. Therefore, the appearance
lacks the intra-modal interactions in visual modality. We can of vague regions containing humans may not help the text
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Figure 3: The first and second rows show several representative samples together with their e test
set of our two Twitter datasets, and the bottom three rows show predicted entities of differ

to accurately identify the entity of PER, and it is important i ere various se-
to exploit the image information correctly. Different from i i i al semantic units
the above two approaches, in addition to the human regions, modal NER. Benefit-
we also mark the regions containing certificate and trophy in i further introduce an ex-

the image. These two targeted visual clues help us correctly h encoding via multi-modal se-
determine the first entity as MISC to a certain extent.

Networks. Recently, GNNs including
network (Li et al. 2016), graph convo-
ipf and Welling 2017) and graph atten-

Related Work

As a crucial component of information extraction, named
entity recognition (NER) has attracted much attention i

gtion in conversations (Zhang et al. 2019), text gener-
g g et al. 2019) and text representation (Xue et al.
ing and leverage different linear classifiers 019).Close to our work, Yin et al. (2020) introduce GNN
maximum entropy and CRF (Zhou and Su 5: Zhang \ for multi-modal machine translation, but they rely on the
2006). In the past five years, deep lea aligned words and region by annotation, which are normally

demonstrated promising for NER difficult to obtain.

CNN, LSTM and attention me Different from above studies, we utilize the noun phrases
and general entity words to detect the targeted objects from
the images of tweets. On this basis, each semantic unit of
both modalities is represented as nodes. In this way, fine-
grained multi-modal correspondences are achieved so as to
refine the word representation for NER in a unified graph
model. To the best of our knowledge, this is the first attempt
the studies of to build a unified graph and novel stacked graph fusion ap-
media are i are no attempts for proach for MNER.

Conclusion

8 d Carvalho (2018) and Lu et al. In this paper, we propose a novel multi-modal graph fusion

3 e first to explore this task in the same pe- approach, which exploits various semantic relationships be-

riod. The dea of their approaches is encoding the text tween multi-modal semantic units for MNER. Experiment

through RN d the whole image through CNN, then im- results and analysis on both self-domain and cross-domain

plicitly interacting the information of two modalities. Re- of two benchmark datasets demonstrate the effectiveness of
cently, Yu et al. (2020) leverage Transformer to model text our model.

sequences, and divide images equally for many vs.many In the future, we will explore more multi-modal tasks with

cross-modal interaction. Besides, they introduce an auxiliary targeted visual guidance via graph modeling, such as multi-

task of entity span detection to further improve performance. modal opinion mining and multi-modal parsing in social me-

Different from above studies, we represent the input dia.
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