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Abstract

Named entity recognition (NER) is a pivotal
task reliant on textual data, often impeding
the disambiguation of entities due to the ab-
sence of context. To tackle this challenge, con-
ventional methods often incorporate images
crawled from the internet as auxiliary infor-
mation. However, the images often lack suffi-
cient entities or would introduce noise. Even
with high-quality images, it is still challenging
to achieve fine-grained alignment with texts.
We introduce a novel method named Instruct-
NER to address these issues. Leveraging the
rich real-world knowledge and image synthesis
capabilities of a large pre-trained stable diffu-
sion model, InstructNER transforms the text-
only NER into a multimodal NER (MNER)
task. A selection process automatically iden-
tifies the best synthetic image by comparing
fine-grained similarities with internet-crawled
images through a visual bag-of-words strat-
egy. Note, during the image synthesis, a
cross-attention matrix between synthetic im-
ages and raw text emerges, which inspires a
soft attention guidance alignment (AGA) mech-
anism. AGA optimizes the MNER task and
concurrently facilitates instructive alignment
in MNER. Experiments on prominent MNER
datasets show that our method surpasses all text-
only baselines, improving F1-score by 1.4%
to 2.3%. Remarkably, even when compared
to fully multimodal baselines, our approach
maintains competitive. Furthermore, we open-
source a comprehensive synthetic image dataset
and the code to supplement existing raw dataset.
The code and datasets are available in https:
//github.com/Heyest/InstructNER.

1 Introduction

Named entity recognition (NER) is a fundamental
information extraction task that identifies named
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Figure 1: Examples of NER and MNER, where PER,
ORG, LOC and MISC denote the entity labels of person,
organization, location and others, respectively.

entities in sentences and classifies them into pre-
defined categories(Li et al., 2020). Text-based NER
methods in practice mainly depend on textual in-
formation, which poses challenges in recognizing
short or ambiguous sentences (Zhang et al., 2018).
In comparison with text-based NER, multimodal
NER (MNER) leverages images as supplementary
information to boost the task’s robustness (Xu et al.,
2022; Jia et al., 2022; Wang et al., 2023a). In Figure
1 (a), the word ICRC in the sentence I love ICRC
is ambiguous, hindering the classification based
solely on the text. An additional image clarifies
that ICRC refers to the International Committee of
the Red Cross, labeled as ORG.

Despite the promising results of MNER methods
(Chen et al., 2021), they still struggle with acquir-
ing large-scale and high-quality text-image paired
corpus. Common MNER datasets, Twitter-2015
(Zhang et al., 2018) and Twitter-2017 (Lu et al.,
2018), consist of 8,257 and 4,819 image-text pairs,
respectively. This represents a mere 26% and 16%
of the volume found in the frequently employed tex-
tual NER dataset CoNLL03 (Tjong Kim Sang and
De Meulder, 2003). One potential solution involves
crawling supplementary images by internet search
engines. Whereas, unlike raw texts, the internet-
crawled images often fail to cover enough entities,
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which might further bring unexpected noise. As
exemplified in Figure 1 (b), the two images are
retrieved from Google based on Messi is playing
football at FCB home stadium Camp Nou, where
the left image only contains Messi while the right
one only includes Camp Nou.

Another critical challenge to the success of the
MNER task lies in the accurate alignment between
text tokens and image regions. Existing techniques
for the text-image alignment can be summarized
into two groups: explicit alignment and implicit
alignment. Explicit alignment extracts visual object
regions, then maps them to corresponding textual
tokens (Wu et al., 2020; Zheng et al., 2020; Jia
et al., 2022), but errors can propagate from initial
inaccurate region extraction (Yang et al., 2019a).
Consider the left image in Figure 1 (c), only the
object regions of Messi and football are extracted,
missing the FCB clothes logo and Camp Nou sta-
dium in the background. In contrast, implicit align-
ment alleviates this issue by employing an attention
mechanism to learn the alignment weights adap-
tively (Zhou et al., 2022; Xu et al., 2022; Wang
et al., 2023a). Despite the token-to-image align-
ment achieved by these approaches, the attention
may not be sufficiently concentrated. Regarding
the right image of Figure 1 (c), the attention heat-
map illustrates Messi is located, yet it noticeably
allocates irrelevant attention to surrounding areas.

In response to the aforementioned challenges,
we propose InstructNER, a novel approach that
harnesses the rich real-world knowledge and the
image synthesis capabilities of stable diffusion
models (Rombach et al., 2022) to provide sup-
plemental information, thereby transforming the
textual NER task into MNER task. Specifically,
we first feed the raw text into the pre-trained sta-
ble diffusion (SD) model to generate large-scale
synthetic images. Then, to alleviate the variability
of image quality and select the best one, we em-
ploy an off-the-shelf visual bag-of-words (BoW)
method (Gidaris et al., 2020) to measure the fine-
grained similarity between the internet-crawled im-
ages and the synthetic images, ultimately selecting
the most similar one. Particularly, the similarity
metric of images considers both the coverage and
accuracy of entities. As depicted in Figure 1 (d)
(left), the selected image accurately encompasses
all entities, including Messi, the FCB logo, and
the Camp Nou stadium. Furthermore, the image
synthesis process also produces a cross-attention
matrix between the synthetic images and the raw

text as a byproduct, inspiring our soft attention
guidance alignment (AGA) mechanism for MNER
model training. In addition to optimizing the orig-
inal MNER task, our objective also aims to min-
imize the Kullback-Leibler (KL) divergence be-
tween the MNER model’s cross-attention matrix
and the aforementioned byproduct matrix. Figure 1
(d) shows the attention of the AGA mechanism paid
to token Messi, displaying a higher concentration.

We conduct experiments on three representative
MNER datasets, i:e:, Twitter-2015, Twitter-2017,
and WikiDiverse, while excluding images with only
textual corpus. Experimental results demonstrate
the superiority of our method over all text-only
baselines, with absolute F1-score improvements
of 1.4%, 2.3% and 2.1%. Moreover, our method
still achieves competitive results even when com-
pared to fully multimodal baselines. To sum up,
the contributions of this paper are three-fold:

• We are the first to leverage the artificial intel-
ligence generated content (AIGC) ability of
stable diffusion model to switch textual NER
into MNER with synthetic images.

• We propose a comprehensive framework In-
structNER with a novel text-to-image mecha-
nism AGA, which instructs the cross-attention
being learned in a soft manner.

• Experimental results compared with both text-
only and fully MNER baselines verify the
effectiveness of our method. Moreover, we
release the large-scale and high-quality syn-
thetic images to supplement the raw datasets.

2 Method

NER aims to categorize named entities in a sen-
tence S = (s1; s2; : : : ; sn) consisting of n tokens,
and often adopts the BIO tagging schema (Sang and
Veenstra, 1999). The output Y = (y1; y2; : : : ; yn)
consists of n labels, where yi 2 L and L =
fB; I;Og represents the predefined label set. The
MNER task receives an image as additional input,
then identifies named entities similar to NER.

Figure 2 provides an overview of the compre-
hensive architecture of InstructNER. In Stage #1,
InstructNER leverages the pre-trained stable dif-
fusion model to generate images, and selects the
optimal synthetic image covering sufficient and ac-
curate entities. In Stage #2, InstructNER utilizes
the soft attention guidance alignment (AGA) mech-
anism to fuse the raw text and synthetic image. In



Figure 2: Illustration of InstructNER. The arrows indicate the data �ow from the previous stage to the next one.

Stage #3, InstructNER adopts a multi-task training
object to cocurrently optimize the loss of entity
classi�cation and instructive alignment.

2.1 Image Synthesis and Selection

For the sentenceS = ( s1; s2; : : : ; sn ), we �rst gen-
eratel synthetic imagesI = f I 1; I 2; : : : ; I l g using
the pre-trained SD model (Rombach et al., 2022),
and then select the best oneI � 2 I considering the
entity coverage and accuracy.

2.1.1 Image Selection with Entity Coverage

For each synthetic imageI i 2 I , we derive its
cross attention matrixM syn

i from pre-trainted SD
model, whereM syn

i = ( m i; 1; m i; 2; : : : ; m i;n ),
andm i;j 2 Rdp represents the attention score vec-
tor between tokensj and imageI i (decomposed
into dp pixels). Notably, the entity tokens (e:g:,
MessiandCamp Nou) could receive higher atten-
tion scores, while function tokens (e:g:, is andat)
obtain lower attentions. For each tokensj , its im-
portancewj is measured by summing up the aver-
age attention score� i;j , which corresponds to all
the image pixels:

� i;j =
1
dp

dpX

k=1

m i;j [k]; wj =
lX

i =1

� i;j (1)

We use a prede�ned threshold� to select the entity
tokens. In particular,wj � � indicates that token
sj is the desired entity token. We can then �lter
out the images which exhibit low attention scores
with the entity tokens. To this end, we take this
strategy to rank the quality of the synthetic image
setI , and keep� best images among them, denoted
asI 0, whereI 0 � I and� is a hyper-parameter.

2.1.2 Image Selection with Entity Accuracy

The synthetic image setI 0excel in entity coverage,
but may include some unrealistic and inaccurate
contents. Conversely, internet-crawled images of-
ten exhibit high factual but lack suf�cient entity
coverage. Combing the advantage of these two
types of images, we employ internet-crawled im-
ages to �lter synthetic images and select the opti-
mal imageI � from I 0.

Speci�cally, we crawl m images C =
f C1; C2; : : : ; Cm g from a search engine. For a
speci�c imageCi 2 I 0[ C, we utilize the pre-
trained RotNet encoder (Gidaris et al., 2018) to ob-
tain visual featuresv i = ( v 1

i ; v 2
i ; : : : ; v r

i ), which
consist ofr regions, wherev r

i 2 Rc represents a
c-dimensional vector. To measure the �ne-grained
similarity betweenC andI 0, an off-the-shelf visual
bag-of-words (BoW) model (Gidaris et al., 2020)
is employed. K-Means algorithm is �rst adopted
in clustering all the region featuresf v i g

�
� jI 0[ Cj
i =1

within the image setI 0[ C into k-cluster, in order
to calculate the image similarity with vocabulary
consisting ofk vectors. Formally, the vocabulary
F = ( f1; f2; : : : ; fk ) can be represented as:

(f1; f2; : : : ; fk ) = KMeans
�
v1; v2; : : : ; v jI0[ Cj

�

(2)
wherefk 2 Rc denote a speci�c vector. Then, we
quantize each region of the imageCi with the most
similar (the minimum squared Euclidean distance)
feature in the vocabulary, and compute the visual
bag-of-words representationbow(Ci ).

bow(Ci ) =
n

bow(C j
i )

o �
�
�
k

j =1
(3)
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