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for Multi-modal Entity-relation Extraction
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Jian-tao Zhou* (cszjtao @imu.edu.cn)

College of Computer Science, Inner Mongolia University, Hohhot, China
Engineering Research Center of Ecological Big Data, Ministry of Education
Inner Mongolia Engineering Laboratory for Cloud Computing and Service Software
Inner Mongolia Engineering Laboratory for Big Data Analysis Technology

Abstract

Multi-modal Named Entity Recognition (MNER) and Multi-
modal Relation Extraction (MRE) are critical for knowledge ex-
traction. Existing methods often suffer from cross-modal confu-
sion due to semantic misalignment and data imbalance. Inspired
by predictive processing theory, i.e., the brain continuously re-
fines cognition through active prediction and error minimiza-
tion, we propose a Cognitive-inspired Meta-learning Adaptive
model for Multi-modal Entity-relation extraction named Cog-
MAME. It consists of five modules: (i) multi-grained repre-
sentation learning, establishing a unified semantic space; (ii)
class-adaptive feature augmentation, reinforcing signals for rare
categories; (iii) meta weight hypernet, dynamically calibrating
modality contributions; (iv) self-adversarial perturbation, im-
proving stability via controlled noise; (v) multi-modal informa-
tion extraction, refining outputs in a joint feature space. Ex-
tensive experimental results show that our model can achieve
human-like extraction capabilities and obtain state-of-the-art
performance on both MNER and MRE tasks, verifying its su-
periority and effectiveness.

Keywords: predictive processing theory; multi-modal knowl-
edge graphs; multi-modal named entity recognition; multi-
modal relation extraction; meta-learning.

Introduction

MNER and MRE are essential components of multi-modal
knowledge extraction (J. Liu et al., 2026), aiming to identify
key entities and infer their semantic relationships from het-
erogeneous multi-modal data, such as text and images. In
social media, user-generated content typically combines mul-
tiple modalities. However, the informal language style, lim-
ited contextual information, and difficulties in aligning cross-
modal semantics often lead to poor performance in MNER
and MRE tasks (B. Liu et al., 2026).

Based on this, some studies have incorporated accompa-
nying images as auxiliary signals to aid entity and relation
recognition (Zou et al., 2026). However, most of them treated
MNER and MRE as separate tasks (Cao et al., 2026), ne-
glecting their inherent interdependence. In recent years, joint
modeling of MNER and MRE has emerged as a promising
research direction, enabling bidirectional interaction and col-
laborative reasoning through multi-granular cross-modal fea-
ture learning (Yuan et al., 2024). Although those approaches
have achieved certain progress, they still exhibit notable limi-

* Co-Corresponding authors. These authors contributed equally
to the work.

tations when dealing with semantic ambiguities in text-image
pairs and imbalanced sample distributions.

To improve those problems, inspired by predictive process-
ing theory, we propose a cognitive-inspired meta-learning
adaptive model, namely CogMAME. As shown in Fig. 1, this
theory posits that the human brain performs adaptive multi-
modal integration through a hierarchical "prediction-error
minimization" loop: top-down predictions generated from
high-level priors are continuously compared with bottom-up
sensory inputs, and the resulting prediction errors drive itera-
tive updates of the internal model, enabling robust perception
under uncertainty. Our proposed CogMAME model compu-
tationally implements this cognitive mechanism, and its main
contributions summarized as follows:
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Figure 1: Overview of the predictive processing theory.

* We formulate multi-modal extraction as a hierarchical pre-
dictive coding process and propose CogMAME, which
implements a meta-learning hypernetwork to dynamically
weight cross-modal signals—emulating metacognitive reg-
ulation of perceptual priors in human inference.

* We design a class-adaptive feature augmentation module
that amplifies prediction error signals for underrepresented
classes, thereby countering recognition bias from imbal-
anced data through error-driven perceptual adjustment.

* We introduce a self-adversarial perturbation strategy that
injects controlled noise to simulate internal prediction er-
rors, enhancing model robustness against distribution shifts

1572
In G. Boleda, I. Dautriche, M. Maldonado, C. Saldana and T. Torrent (Eds.), Proceedings of the 48th Annual Conference of the Cognitive
Science Society ©2026 the author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).



and strengthening its generalization under uncertainty.

* We conduct extensive experiments on widely used datasets,
and the results show that CogM AME achieves state-of-the-
art (SOTA) performance on MNER and MRE benchmarks,
demonstrating that explicitly modeling predictive process-
ing mechanisms leads to more human-like and adaptive
multi-modal integration.

Related Work

As key components of knowledge graph construction, MNER
and MRE have attracted increasing attention in recent years.

MNER

Several studies integrated visual and textual features using
transformer-based multi-modal modules, but often neglected
fine-grained correspondences between images and text, lead-
ing to misclassification (J. Yu et al., 2020). Recent ap-
proaches adopted fine-grained cross-modal feature learning.
For example, MKGformer (X. Chen, Zhang, Li, Deng, et al.,
2022) incorporated prefix-guided interaction and fine-grained
relevance-aware fusion, and UMGF (D. Zhanget al., 2021) en-
hanced object-entity alignment by aligning nodes. Moreover,
considering the prevalence of weakly or irrelevant text-image
pairs in social media, RpBERT (Sun et al., 2021) filtered
out irrelevant visual representations by measuring text-image
similarity. However, this strategy may discard misaligned yet
complementary pairs.

MRE

Zheng et al. (Zheng, Wu, etal., 2021) introduced the first MRE
dataset and established the task. Based on this, MEGA(Zheng,
Feng, et al., 2021) constructed scene graphs and syntactic
parse trees from images and text to capture correspondences,
but loses information by treating visual relations as uniform
edges. TMR (Zheng et al., 2023) utilized reverse transla-
tion in generative diffusion models for knowledge transfer.
However, existing methods struggled with imbalanced class
distributions and weak text-image pair similarities, leading to
inaccurate entity and relation recognition.

In contrast to previous work, inspired by predictive pro-
cessing theory, we propose a cognitive-inspired meta-learning
adaptive approach named CogM AME that consists of five core
modules: first, constructing a unified representation space
through multi-grained semantic alignment to overcome se-
mantic bias, second, employing a class-adaptive feature aug-
mentation strategy to specifically reinforce signals for rare cat-
egories, third, introducing a meta-weight hypernetwork to dy-
namically calibrate multi-modal contribution weights, fourth,
utilizing self-adversarial perturbation to enhance model ro-
bustness, and finally, performing multi-modal information
joint reasoning and extraction in a unified feature space. This
architecture systematically resolves cross-modal confusion.

Methodology

Preliminaries

Definition 1. Cross-modal Representation. Given a text-
image pair, it can be represented as G = G(t,v), where T and
V denote the tokenized embeddings of ¢ and v, respectively.
Definition 2. Back-Translation. For a given text  and image
v, their joint probability is p(¢,v). Back-translation treats
one modality as a "translation" of the other (H. Yu & Chien,
2025), e.g., translating text into an image modality to generate
v ~ p(v' | t). A diffusion model then fuses v and v’ for
enhanced embedding.

The Proposed CogMAME Model

Overview As mentioned above, inspired by predictive pro-
cessing theory, we formulate the joint task of multi-modal
entity and relation extraction as a hierarchical prediction and
error minimization process. As shown in Fig. 2, the proposed
CogMAME model consists of five closely modules: (a) multi-
grained representation learning (MRL), which extracts local
and global cross-modal features to form low-level sensory ev-
idence; (b) class-adaptive feature augmentation (CFA), which
actively amplifies prediction error signals for low-frequency
classes to enhance sensitivity to weakly observed patterns;
(c) meta weight hypernet (MWH), which dynamically cal-
ibrates cross-modal contributions via meta-learning, simu-
lating higher-level prior modulation of multi-channel sensory
information; (d) self-adversarial perturbation (SP), which gen-
erates internal prediction errors through controlled noise in-
jection to improve inference stability under distribution shifts;
(e) multi-modal information extraction (MIE), which aligns
and refines cross-modal predictions in a unified representation
space to ultimately output entity and relation classifications.

Multi-Grained Representation Learning As mentioned
above, inspired by the predictive processing theory which
posits that cognition is refined through hierarchical error mini-
mization, we improve the cross-modal semantic misalignment
by modeling text-image pairs at varying granularities. This
mimics the brain’s mechanism of integrating fine-grained de-
tails with global context. According to the above definition, a
given text-image pair can be represented as follows:

Wy VTT
G= Z softmax ( d ) T,

where d is the dimension of textual embedding 7', and W is
a learnable cross-modal attention matrix. We consider phrase
and region representations as coarse-grained, denoted as 77
and V", respectively, and consider word and patch represen-
tations as fine-grained, denoted as 7" and V¥, respectively.
Feeding pairs (T, V*) and (T, V") into “Eq.(1)” yields fine-
grained G/ and coarse-grained G¢. The multi-granularity
representation G is then calculated as follows:

(1)

G=G' +G°. )
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Figure 2: Overview of the proposed CogMAME model

Meanwhile, we adopt a diffusion-based generative
model(Saharia et al., 2022) to train on text-image pairs, treat-
ing text ¢ as a "translation" of image v, and generate the
back-translation v’ as:

v/ =argmax p(D | 1), 3)

where ¥ is the image hypothesis. Consistent with (Rombach
et al., 2022), we employ a stable diffusion strategy during
back-translation (Zheng et al., 2023), input text as a prompt
for stable diffusion to generate v’ as an approximation of the
back-translation of ¢, and then input (¢, v’) into the cross-modal
representation yields G”.

To alleviate the issue of similarity scoring methods that ig-
nore poorly aligned but complementary pairs, following pre-
vious work (Zheng et al., 2023), we train an independent
estimator on a high-resource corpus that generates three con-
fidence scores (a;, a., a,,) for each pair in the set strengthen,
complement, and weaken. This enhances the G and G’ by
ensuring:

Gl [a,]"[Gf &
G,* = | Q¢ GC G,C s (4)
0 Oy 0 0

where a5 + @, +a,, = 1. The high-resource corpus consists of
400k training samples from the MSCOCO and LAION-400M
datasets, with "strengthen", "complement”, and "weaken"
sample counts of 100k, 100k, and 200k, respectively. The
estimator, based on VILT (Kim et al., 2021), employs su-
pervised contrastive learning (Khosla et al., 2020) to mini-
mize distances between anchors and positive samples from
"Strengthen" and "Complement" classes. A self-supervised
learning loss can be written as follows:

Z IP(l)I

where z is the estimator output, 7 is a scalar temperature scalar,
and i, j, a denote anchor point, positive and negative samples,
respectively. P(i) is the set of indices for positive pairs and
|P(i)] is its cardinality.

Z ) exp(zi - 2p/7)

0 , (9
s Zaca(i) €XP(Zi * 2a/T)

peP(i)

Class-adaptive Feature Augmentation To mitigate perfor-
mance degradation caused by data imbalance, inspired by the
error-driven learning principle in predictive processing theory,
we propose a class-adaptive feature augmentation mechanism
that enhances feature representations through two approaches:
(i) class-weighted focal loss to prioritize the optimization of
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misclassified samples, and (ii) class-aware feature gating to
selectively amplify discriminative semantic signals.

(i) Class-weighted Focal Loss. We first assign inverse-
frequency-based weights to each class. The weight w. for
class c is calculated as follows:

we = 1/log(fc + €), (6)

where f. represents the relative frequency of ¢ in the training
data, and € is a constant to avoid numerical instability. Based
on those weights, the class-weighted focal loss is defined as:

N
Liocal = _Z Wy, - (1- pyi)y : l()gpyi7 (N
i=1

where wy, is the weight for the class of the i-th sample, p,, is
the predicted probability for the true class of the i-th sample,
and vy denotes the focusing parameter.

(ii) Class-aware Feature Gating. We design a class-aware
gating mechanism that adaptively enhances token-level fea-
tures based on their class importance. For a given token
representation h;, we define the enhanced feature as follows:

h?nhanced = hi + wy, - ReLU(Wh; + b), @®)

where W and b are learnable parameters. Min-max normaliza-
tion constrains wy, € [Wmin, Wmax]. This gating mechanism
selectively amplifies semantic representations of minority-
class tokens while preserving majority-class features.

Meta Weight Hypernet Following the predictive process-
ing principle that cognition dynamically adjusts perceptual
weighting based on contextual reliability, we propose a meta-
learning-driven hypernetwork to model the reliability of
multi-modal correspondences. It dynamically calibrates at-
tention allocation across modalities by generating instance-
specific weight parameters, effectively reducing cross-modal
confusion caused by inconsistent semantic contributions.

(i) Multi-granularity Multi-head Attention. We adopt a
multi-head attention mechanism to capture multi-granularity
associations between text-image pairs as follows:

) ()
Vd,

Attfh) = Z softmax
J

W, 9)

where W(h) s ng) ,and ng ) are learnable matrices for query,
key, and value respectively, and dj, is dimension of the atten-
tion head. The final integrated representation is calculated
as:

f; = Concat |Au'", ..., Al | (10)

Due to text-image inconsistencies and annotation noise, di-
rect use of attention may overemphasize low-quality regions.
We propose a meta-learning dynamic weighting mechanism
to adjust the attention loss for each (#;, v ;) pair.

(ii) Meta-learning Dynamic Weighting. We adopt a meta-
learning weight hypernetwork /4 (-) and output weights based

on the local matching loss f?]‘.‘ for each text-image pair as:

== (¥ RO, 5 451,

(1)
The final weighted attention loss is calculated as follows:
Lac= ) wij- £, (12)
i,J

where £ represents the prediction-supervision discrepancy
of the attention for the text-image pair.

(iii) Meta-learning Training Mechanism. To train the
weight network /4 4, we perform a virtual update on the param-
eters 6 using a training batch, then evaluate its generalization
error and optimize ¢ accordingly. The loss is defined as:

Liain = ) ho (62 - €. (13)
L,

The virtual gradient update for the learning rate « defined
as follows:
0" =60 —a-VgLyain. (14)
The generalization loss is computed on the validation set
and backpropagation is used to optimize ¢ as follows:

Lvar = Lyai(Dyar; 9,)7 p—¢d—n- Vqs-l:val, (15)

where 77 is the inner learning rate. V4 denotes the gradient
with respect to the hypernetwork parameters ¢ for updating.

Self-adversarial Perturbation Guided by the predictive
processing view that noise can drive robust perceptual re-
finement, we design a self-adversarial perturbation module
that introduces controlled, learnable noise into both text and
image representations. The perturbation intensity is dynam-
ically regulated by a meta-controller, allowing the model to
adaptively sharpen decision boundaries by focusing on hard-
to-predict cross-modal samples. Perturbed features are gen-
erated by adding perturbation € to text T and image V as:

T = T + E,,v = V + €y, EI,V = tanh(g@'v (T, V))’ (16)

where g4 (+) is a lightweight network that controls region-
level perturbation generation, tanh(-) constrains their magni-
tude, ¢. enables dynamic token-level perturbation generation.
To prevent underfitting or overfitting from inappropriate
perturbation scales, we equip a meta perturbation controller
that guides the updates of ¢; and ¢, via an external objective,
enabling meta-optimization of perturbation magnitude as:

(gl,iqlﬁlv Lya (f(T + tanh(gd,t (T)), V+ tal’lh(g¢v (V)))’ y) ,

a7
where y is supervision signal, evaluating the current pertur-
bation strategy’s impact on model generalization.

Multi-modal Information Extraction Based on the pre-
dictive processing framework which integrates refined pre-
dictions across modalities, we perform joint information ex-
traction in the adaptively aligned feature space. The aug-
mented representations G* and G”*, processed through our
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cognitive-inspired modules, are used to execute Named Entity
Recognition (NER) and Multi-modal Named Entity Recogni-
tion (MNRE) tasks within a unified reasoning paradigm.

(i) Named Entity Recognition. Following (X. Chen, Zhang,
Li, Yao, et al., 2022), we implement NER with a CRF decoder.
The final representation for (¢, v) is obtained by combining G*
and its back-translation G’* via multi-head extension as fol-
lows:

G = Multihead(G*, G™) € R™“, (18)
which consists of n word representations from text 7. Let
£ = {1} denote the NER label set and Y = [y] € R"™*!<£! the
prediction probabilities, computed as follows:

[T, Fi(yi-1,i,G)
Ziper TSy Fi(yio1,45 Yijs G)’
where y; ; is the probability of word i having label j, and

F denotes the potential function in the CRF. Training uses
maximum conditional likelihood loss.

p(y1G) = (19)

Lyer == ) log(p(y1G)). (20)
i=1

(ii) Relation Extraction. We merge representations of text
entities, fine-grained and coarse-grained image-text pairs, and
noun phrases to predict the final relationship. For entity pair
(ei, e;) at positions i, j in ¢, its representation is generated as:

Gij=T,eT;®poh, 1)

where T; and T; are entity embeddings, & denotes concatena-
tion, p the summed noun phrase features, and h = G* + G’
the aggregated text-image and its back-translations represen-
tation. The relation probability is p(r|G;,;) = softmax(G; ;)
over labels R = {r}. The RE loss is computed via cross-
entropy. The RE loss is computed via cross-entropy as:

Lye == Z; log (p(r | Gi.y)) - @2

Experiments and Results

Datasets and Metrics

As shown in Table 1, Table 2, and Table 3, we adopt three
standard datasets widely used in MNER and MRE: i) Twit-
ter2015 (Lu et al., 2018) and Twitter2017 (Q. Zhang et al.,
2018), two MNER datasets consisting of Twitter posts from
2014-2015 and 2016-2017, respectively; ii) MNRE (Zheng,
Feng, et al., 2021), a manually annotated dataset for MRE,
containing text and images collected from Twitter and subsets
of Twitter2015 and Twitter2017. We use precision, recall, and
F1 score as the default evaluation metrics.

Baselines

We compare with two kinds of methods: (i) text-based
methods, including CNN-BLSTM-CRF (Ma & Hovy, 2016),
HBIiLSTM-CRF (Lample et al., 2016), BERT-CRF (Devlin
et al.,, 2019), PCNN (D. Zeng et al., 2015), MTB (Soares
et al., 2019); and (ii) multi-modal methods, including

Table 1: Statistics of the Twitter2015 Dataset.

Category Train Dev Test Total
Person 2217 552 1816 4583
Location 2091 522 1697 4308
Organization 928 247 839 2012
Misc 940 225 726 1881
Total Entity 6176 1546 5078 12784

Table 2: Statistics of the Twitter2017 Dataset.

Category Train Dev Test Total
Person 2943 626 621 4190
Location 731 173 178 1082
Organization 1674 375 395 2444
Misc 701 150 157 1008
Total Entity 6049 1324 1351 8724

OCSGA (Wu et al., 2020), RpBERT (Sun et al., 2021),
UMGEF (D. Zhang et al., 2021), MEGA (Zheng, Feng, et
al., 2021), HVPNet (X. Chen, Zhang, Li, Yao, et al., 2022),
MKGFormer (X. Chen, Zhang, Li, Deng, et al., 2022),
TRFL (Q. Zeng et al., 2025), CASF (H. Li et al., 2025),
LIBD (Xu et al., 2025), RAP (Z. Chen et al., 2025) etc.

Table 3: The Statistics of MNRE Dataset.
Word Sent. Ins. Ent. Rel. Img.

258k 9201 15,485 30,970 23 9201

Statistics

MNRE

Experimental setup and implementation

For the MNER task, we set the batch size to 12, the learning
rate to 3e-5, and train for 30 epochs, with validation starting
at epoch 12. The warmup ratio is 0.01, and both the text and
image hidden sizes are set to 1024, with an intermediate size
of 400. The number of hidden layers is 1, and the output
dimension of the meta-weight network is 256. For the MRE
task, we set the batch size to 16, the learning rate to 1e-5, and
train for 20 epochs. Both the text and image hidden sizes are
set to 768, and the number of hidden layers is 1. The output
dimension of the meta-weight network is 256.

Overall results

As shown in Table 4, our proposed model outperforms all
other SOTA methods across all datasets. Compared to
single-text models, the multi-modal model improves per-
formance by 6% on MNER and 30% on MRE. This is
due to the short and ambiguous nature of social media
texts, making it difficult to identify entities and their re-
lationships within limited context. Compared to multi-
granularity multi-modal models, our model improves the
F1 scores on the Twitter15/Twitter] 7/MNRE datasets from
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Table 4: Compare CogMAME’s overall performance with baselines on three benchmark datasets for MNER and MRE.

Modality Methods Twitter2015 Twitter2017 MNER
Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. F1

CNN-BLSTM-CRF 6624 68.09 67.15 80.00 78.76 79.37 - - -
HBiLSTM-CRF 70.32  68.05 69.17 82.69 78.16 80.37 - - -

Text BERT-CRF 69.22 7459 71.81 83.32 83,57 8344 - - -
PCNN - - - - - - 62.85 49.69 5549
MTB - - - - - - 6446 5781 60.86
AdapCoAtt 69.87 7459 72.15 85.13 8320 84.10 - - -
OCSGA 7471 7121 7292 - - - - - -
RpBERT 7115 7430 72.69 - - - - - -
UMT 71.67 7523 7341 8528 8534 8531 6293 63.88 63.46

Text+Tmage UMGF 7449 7521 7485 86.54 8450 8551 6438 6623 65.29
Visual BERT 68.84 7139 70.09 84.06 8539 8472 57.15 5948 58.30
MEGA 70.35 7458 7235 84.03 8475 8439 6451 6844 6641
HVPNeT 73.87 7682 7532 8584 8793 86.87 83.64 80.78 81.85
MKGFormer - - - 86.98 88.01 87.49 82.67 81.25 81.95
TMR 7526 7649 75.87 88.12 88.38 8825 9048 87.66 89.05
TRFL 73.61 77.12 7532 85.12 88.16 86.65 - - -
CASF 73.12 7523 7416 87.16 8645 86.81 - - -
LIBD 7599 77.07 7653 87.68 8840 88.04 - - -
RAP 7438 7892 7658 87.63 87.89 8776 8359 82.67 83.13
CogMAME w/o CFA 7497 77.03 7598 88.16 8841 8828 90.66 89.26 89.96
CogMAME w/o MWH+SP 7475 7720 7595 88.30 88.23 8826 9042 88.46 89.42
CogMAME (Ours) 75.32 77776 76.53 88.36 88.75 88.55 91.14 89.58 90.35

(75.87/88.25/89.05) to (76.33/88.55/89.75), demonstrating .

the effectiveness of our meta-learning dynamic weighting and me moy LA g g

category-adaptive modules. We also observe more significant
performance improvements in the MRE task, as the MRE
dataset contains a higher proportion of complementary pairs,
which can be better handled by the multi-granularity fusion
module in CogMAME to reduce prediction errors.

Ablation study

To evaluate the effectiveness of the CFA, WMH, and SP in
CogMAME, we conduct ablation studies in Table 4 and Fig. 3.
Removing CFA and SP and replacing WMH with standard
self-attention causes performance drops on both MNER and
MRE tasks, confirming the crucial role of each component.
Notably, the ablated models still match or surpass baselines,
demonstrating the validity and superiority of our design.

Conclusion

In this paper, inspired by predictive processing theory, we pro-
pose CogMAME, a cognitive-inspired meta-learning adap-
tive model for multi-modal entity-relation extraction with
five components: (i) a multi-grained representation learning
module for unified cross-modal semantic space; (ii) a class-
adaptive feature augmentation module for low-frequency cat-
egories; (iii) a meta weight hypernet module for dynamic
cross-modal weight adjustment; (iv) a self-adversarial per-
turbation module for robustness under noise and distribution
shifts; and (v) a multi-modal information extraction mod-
ule for joint entity and relation inference. Extensive exper-
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Figure 3: Ablation analysis of the CogMAME model

iments show CogMAME achieves outstanding performance
in complex multi-modal scenarios. Future work will explore
lightweight cognitive computing frameworks to reduce costs
while maintaining performance.
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