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Abstract

Verifying the truthfulness of claims usually re-
quires joint multi-modal reasoning over both
textual and visual evidence, such as analyz-
ing both textual caption and chart image for
claim verification. In addition, to make the
reasoning process transparent, a textual expla-
nation is necessary to justify the verification
result. However, most claim verification works
mainly focus on the reasoning over textual evi-
dence only or ignore the explainability, result-
ing in inaccurate and unconvincing verification.
To address this problem, we propose a novel
model that jointly achieves evidence retrieval,
multi-modal claim verification, and explana-
tion generation. For evidence retrieval, we
construct a two-layer multi-modal graph for
claims and evidence, where we design image-
to-text and text-to-image reasoning for multi-
modal retrieval. For claim verification, we
propose token- and evidence-level fusion to
integrate claim and evidence embeddings for
multi-modal verification. For explanation gen-
eration, we introduce multi-modal Fusion-in-
Decoder for explainability. Finally, since al-
most all the datasets are in general domain, we
create a scientific dataset, AIChartClaim, in
Al domain to complement claim verification
community. Experiments show the strength of
our model. Code and datasets are available at
https://github.com/cezhangd1/mever.

1 Introduction

The dissemination of erroneous claims and findings
can mislead researchers and the public, leading to
unnecessary concerns. This underscores the urgent
need for developing a claim verification method to
automatically assess the truthfulness of the claims.

Existing methods primarily rely on textual evi-
dence for claim verification. However, with the ad-
vent of multimedia, many claims are derived from
various types of data, and simply reasoning over
textual evidence is insufficient for accurate verifi-
cation. For example, Fig. 1 illustrates a scientific

Claim: Random deletion with all seed words deleted achieves better
performance on the 20News-Coarse dataset than on the 20News-Fine dataset.

Chart Image with Textual Caption as Evidence:

20News-Coarse 20News-Fine

Random Deletion

Random Deletion
(Retain seeds)

Random Deletion
(Delete all seeds)
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Caption: Classification performance achieved by variations of random

deletion with seed words always retained in the document (“Retain seeds”)
and with seed words always deleted completely (“Delete all seeds”).

lOutput

Verdict: Support

Explanation: The Macro-F1 score for "Delete all seeds" on the 20News-Coarse
dataset (~88) is higher than its score on the 20News-Fine dataset (~78),
showing better performance on 20News-Coarse.

Figure 1: Illustration of multi-modal and explainable
claim verification, taken from AIChartClaim dataset.

claim concluded from chart images with textual
caption. To verify the claim, we need to unify both
textual and visual evidence for reasoning and verifi-
cation. Meanwhile, to make the reasoning process
transparent, an additional textual explanation is
necessary to justify the ruling process and verifica-
tion result. However, most existing works mainly
focus on the reasoning over textual evidence only
(Liu et al., 2020) or ignore the explainability of
the ruling process (Zhang et al., 2024b), leading to
inaccurate and unconvincing verification.
Challenges and Approach. To overcome these
limitations, we propose MEVER, Multi-Modal
and Explainable Claim Verification with Evidence
Betri_eval, to address below three open qu_estions.
First, how to integrate both textual and visual
evidence for multi-modal evidence retrieval? Some
works, e.g., MultiVerS (Wadden et al., 2022) and
DECKER (Zou et al., 2023), rely on external
tools (Robertson et al., 2009) for evidence retrieval.
Other works, e.g., JustiLM (Zeng and Gao, 2024)
and RAV (Zheng et al., 2024), design an in-built
text-only retriever. However, they are uni-modal
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and ignore visual evidence, leading to inaccurate re-
trieval. We design a multi-modal evidence retriever.
We construct a two-layer multi-modal graph for
claims and evidence. Image-to-text and text-to-
image reasoning integrates multi-modal data into
claim and evidence embeddings for retrieval.
Second, how to reason between multi-modal
claims and evidence for multi-modal verification?
Some models, e.g., GEAR (Zhou et al., 2019) and
Transformer-XH (Zhao et al., 2020), integrate tex-
tual claims and evidence for verification, failing to
capture visual signals. Recently, multi-modal meth-
ods are proposed, e.g., Mocheg (Yao et al., 2023)
and ESCNet (Zhang et al., 2024b). However, these
methods integrate claims with textual and visual ev-
idence separately, failing to aggregate both textual
and visual evidence for joint reasoning. As shown
in Fig. 1, images and texts provide complementary
information, and jointly aggregating both could re-
veal insightful discovery. In our model, we design
token-level multi-modal fusion and evidence-level
hierarchical fusion to achieve fine-grained cross-
modal information exchange between claims and
evidence. Eventually, we obtain unified claim and
evidence embeddings for multi-modal verification.
Third, how to leverage multi-modal data for ex-
planation generation? Most explainable models
leverage textual claims and evidence to generate
explanation, e.g., JustiLM (Zeng and Gao, 2024)
and Mocheg (Yao et al., 2023). We design a multi-
modal Fusion-in-Decoder module, which gener-
ates explanation by capturing both multi-modal and
multiple pieces of evidence. Besides, to make the
explanation consistent with the verification result,
we further design a consistency regularizer.
Besides, since most multi-modal datasets are in
general domain, we create a scientific dataset in Al
domain to complement research community. Our
dataset, AIChartClaim in Fig. 1, contains scientific
discoveries as claims, chart images with textual cap-
tions as evidence, and explanations. It is necessary
to have such scientific dataset, since understanding
increases and decreases in quantities in charts with
scientific language is a crucial reasoning ability
for language models. Though ChartCheck (Akhtar
et al., 2024) and ChartFC (Akhtar et al., 2023) are
chart datasets, their content is still in general do-
main and does not discuss scientific concepts. See
Table 1 for comparison to selected datasets.
Contributions. First, we propose a novel model,
MEVER, consisting of multi-modal evidence re-
trieval, claim verification, and explanation gener-

ation. Specifically, we design a two-layer multi-
modal graph for evidence retrieval. Second, to fully
exchange multi-modal information between claims
and evidence for verification, we design token- and
evidence-level fusion. Third, to make the ruling
process transparent, we design multi-modal Fusion-
in-Decoder and a consistency regularizer for expla-
nation generation. Fourth, we create a scientific
dataset to complement research community. Exper-
iments verify the strength of our model.

2 Related Work

Claim verification. Previous works are text-only,
GEAR (Zhou et al., 2019), KGAT (Liu et al., 2020),
TransformerXH (Zhao et al., 2020), MultiVerS
(Wadden et al., 2022), HESM (Subramanian and
Lee, 2020), DREAM (Zhong et al., 2020), Causal-
Walk (Zhang et al., 2024a), ProgramFC (Pan et al.,
2023), CareerScape (Yamashita et al., 2025), UKE
(Wu et al., 2024a), and AKEW (Wu et al., 2024b).
They ignore visual evidence, leading to inaccurate
result. Multi-modal methods include Mocheg (Yao
et al., 2023), ESCNet (Zhang et al., 2024b), CCN
(Abdelnabi et al., 2022), MR2Retrived (Hu et al.,
2023), CutPaste&Find (Nguyen et al., 2025a), etc.
These methods, except Mocheg, focus on verifica-
tion, and ignore evidence retrieval or explainability.
Our model consists of evidence retrieval, claim
verification, and explanation generation.

Retrieval-augmented verification conducts ev-
idence retrieval and claim verification jointly with
Retrieval-Augmented Generation (Izacard et al.,
2023), such as JustiLM (Zeng and Gao, 2024),
RAV (Zheng et al., 2024), RAFTS (Yue et al.,
2024), ARSJoint (Zhang et al., 2021), etc. They
consider textual evidence only. We construct a two-
layer graph for multi-modal evidence retrieval and
claim verification.

Explainable claim verification produces tex-
tual explanation to justify the verification result
(Atanasova, 2024; Kotonya and Toni, 2020a; Zhao
et al., 2024; Russo et al., 2023; Yao et al., 2023).
They are text-only and do not capture images. Our
model designs a multi-modal Fusion-in-Decoder to
incorporate multi-modal data for explainability.

Scientific and chart claim verification trains
models on scientific and chart claims. SciFact
(Wadden et al., 2020) is a scientific text-based
dataset with no images or explanation. ChartCheck
(Akhtar et al., 2024) and ChartFC (Akhtar et al.,
2023) are chart datasets in general domain. Ours
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Table 1: Comparison between selected datasets.

Dataset Multi-Modal  Explainable Scientific Source
FEVER Wiki
FEVEROURS Wiki
PUBHEALTH v FACTWeb
SciFact v Paper
BearFact v Paper
Check-COVID v Paper
FACTIFY v FACTWeb
NewsCLIPpings v Internet
MR2 v Internet
MMCV v MultimodalQA
ChartFC v Internet
ChartCheck v v Internet
Mocheg v v FACTWeb
AlChartClaim v v v Paper

is a multi-modal dataset with explanation in scien-
tific domain. Table 1 shows comparison to selected
data (Thorne et al., 2018; Aly et al., 2021; Kotonya
and Toni, 2020b; Wuehrl et al., 2024; Wang et al.,
2023; Mishra et al., 2022; Luo et al., 2021; Hu et al.,
2023; Wang et al., 2025). Existing survey (Huang
et al., 2024) summarizes more chart works, e.g.,
ChartT5 (Zhou et al., 2023), MatCha (Liu et al.,
2023), MMC (Liu et al., 2024a), ChartAssistant
(Meng et al., 2024).

Graph learning aims to capture both graph
structure and node attributes for graph-based tasks
(Hamilton et al., 2017; Zhang and Lauw, 2020,
2023; Zhang et al., 2023a; Nguyen et al., 2025b;
Luo et al., 2025). However, most of them are de-
signed for self-supervised learning or for super-
vised generation. Our work focuses on using graph
structure to assist multi-modal claim verification.

3 Model Architecture

We introduce MEVER, Multi-Modal and
Explainable Claim Verification with Evidence
Retrieval. Table 8 summarizes math notations.

3.1 Problem Formulation

We have a multi-modal dataset D = {C, T,Z,£}.
C = {c,}_, is a set of N claims. Textual evi-
dence set T = {t,;, }1 _, is a corpus of T" evidence
texts. Each evidence text t is associated with a set
of images Z(t) = {i;} C Z where Z is an image
set. An evidence text may have multiple images,
e.g., a caption with multiple charts in Fig. 1. Some-
times, claim c also has images Z(c) = {i.} C Z.

= {e,}_, is a set of N explanations for N
corresponding claims. If we do not observe the
association between texts and images, we use pre-
trained CLIP (Radford et al., 2021) for alignment.

Given C, T, and Z as inputs, our model uses
textual evidence 7 and visual evidence Z to ver-

puts.

ify claims C. For each claim ¢, we have two out-
One is claim’s veracity label § € Y =
{SUPPORT, REFUTE, NEI}, i.e., whether the ev-
idence supports, refutes, or does not have enough
information to verify the claim. The other is ex-
planation é for reasoning process. Note that some
datasets (Akhtar et al., 2024) do not have NEI label.

Fig. 2 shows the overall model architecture with
three main modules, (a-c) evidence retrieval, (d)
claim verification, and (e) explanation generation.

3.2 Evidence Retrieval with Two-Layer
Multi-Modal Graph

Graph construction. For each evidence textt € T
and its associated images Z(¢) C Z, we construct
a two-layer multi-modal graph in Fig. 2(a-b). The
bottom layer is textual layer, and each node is an ev-
idence text. The top layer is visual layer, and each
node is an image. Cross-layer edges denote the cor-
respondence between text ¢ and its images Z (). We
also add intra-layer edges. For visual layer, we add
fully connected edges among images of the same
text for multi-image reasoning. For textual layer,
we add self-loop edge. During evidence retrieval,
we treat each evidence independently, thus we add
self-loop edge. During verification in Sec. 5.2,
we will add fully connected edges among multiple
retrieved evidence for multi-evidence reasoning.
Image-to-text reasoning. Evidence reasoning
consists of image-to-text and text-to-image reason-
ing. We first present image-to-text reasoning here.

D)

For each evidence text t, we use HE =
[hgl)CLS, hg, hg%, ...] to represent the output from
the [-th Transformer step. Here we use “step” to
replace “layer” (Vaswani et al., 2017) to differenti-
ate from our two-layer graph. Similarly, for each
evidence image ¢, we have output from the [-th
ViT step ZZ@ = [ZE%LS, zgfi, zgg, ...]. Since an evi-
dence text may have multiple images, we use Graph
Neural Network (GNN) (Hamilton et al., 2017) to
aggregate multiple images. We first project text
and image embeddings into the same space.
hw(tl)CLS = ththz(fl)CLS7 ~%Ls = wlmgzz s (D
Wixt, Wimg € R* gre projection matrices for text
and image, respectively. We use [CLS] tokens as
text and image embeddings. We design image-to-
text attention, shown by green arrows in Fig. 2(a).

. . !
at,; = softmax <51gmo1d( 12t[ht CLS | E%LS]))

(@)
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Figure 2: Model architecture. (a-b) Cross-modal graph reasoning. (c) A nested architecture with multi-modal graph
reasoning. (d) Multi-modal token-level fusion. (e) Multi-modal explanation generation with Fusion-in-Decoder.

where i € Z(t) is an evidence image that text ¢ is as-
sociated with, [-||-] is concatenation, and by, € R??.
. ~(1 =
We aggregate images by z£ ) = Ziez(t) at,iz§7%LS.
Summarizing above GNN module, we have

ii” = foNN (hgl();st {ZEZ()ILS‘Z € Z(t)}; Wit, Wimg, biZI)-

3)

Since textual layer has self-loop, we set lAllEl) =

ﬁg,l)CLS without GNN (orange arrow in Fig. 2(a)).
Finally, we integrate the aggregated image and
text embeddings into evidence text for cross-modal
N - (1 .
reasoning. We consider zgl) and hg ) as virtual to-

kens and concatenate with ¢’s embedding matrix by
~ (1 R
A" = 915" HY). To fully unify multi-modal

~ (I
data, we input HE o the (I + 1)-th Transformer
step with multi-head attention.

0 (0
)-

“4)
Key K and value V are augmented with multi-
modal virtual tokens. After multi-layer perceptron
and layer normalization, we have evidence text ¢’s
embedding matrix Hglﬂ) at the (I + 1)-th step.
Text-to-image reasoning. We symmetrically
introduce text-to-image reasoning and propagate
text embeddings to visual layer for ViT modeling in
Fig. 2(b). Since each image 7 is usually associated
with one evidence text ¢, such as a chart with its
caption, text-to-image reasoning simply becomes
ﬁgl) = hgléLs = Wmhgl()ls. For intra-layer multi-
image reasoning, we have GNN module.

MHA(Q = Wo'H! K = W{H,” v = WH,

igl) = fGNN( ECLS’ {ZZ/ CLS|Z S I(t)}§ WimgabiZi)-

)

as virtual tokens and
50 Die@ 50

= [2"|I,”[|Zz").

@

We consider ﬁil) and z;

concatenate with Z( ) ,le., Z;

This matrix is input to the (I+1)-th ViT step (Doso-
vitskiy et al., 2021), similarly to Eq. 4.

We repeat image-to-text and text-to-image rea-
soning inside each Transformer and ViT step for L
steps, and obtain a nested encoder in Fig. 2(c).

(6)

D 2P}z = fane (8, {ili € Z(1)).

We take h; = hELC)Ls as evidence embedding, since
it already absorbs both text and image information.
For claim ¢ with its associated images, we input
to the same multi-modal encoder and obtain claim
embedding h, = hf:LC)LS. We use below contrastive
loss as retrieval objéctive. t’ is a negative evidence
in the same mini-batch B.

exp(h/ hy)

g .
exp(h/hy) + e gy exp(h, hy)
(7

LRel =

- Z ¢€Cuain 10

3.3 Claim Verification with Token- and
Evidence-Level Fusion

After we obtain the retrieved evidence with texts
and associated images, here we present claim
verification using multi-modal evidence. Above
multi-modal graph encoder outputs text Hy
HgL) € RPx*4 and image embedding matrices

Z; = ZZ(-L) € RFimeXd for both claims and evidence.
P and Py respectively denotes the number of
textual tokens and visual patches. We allow claims
and evidence to interact with each other for claim
verification.

Token-level multi-modal fusion. We aim to de-
sign an interactive fusion to exchange information
between claims and evidence. For each claim c,
we have K retrieved evidence texts {¢}& | and
images Z(t;) for each text t;. We design an inter-
active fusion method between claims and evidence
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at token level, shown by Fig. 2(d). For evidence
text ¢, and each of its associated images i € Z (),
we leverage a multi-modal multi-head attention for
token-level fusion and obtain aggregated image em-
bedding matrix Z;, ; € RPwxd,

Z:,.=MHA(WoH;, ,WKZ; WyZ;). (8)

Since an evidence text t; has multiple images, we
obtain a set {Zy, ;}icz(1,). We take mean pooling
to obtain a single image embedding matrix by

Z;, = mean({Zy, ;|i € Z(tx)}). )

Finally, we unify both text embedding matrix Hy,
and image embedding matrix Z;, by

Uy, = Wi[H, ||Z, ]. 10)

W, € R¥24 and U, € R™*4 s the unified
multi-modal matrix for evidence ;. For claim ¢
and its images Z(c), we repeat Eqs. 8-10 to obtain
unified multi-modal matrix for claim U, € Rf*d,
To allow claim-evidence interaction, we have

QY

Here Uy, . integrates claim c and evidence ¢, as
well as their associated images. Since a claim has
multiple retrieved evidence, we take mean pooling
and obtain a single claim embedding matrix U, =
mean ({Uy, |ty € T(c)}) where T (c) is a set of
retrieved evidence. Finally, we take [CLS] in U,
as claim c’s embedding ¢ = u.crs, which fuses
claim and evidence at token level. See Fig. 2(d).
Evidence-level hierarchical fusion. We now
present evidence embedding. A claim has K re-
trieved evidence texts, and each text is associated
with |Z(tx)| images, resulting in a hierarchical
structure. We propose a hierarchical fusion to ob-
tain multi-modal evidence embedding. Specifically,

Utk,c = MHA(WQUtk ’ WKUw WVUC)'

we have multi-modal text H; = HEL) and image

embeddings Z; = ZEL), output from multi-modal
graph encoder in Eq. 6. For each evidence text
tr. € T(c), we use GNN to aggregate its images.

2y, = foNn (htk,CL& {zicusli € Z(te) }; Wixe, Wimg, bm)-
12)
The aggregated image embedding is then com-
bined with evidence text embedding by t; =
Walhy, cLs||2:,] where Wy € R4*24 and ty, is ev-
idence embedding. Finally, we use claim embed-
ding ¢ as query to aggregate evidence embeddings.

t = fonn (C, {telte € T(c)}; Wixt, Weyid, beZc)-
(13)

Having obtained claim and evidence embed-
dings, we input them into a classifier for verifi-
cation, y = softmax( fmrp([c|[t])) with below loss.

'CVer = - Z 3/ log y/'
y'ey

3.4 Multi-Modal Explanation Generation

(14)

We use multi-modal data to generate explanations
to justify the ruling process. We design Fusion-in-
Decoder (Fig. 2(e)) and consistency regularizer.
Multi-modal Fusion-in-Decoder. We are given
a claim text ¢ and each of its evidence texts ¢, €
T (¢), we concatenate their raw texts into a sin-
gle textual sequence with [SEP] token as separator,
i.e., [c||[SEP]||t;]. In language models, there is
an embedding look-up table before language en-
coder. Textual sequence is first mapped to token
embeddings in this look-up table, which are then
summed up with positional encodings. We thus ob-
tain embedding matrix E.;, for the concatenated
sequence using this look-up table. We then con-
catenate the associated image embeddings of claim
and evidence text to obtain a multi-modal matrix.

Ecs, = [WimgZecrs||- || Wimgze, cisl|--- |[Ees,]

claim’s images evidence text’s images

(15)
Z.cLs and z;, s are respectively claim ¢’s and ev-
idence text ¢;’s image embeddings, obtained from
multi-modal graph encoder in Eq. 6. We project
them using Wip, to the same embedding space as
texts. We input the concatenated multi-modal em-
bedding matrix ﬁc,tk to language encoder, TS (Raf-
fel et al., 2020), and obtain Ec,tk = fLMEnC(ITZth).
Since a claim ¢ has multiple retrieved evidence
T (¢), we design multi-modal Fusion-in-Decoder
module to capture all evidence for explanation
generation, i.e., € = fLMDec (Ec,t) where E, =
mean(Ec,tl, - I:th «)- This module is illustrated
by Fig. 2(e). We have generation loss below.

EExp = - Z logp(€j|e<j7]::c)

€j

(16)

e<j denotes the tokens generated prior to e;, and
p(ej|-) = softmax(Z(e;|-)) is the probability of
e;, calculated by normalizing logits £ (e;|-).
Consistency regularizer. The generated expla-
nation should consistently justify the predicted ver-
ification. Thus, we design a consistency regularizer
to achieve this goal. Specifically, we do mean pool-
ing for logits of all the tokens in explanation by

Z =mean(Z(e1]), ..., ZL(e5]),...). (A7)
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& € RV is a V-dimensional embedding where
V is the length of language model vocabulary. .Z
contains the information of explanation, and its
embedding should also reveal verification label.
Thus, we input . to a classifier to predict verifi-
cation label by y, = softmax( fyrp(-¢)). Finally,
we minimize the difference between the predicted
label y of the verification module and y, using

Lreg = KL(3|[5.) + KL(3.[19) — Y _ ¢/ log ;.
y'ey

(18)

We sum up two KL divergences (Bishop and

Nasrabadi, 2006) to remove its asymmetry. We

also add a cross-entropy loss for the predicted label

of logits. The overall loss function becomes

L= ['Ver + [’Exp + )\ﬁReg- (19)

A = 0.5 is a hyperparameter for the importance of

regularizer. We summarize the learning in Algos.
1-2. See Appendix C for complexity analysis.

4 Dataset Creation

We create a scientific dataset. We present main
creation here and put more details in Appendix E.

Data source. We use Al papers as source. Other
domains are future work. We have 5 categories, and
each category has 3 conferences, Al (AAAIL IJCAI,
UAID), ML (NeurIPS, ICML, ICLR), NLP (ACL,
EMNLP, NAACL), CV (CVPR, ICCV, ECCV),
Data Mining (KDD, WWW, WSDM), i.e., totally
15 conferences. For each conference, we collect
recent 4 proceedings. For each proceeding, we
select 5 papers with chart, with totally 300 papers.

Within each paper, we collect its chart with cap-
tion as multi-modal evidence. The sentences in
the main text that mention the chart usually contain
scientific discoveries or claims. However, not every
claim is checkworthy and not every chart is clear.
To ensure the quality, our annotators (one postdoc
and three PhD students specializing in Al) filter out
inappropriate claims and charts and search for other
papers with high-quality data. Finally, we have 300
claims with corresponding 300 charts and captions.
These charts include line, bar, pie, scatterplot, and
heat map. See Table 6 for details.

Data augmentation. Usually, the charts sup-
port the claims, thus above 300 claims, undergoing
manual double check by annotators, are labeled as
“SUPPORT”. To create claims refuted by the charts,
we follow Wadden et al. (2020) and ask annotators

Table 2: Dataset statistics.

Name ‘ #Claims #Evidence Texts #Images Explanation
AlChartClaim 1,200 300 300 Yes
ChartCheck 10,038 1,615 1,615 Yes
Mocheg 15,601 33,880 13,052 Yes
MR2 13,785 91,347 105,132 No

to write negation for the 300 claims, taking pre-
cautions not to bias the negation by using obvious
keywords, like “not”. We finally obtain 600 claims,
half supported and half refuted by the charts.

To augment the dataset, we follow Schlichtkrull
et al. (2024) and use GPT-40 (Achiam et al., 2023)
to generate 600 more claims. For each of 300 charts
with captions, we use the prompt in Appendix E
to generate two more claims, one supported and
one refuted by the chart. After generation, we have
1,200 claims, i.e., 600 natural and 600 generated
claims. Our annotators rigorously check the gener-
ation and make manual corrections when necessary
to ensure the dataset is correct and high-quality.

Explanation. A significant portion of papers do
not have explanations for claims. Moreover, we do
not have explanations for the generated claims. For
consistency, we use GPT-40 to generate explana-
tions with prompt in Appendix E. The generation
is rigorously checked and corrected by annotators
if there is erroneous or unclear description.

Size. Finally, we have 1,200 claims with expla-
nations and 300 charts with captions. The size is
comparable to textual scientific datasets, e.g., 1,409
claims in SciFact (Wadden et al., 2020), 1,448
claims in BearFact (Wuehrl et al., 2024), 1,504
claims in Check-COVID (Wang et al., 2023). There
are two constraints for the size. For one, the num-
ber of Al papers with checkworthy claims and read-
able charts is limited. Our annotators have tried
hard to obtain appropriate papers. For the other, the
creation requires experts to manually analyze the
charts. The number of domain experts is limited.
We consider creating larger-size dataset as future
work. Also, we follow Akhtar et al. (2024) and do
not include NEI label for clarity and consistency.
We can also add NEI by simply replacing the gold
evidence of each claim with random evidence.

S Experiments

Datasets. We present main statistics of the datasets
in Table 2. Besides AIChartClaim, we have
ChartCheck (Akhtar et al., 2024), a general-
domain chart dataset. Mocheg (Yao et al., 2023) is
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Table 3: Result of evidence retrieval (%). Standard deviation of BM25 is 0, because it is a deterministic approach.

Model AlChartClaim ChartCheck Mocheg MR2
MAP Prec@3 Rec@3 MAP Prec@3 Rec@3 MAP Prec@3 Rec@3 MAP Prec@3 Rec@3
BM25 495+0.0 17.640.0 52.9+0.0 | 40.620.0 14.6+0.0 43.6£0.0 | 27.3%0.0 212+0.0 26.8+0.0 | 11.7£0.0 175200 8.4+0.0
RAV 59.0+0.8 21.6£03 64.7+1.0 | 59.9402 21.640.2 64.8+0.7 | 39.040.8 29.7+0.6 37.6+0.8 | 152403 22.1+0.6 10.740.4
JustiLM 62.0+12 224+1.0 64.2+3.0 | 583405 21.140.2 63.4+0.7 | 39.5404 29.8+0.2 38.0+02 | 145402 20.7+0.5 10.140.2
MochegModel 65.9+0.0 233200 70.0+0.0 | 58.1£0.0 21.040.0 63.0+0.1 | 36.0£0.0 27.9+0.0 382+0.0 | 16.740.0 232+0.0 11.240.0
TransXH+ViT 620425 227407 68.1+2.1 | 60.8+03 21.64+0.1 64.8+0.3 | 39.840.5 30.2+0.3 38.1+04 | 17.840.6 28.2+03 12.640.5
MEVER w/o images | 69.8£1.0 24.9405 747+15 | 583409 212+03 63.7£09 | 38.642.9 293+25 37.3+29 | 150402 21.7404 10.6+0.2
MEVER (ours) | 714103 254+0.1 76.1+0.2 | 63.6:0.3 22.7+£0.1 68.0:0.3 | 41.6£0.4 31.7+0.3 40.1+0.2 | 195504 29.8404 13.1+0.3
Table 4: Claim verification with Macro F1 score (%).
Model AlChartClaim ChartCheck Mocheg MR2

ode Gold Retrieved Gold Retrieved Gold Retrieved Gold Retrieved
KGAT 68.7+0.4 68.8+0.3 | 62.4+£0.2 60.4%0.3 | 47.44+0.6 45.1+0.5 | 65.0£1.5 64.3+£1.1
CausalWalk 68.4+2.3 69.0+24 | 60.4+2.8 61.34+09 | 38.64+0.7 30.1+0.6 | 64.6+2.5 65.3+4.8
CORRECT 67.9+1.5 70.0+1.2 | 62.3+£0.4 61.54+0.3 | 46.0+£09 459+1.7 | 70.0£1.5 70.4+£3.0
TransformerXH 68.6+0.2 69.1+£0.6 | 62.9+£0.4 62.0+09 | 43.8409 44.3+0.6 | 68.1£1.2 70.9+£1.7
TransformerXH++ | 69.4+£0.9 68.3+1.0 | 63.24+0.2 62.6+0.6 | 45.0+t1.4 44.5+0.1 | 69.6+0.4 72.5+1.0
MochegModel 57.9+1.7 59.0+£24 | 56.7£1.6 57.84+1.3 | 45.64+1.4 455+1.2 | 64.8+0.3 68.0+0.4
MR2Retrieved 69.9+0.5 69.8+0.2 | 62.7£0.1 62.34+0.9 | 44.0+0.2 44.5+0.6 | 73.9+£1.2 71.2+0.8
CCN 69.8+0.9 69.3+0.2 | 62.6+£0.4 62.6+0.5 | 449404 47.5+04 | 73.5+£1.3 75.5+2.1
ESCNet 69.5+0.6 69.6+0.4 | 60.7£0.5 61.3+0.5 | 46.44+0.3 47.4+0.5 | 73.5£0.6 75.0£0.9
ECENet 70.0+0.7 70.2+0.7 | 60.9+£0.8 61.34+09 | 45.5+1.2 46.7+1.8 | 72.4+1.2 74.2+0.8
MultiKE-GAT 66.6+0.4 67.3£0.5 | 60.5£0.5 60.6+0.8 | 399414 46.2+1.0 | 67.0£1.8 71.6£2.0
GPT-40 51.0+1.7 41.7+£1.2 | 43.9+£0.8 49.8+1.8 | 48.74+3.7 44.5+3.5 | 68.7+2.4 63.7£2.8

ChartBERT 42.6+4.7 43.0+£1.6 | 55.7+£0.6 40.9+2.9 N.A. N.A. N.A. N.A.

UniChart 69.3+1.6 68.4+04 | 62.6+£0.6 62.340.1 N.A. N.A. N.A. N.A.

ChartGemma 69.1+£04 68.6+t1.4 | 63.3£0.3 63.94+0.3 N.A. N.A. N.A. N.A.
JustiLM 65.4+0.7 65.3+0.2 | 61.3£0.5 62.340.1 | 38.5+0.7 444404 | 69.7£1.1 72.1£0.5
RAV 67.5+04 67.6+0.2 | 61.8£1.2 60.3+1.5 | 45.841.1 42.5404 | 65.0+£1.7 61.9£2.6
MEVER w/o images | 66.3+0.6 68.5£0.6 | 61.6+1.8 61.94+0.7 | 45.4+0.7 46.24+0.4 | 67.5£29 70.3%+1.1
MEVER (ours) 71.6+0.7 71.6+0.4 | 64.3+0.6 64.1+0.3 | 48.3+2.1 49.7+1.2 | 76.0+0.7 77.7+0.1

multi-modal dataset with explanation. MR2 (Hu
et al., 2023) has images for claims and evidence,
but no explanations. Appendix E has more details.

Implementation. We set L to 12 and d to 768.
We initialize the model with scientific parameters
(Beltagy et al., 2019) for AIChartClaim and with
general parameters (Devlin et al., 2019) for oth-
ers. Each result is obtained by 3 independent runs.
Experiments are done on 4 NVIDIA A100 GPUs.
More details are in Appendix F.

5.1 Evidence Retrieval

Baselines. i) Text-only retrieval, BM25 (Robert-
son et al., 2009), RAV (Zheng et al., 2024), JustiLM
(Zeng and Gao, 2024). ii) Multi-modal retrieval,
MochegModel (Yao et al., 2023). Since our re-
triever is built on TransformerXH and ViT, we add
one multi-modal baseline, TransXH+ViT. We add
an ablation by removing images from our model.
Analysis. If the dataset has training-test split, we
follow its split. Otherwise, we split 80% for train-
ing, among which 10% for validation. We follow

Yao et al. (2023) and report MAP, Precision @k,
and Recall @k in Table 3 with k = 3. We further
vary £ in {1, 3,5, 7} in Appendix G.1. Multi-modal
retrieval outperforms text-only methods, since im-
ages bring useful information. Our model performs
better than them, since our multi-modal graph en-
coder uses a nested architecture to integrate multi-
modal data. The ablated model drops the result,
verifying that images provide useful information.

5.2 Claim Verification

Baselines. i) Text-only, KGAT (Liu et al., 2020),
CausalWalk (Zhang et al., 2024a), CORRECT
(Zhang and Lee, 2025), TransformerXH (Zhao
et al., 2020). ii) Multi-modal, MochegModel (Yao
et al., 2023), MR2Retrieved (Hu et al., 2023), CCN
(Abdelnabi et al., 2022), ESCNet (Zhang et al.,
2024b), ECENet (Zhang et al., 2023b), MultiKE-
GAT (Cao et al., 2024), GPT-40 (Achiam et al.,
2023). iii) Chart-based, ChartBERT (Akhtar et al.,
2023), UniChart (Masry et al., 2023), ChartGemma
(Masry et al., 2025). iv) Retrieval-augmented,
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Table 5: Explanation generation with ROUGE-L, METEOR, and BLEU-2 scores (%) with retrieved evidence setting.
See Appendix G.3 for results on gold evidence setting. MR2 dataset does not have explanations.

Model AlChartClaim ChartCheck Mocheg

ROUGE-L METEOR BLEU-2 | ROUGE-L METEOR BLEU-2 | ROUGE-L METEOR BLEU-2
JustiLM 21.7+£0.7 16.8+1.0 12.4+1.0 | 347+1.8 30.6£1.9 23.5+1.9 | 19.3+0.5 17.74£0.3 12.14+0.7
MochegModel 33.4+£1.0 257414 182+£1.5 | 39.6+£03 33.8404 24.5+0.5 | 18.7+0.4  18.7£0.3 14.84+0.1
ECENet 32.3+0.7 26.8+0.6 19.2+1.1 | 39.7£0.6  34.7£0.5 25.7£0.8 | 20.5£0.6 15.4+0.1 12.24+0.2
DePlot+FlanT5 335+1.1 258414 183+1.5 | 39.9+0.1 34.0+0.2 24.7+02 | 19.74£0.5 19.0£0.5 16.24+0.7
GPT-40 18.2+0.6  23.2£0.5 16.1+£03 | 17.7£04 27.4+0.2 16.2+0.3 | 18.2+1.6 18.8+1.8 10.9+0.8

UniChart 332402 259404 19.6£0.1 | 40.1£0.2 34.6£0.2 26.6+0.2 N.A. N.A. N.A.

ChartGemma 33.5+0.3  27.1+£0.2 20.4+0.1 | 40.1£0.1 35.7£0.2 26.4+0.1 N.A. N.A. N.A.
MEVER w/o images | 33.7+0.1  26.3+0.6 21.14+0.1 | 39.7+0.1  34.8403 25.5+0.5 | 22.9+0.1  19.0+0.1 15.1+0.1
MEVER (ours) 34.5+0.2 27.8+04 21.3+0.4 | 40.8+£0.1 36.2+0.2 27.2+0.4 | 23.4+0.3 20.0£0.3 16.3+0.3
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Figure 3: Model analysis on AIChartClaim and Mocheg datasets.

Claim: When RoBERTa and XLNet both have ten layers,
RoBERTa’s BLiIMP accuracy is lower than XLNet’s.
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Caption: BLiMP accuracy with different layers for three
language models.

l' Output

Predicted Verdict: Refute

Generated Explanation: The chart shows that when XLNet and
RoBERTa both have ten layers, RoBERTa’s BLiMP accuracy
(green line) is higher than XLNet’s (blue line), refuting the claim.

Figure 4: Case study on AIChartClaim dataset.

JustiLM (Zeng and Gao, 2024), RAV (Zheng et al.,
2024). We convert TransformerXH to its multi-
modal version, TransformerXH++. We add our
ablated model by removing images. For instruction-
tuned models, we use 5-shot setting. Since chart-
based models are specifically designed for charts,
we do not report their result on Mocheg and MR2.

Gold v.s. retrieved setting. For gold setting, we
have gold multi-modal evidence. For retrieved set-

ting, we first retrieve multi-modal evidence, which
is then used for verification. Since our retriever
achieves the best result, we use our retrieved evi-
dence for our model and all baselines for fairness.

Analysis. As in Wadden et al. (2022), we show
Macro F1 in Table 4. See Appendix G.2 for Micro
F1. Multi-modal baselines tend to outperform oth-
ers, showing the strength of images. However, all
of them model evidence-level fusion. Our model
is better than them, showing the strength of both
token- and evidence-level fusion. Though evidence
retrieval on Mocheg and MR2 is more difficult,
MEVER still outperforms baselines on retrieved
setting, showing that MEVER is not affected by the
difficulty of evidence retrieval. GPT-40 does not
perform well on AIChartClaim, since our dataset
creation inputs gold label to GPT-4o0 to generate
explanations, but the current verification does not
input gold labels, leading to inaccurate result.

See Table 7 for more results on AIChartClaim.

5.3 Explanation Generation

Baselines. i) Text-only, JustiLM (Zeng and Gao,
2024), a retrieval-augmented baseline. if) Multi-
modal, MochegModel (Yao et al., 2023), ECENet
(Zhang et al., 2023b), DePlot+FlanT5 (Akhtar et al.,
2024), GPT-40 (Achiam et al., 2023). iii) Chart-
based, UniChart (Masry et al., 2023), ChartGemma
(Masry et al., 2025). We add our ablated model.
Analysis. We follow Yao et al. (2023) and show
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ROUGE-L, METEOR, and BLEU-2 with retrieved
setting in Table 5. See Appendix G.3 for ROUGE-
1, ROUGE-2, BLEU-4, and VLM-as-a-Judge. Our
model outperforms baselines, since consistency
regularizer uses predicted label to regularize the
explanation towards accurate generation. GPT-40
does not perform well, because we use its predicted
labels in Sec. 5.2 as input to generate explanation to
keep consistent with our model. Its inaccurate pre-
dicted verdicts influence explanation generation.

5.4 Model Analysis

Cross-modal reasoning. We respectively remove
image-to-text and text-to-image reasoning from the
model in Fig. 3(a). The complete model performs
the best, showing the strength of both reasoning.
Removing text-to-image leads to the worst result,
since images do not contain enough information.

Token and evidence fusion. We remove each
fusion in Fig. 3(b). The complete model outper-
forms others, showing the strength of both fusions.
Removing evidence fusion hurts the result, since
claim embedding, though with evidence informa-
tion after claim-evidence interaction, still needs
evidence explicitly for accurate verification.

Multi-modal Fusion-in-Decoder (FiD). Fig.
3(c) shows that removing FiD hurts explanation
generation quality, since FiD aggregates multiple
evidence for generation, and disregarding it leads
to insufficient multi-evidence reasoning.

Consistency regularizer. Fig. 3(d) shows that
consistency regularizer controls the generation to-
wards the predicted label for consistent explanation,
thus improving explanation quality.

Case study. In Fig. 4, our model reasons over
text and image to correctly verify the claim, and
the explanation clearly justifies the prediction. This
visualization shows the effectiveness of our model.
For more case studies, our submitted code produces
predicted labels and explanations for all claims.

5.5 Analysis of the AIChartClaim Dataset

Chart type. We collect 300 charts in total and pro-
vide chart types in Table 6. Since line charts and
bar charts are the most commonly used charts in
academic papers to express scientific results and
discoveries, they are the top-2 chart types in the
dataset. Here “Bar with Number” indicates a bar
chart where authors also put numerical result on
top of each bar, same for “Line with Number”. We
differentiate them from bar and line charts, because

Table 6: AIChartClaim dataset statistics.

Chart Type Number of Charts

Line 203

Bar 61

Bar with Number 16
Line with Number 6
Line + Bar 5
Scatterplot 4
Scatterplot with Lines 3
Others (Pie and Heat Map) 2

Total 300

Table 7: Claim verification of our model MEVER on
test set of each chart type (%).

AlChartClaim
Chart Type Micro F1  Macro F1
Line 75.6 75.6
Bar 67.3 67.0
Bar with Number 56.3 56.3
Line with Number 75.0 75.3
Line + Bar 62.5 61.9
Others (Scatterplot, Pie, Heat Map) 55.6 55.6

usually models need to further recognize the numer-
ical value on the bar and line to verify the claims.
Analysis on each chart type. We further report
claim verification result of our model on each chart
type in Table 7. Overall, our model performs the
best on line charts, including “Line” and “Line with
Number”. One reason is that our dataset has the
most number of line charts, which contain more in-
formation than other chart types to train the model.
The performance on bar charts, including “Bar”,
“Bar with Number”, and “Line + Bar”, is also de-
cent. Our model does not perform well on other
chart types, potentially due to insufficient training
data. However, we emphasize that line charts and
bar charts are the most common charts in Al papers,
and it is quite difficult to obtain sufficient scatter-
plots, pie charts, and heat maps from Al papers.

6 Conclusion

We propose MEVER with evidence retrieval, claim
verification, and explanation. We create a scientific
dataset in Al domain. A future work is to explore
multi-modal knowledge graph for verification.
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Limitations

Here we identify two limitations in terms of evi-
dence type and our proposed AIChartClaim dataset.

Evidence type. Our model is proposed mainly
in the multi-modal setting where we assume both
texts and images are available. If images are absent
from the dataset and we have texts only, we may
need additional effort to obtain images, so that our
model can use both modalities for claim verifica-
tion. As suggested by Abdelnabi et al. (2022), one
potential solution is to search for relevant images
given evidence texts, such as collecting charts using
the captions or paper titles. Since our paper does
not study such cross-modal information search, we
leave it as a future work.

AIChartClaim dataset. i) Size. The size of
our created dataset is already comparable to other
scientific text-only datasets. The size of our dataset
is limited by two main factors. First, the num-
ber of Al papers with checkworthy claims and
clearly readable charts is limited. We have tried our
best to obtain appropriate Al papers. Second, the
dataset creation process requires domain experts
with scientific knowledge to check and analyze the
charts, thus the creation is quite effort-consuming
and knowledge-dependent. The number of domain
experts is also limited. We consider creating a
large-size dataset as a future work.

ii) Domain. We are Al researchers and mainly
focus on Al domain for now. Since there is not
an existing scientific dataset with multi-modal data
and explanation, our dataset is the first step to ad-
vance the research community. We are interested
in collecting datasets in other domains, such as
biomedicine, in the future.

iif) Verdict. Following existing chart datasets,
e.g., ChartCheck (Akhtar et al., 2024), our dataset
has two types of verdicts, SUPPORT and REFUTE.
Some other datasets have the third verdict, NEI for
Not Enough Info. Following Wang et al. (2023),
we can also introduce the third verdict by simply
replacing the gold evidence of claims with random
evidence. But for clarity and consistency purpose,
we do not introduce NEI verdict in our dataset.

Ethics Statement

We do not foresee any undesired implications stem-
ming from our work. Conversely, we hope that our
work can advance Al Ethics research.
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A Mathematical Notations

Here we provide a summary of main mathematical
notations used in the main paper in Table 8.

B Pseudo-Code of Training Process

We summarize the training process at Algorithms
1-2. We first optimize multi-modal evidence re-
triever by Algorithm 1. After convergence, we fix
the parameters of the retriever and use it to produce
retrieved evidence for claims. For claim verifica-
tion and explanation generation in Algorithm 2,
we jointly optimize both objectives using retrieved
evidence in Algorithm 1.

Algorithm 1 Multi-Modal Evidence Retrieval

Input: A claim verification dataset D with
claims C, evidence texts 7, and images Z.
Output: Retrieved evidence for test claims.

1: Initialize model with pre-trained parameters in
scientific domain or general domain.

2: while not converged do

3: Construct two-layer multi-modal graph for
each claim with text and images and each evi-
dence with text and images.

4: for evidence text ¢ and images ¢ € Z(t) do

Feature initialization by H{~" =

TRM(H"") and Z{'=" = ViT(Z{'"=") and
obtain token embeddings q!=v
sentence e.
6: for!=1,2,...,.L—1do
// Image-to-text reasoning
Image-to-text reasoning by Eq. 3.
Transformer step with multi-modal
multi-head attention Eq. 4
// Text-to-image reasoning

for evidence

9: Text-to-image reasoning by Eq. 5.

10: ViT step with multi-modal multi-
head attention Eq. 4.

11: end for

12: end for

13: Evidence embedding h;y = hELC)LS'

14: Repeat Lines 4—-12 and obtain claim em-
bedding h, = h'%), (.

15: Minimize loss function LRet in Eq. 7 with
Adam optimizer.

16: end while

Algorithm 2 Multi-Modal Claim Verification and
Explanation Generation

Input: A claim verification dataset D with
claims C, evidence texts 7, and images Z.

Output: Predicted veracity labels and
generated explanations for test claims.

1: Initialize model with pre-trained parameters in
scientific domain or general domain.

2: Use trained retriever in Algorithm 1 to output
retrieved evidence for claims.

3: while not converged do

4: Obtain claim and evidence embedding ma-
trices by multi-modal graph encoder Eq. 6.

5: for each claim c do

// Token-level fusion

6: Obtain unified claim and evidence em-
bedding matrices U, and U;, by Egs. 8-10.

7: Claim-evidence interaction and obtain
Uy, by Eq. 11.

8: U, = mean({Uy, .|ty € T(c)}) and

obtain claim embedding ¢ = u.cs.
// Evidence-level fusion

9: Obtain evidence embedding t by Eqgs.
12-13.
10: y = softmax( furp([c][t])).
// Explanation generation
11: Obtain concatenated Ec,tk by Eq. 15.
12: E.= mean(EQtl, . EQtK).
13: €= fLMDec(EC,t)~
// Consistency regularization
14: For each word e;, obtain logit .Z(e;).
15: Mean pooling by Eq. 17.
16: y. = softmax(fyrp(-%)).
17: end for
18: Minimize overall loss function Eq. 19.

19: end while
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Table 8: Summary of mathematical notations.

Notation | Description

D a claim verification dataset

C aset of N = |C| claims

T a corpus of T' = |T| evidence texts
T aset of I = |Z| images
&

Yy

)

a set of labels

aset of N = |C| explanations for N corresponding claims

hipLS evidence text ¢’s [CLS] token embedding at the I-th step
Zz('l()jLs evidence image i’s [CLS] token embedding at the [-th step
UcCLs unified multi-modal claim emebdding after token-level fusion, ¢ = u. crs

unified multi-modal evidence embedding after token-level fusion
predicted label probability distribution from the verification module

t
y
E. averaged multi-modal embedding matrix used to input to language model decoder for explanation generation
(ej]-) | V-dimensional logits from language model decoder when generating token e;

Ve predicted label probability distribution from the explanation module

C Complexity Analysis

Here we analyze parameter count and complexity,
and make a short comment on running time.

Computational Complexity. For evidence re-
trieval, we have O(L((W + 2)d? + (W + 2)%d +
d?)) where W is the context length for posi-
tional encodings. For claim verification, we have
O(W?|Z(t)|Kd) where |Z(t)| is the number of im-
ages each evidence text or claim text has, and K
is the number of retrieved evidence. For explana-
tion generation, we have O(W?2dLK). Overall,
the complexity is quadratic, which is a standard
complexity for many language models (Vaswani
et al., 2017; Devlin et al., 2019; Zhao et al., 2020;
Raffel et al., 2020; Radford et al., 2021).

Parameter Count. For evidence retrieval, we
have (12Ld* + Vd + Wd) + (12Ld* + P?C +
Wd) + (d? + 2d) parameters. L is number of lan-
guage modeling steps, d is the dimension of hidden
embeddings, V is the size of language model vo-
cabulary, W is the context length for positional
encodings, P is the size of each patch in ViT, and
C is the number of input channels. For claim veri-
fication, we have 8d? parameters. For explanation
generation, we have 28 Ld? 4V d+ W d parameters.

Short Comment on Running Time. The main
focus of our paper is on model effectiveness, not
running efficiency. But for completeness, we still
briefly report running time. On the largest dataset
MR2, our model takes around 1.5 hours to con-
verge. Experiments were conducted on 4 NVIDIA
A100 GPUs. One possible method to improve run-
ning efficiency is to replace language model with
LongFormer (Beltagy et al., 2020), which is effi-

cient and supports long texts. Another method is
to use distributed and parallel training on more and
larger GPUs. We leave the research of optimizing
running efficiency as a future work.

D Additional Discussion on Model
Architecture

In this section we provide more explanations of the
motivation behind model architecture to make the
paper clearer and more self-contained.

Motivation of the GNN Module. For GNN,
it supports variable number of neighbors for each
node, and the main function of GNN is to aggre-
gate neighboring nodes into a unified embedding.
In our scenario, a text is associated with variable
number of images. Although there are 5 or fewer
images for each text, GNN can effectively aggre-
gate images into a unified image embedding for
language and vision modeling. Our design is simi-
lar to GEAR (Zhou et al., 2019), which also uses
GNN to aggregate 5 or fewer evidence texts for fact-
checking. Both GEAR and our experiments verify
that GNN is an effective module for small-sized ev-
idence graph. Our evidence graph is a multi-modal
heterogeneous graph with both texts and images,
and we use different matrices to project text em-
beddings and image embeddings to the same em-
bedding space for GNN aggregation, please see Eq.
1 where we use Wiy and Wiy, for text and image,
respectively.

Explanation on the Size of Multi-Modal Evi-
dence Graph. Both our work and GEAR process
an evidence graph with 5 or fewer nodes, and both
papers show the effectiveness of applying GNN to
process such an evidence graph. The additional
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ablation study provided above also show that GNN
aggregator is more effective than mean and max
pooling aggregator. We would like to clarify that
the purpose of GNN does not lie in how many
neighbors a node has, but instead, the purpose lies
in neighboring node aggregation with variable num-
ber of neighbors. The widely used Cora citation
graph (Veli¢kovi¢ et al., 2018) in graph commu-
nity has 4 neighbors for each node on average, and
GNNs are effective at learning node embedding
on such a graph. Furthermore, as shown in Graph-
SAGE (Hamilton et al., 2017), the neighbor sam-
pling strategy can sample as few as 2 neighbors
for effective neighbor aggregation, and our work
also uses the same neighbor sampling strategy to
aggregate images of a text.

Motivation of Toekn-level and Evidence-level
Fusion. For token-level and evidence-level fusion,
the multi-modal graph encoder outputs embedding
matrices for claims and evidence separately, and
there is no interaction or reasoning between claim
and evidence. We aim to use token- and evidence-
level fusion to allow multi-modal claim and evi-
dence to interact and reason with each other for
claim verification.

Motivation of Multi-Modal Fusion-in-
Decoder. For multi-modal fusion-in-decoder, we
aim to aggregate multiple evidence texts with their
images for explanation generation. Multi-modal
fusion-in-decoder can effectively achieve this
goal by concatenating image embedding with its
corresponding evidence text embedding matrix,
and by taking mean pooling for multiple pieces
of evidence. The motivation of concatenation
with image embedding is that we can incorporate
image information into explanation generation.
The motivation of taking mean pooling is that we
effectively use the information of multiple evi-
dence for explanation generation. Concatenating
multiple evidence but not taking mean pooling
is also possible, but it results in extremely long
sequence, which is inefficient. Thus we choose
mean pooling.

Motivation of Consistency Regularizer. For
consistency regularizer, the motivation is similar
to the design in MochegModel. We aim to make
the generated explanation consistently reflect the
predicted veracity, so that the explanation can well
justify the reasoning process of how the model
predicts the veracity.

E Additional Dataset Details

Here we provide dataset creation details of our
introduced AIChartClaim, as well as data prepro-
cessing details of other three publicly available
datasets.

E.1 Details of AIChartClaim

Data source. For each paper, our annotators record
publication year, venue, title, and caption of the
chart. If the chart is not clearly readable, annota-
tors search for other papers with appropriate charts.
Some claims in the paper usually have a prefix, e.g.,
“Figure 1 shows that ...”. To make the claims self-
contained, our annotators remove this prefix and
retain the main scientific findings in the sentence.
Since the whole dataset is created by three different
annotators, we have the fourth annotator to double
check the whole dataset to make the creation con-
sistent across all the claims and evidence.

Data augmentation. To create negations for the
claims in the paper, we follow Wadden et al. (2020)
and ask annotators to write negation for the 300
claims, taking precautions not to bias the negation
by using obvious keywords, like “not”. We mainly
focus on the negation of semantic meaning of the
claims. The “claim-only” version of our model,
which removes both evidence texts and images for
verification, achieves around 53%, which is quite
close to 50%, suggesting that the negation process
does not introduce severe artifacts.

To further augment the dataset by prompting
GPT-40 for generation, for each chart with caption,
we use below prompt to generate two more claims,
one supported and one refuted by the chart:

Prompt for Claim Augmentation

Please provide two more claims based on the chart
and its caption that require multi-step reasoning, with
one supported by the information in the chart and the
other refuted by the information in the chart. The
new claims should be different from previous claims.
Meanwhile, please provide concise explanations in
less than 100 words.

After generation, our annotators manually check
and analyze the generated claims and explanations
to make sure they are indeed correct, high-quality,
and consistent with the charts. If there is any un-
clear or erroneous description, we either prompt
GPT-4o to generate more claims with explanations,
or manually correct the generated texts.

Explanation. We further generate explanations
for those natural claims (i.e., claims obtained from
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papers and their negations). For each chart with
caption, we use below prompt for generation:

Prompt for Explanation Generation

The caption of this chart is “[CAPTION]”. There is
a claim based on the chart “[CLAIM TEXT]”. Con-
cisely explain why this claim is [SUPPORTED / RE-
FUTEDY] by the chart in less than 100 words.

Here we replace [CAPTION] with the caption
of the input chart image, and [CLAIM TEXT] with
the claim text. We select either “SUPPORT” or
“REFUTE” based on the label of the claim. Again,
our annotators double check and analyze the gen-
erated explanation, and correct or regenerate it if
there is any unclear or wrong description.

We split the created dataset into train-
ing:development:test by 70:10:20. For each publi-
cation venue, we randomly select 70% claims for
training, 10% for validation, and 20% for testing.
The split is balanced, and there is no overlap be-
tween training charts and test charts.

Human Evaluation. To further evaluate the
quality of out dataset, we follow SciFact (Wadden
et al., 2020) and randomly select 100 claim-chart
pairs for re-annotation for three independent times.
For each time, we randomly select different 100
claim-chart pairs and ask a different PhD student
specializing in Al for re-annotation. These three
PhD students were never involved in dataset cre-
ation before. The label agreement is 0.72 Cohen’s
x (Wadden et al., 2020), which is a high agreement
and is similar to the result in SciFact.

Motivation of Proposing AIChartClaim
Dataset. We are motivated to create AIChartClaim
dataset for three main reasons. First, most exist-
ing multi-modal fact-checking datasets are in the
general domain. To our knowledge, our AIChart-
Claim dataset is the first scientific multi-modal fact-
checking dataset in Al domain. Thus our dataset
complements the research community. Second, un-
derstanding increases and decreases in quantities
in scientific charts with Al domain-specific lan-
guage is a crucial scientific reasoning ability for
language models, thus it is necessary to have this
scientific dataset. Third, we also make a compar-
ison to other related datasets in Table 1. Existing
scientific fact-checking datasets (SciFact, BearFact,
and Check-COVID) are based on texts only, with
no images. Existing multi-modal fact-checking
chart datasets (ChartCheck and ChartFC) are in
the general domain, and their content does not dis-

cuss scientific or more specifically, Al concepts.
Other multi-modal fact-checking datasets (Mocheg,
MR2, NewsCLIPpings, and FACTIFY) are general-
domain datasets. They are neither chart nor scien-
tific datasets. Such comparison shows that it is
necessary to have our dataset to complement the
research community.

E.2 Details of Other Datasets

ChartCheck' is a chart dataset in general domain
with chart images and textual captions as multi-
modal evidence. It also has explanations. Since the
chart images in the dataset are provided by URL
links, we accordingly download the charts using
the links and remove charts and associated claims
if the links are unavailable. In total, we have 1,615
charts with captions and 10,038 claims.

Mocheg? is a multi-modal dataset in general do-
main with explanations. We follow the instructions
in GitHub and download the dataset. However,
in their original paper (Yao et al., 2023), authors
respectively use three different preprocessing meth-
ods for evidence retrieval, claim verification, and
explanation generation, resulting in three different
variations or subsets of the original dataset. In our
model, we aim to keep consistent across different
tasks, thus we keep all the claims, evidence, and
images, and consistently use the same set of data
for all three tasks. This is why our results, espe-
cially explanation generation, are slightly different
from the results in the original paper, which uses
only half of the claims for explanation generation.
Finally, since some evidence texts do not have as-
sociated images, we use pre-trianed CLIP (Radford
et al., 2021) to align texts and images. For each
evidence text, we select top-3 most similar images
and associate them with the text.

MR2? is another multi-modal dataset in gen-
eral domain, but with no explanations. Both its
claims and evidence texts have associated images.
The downloaded dataset using the link in GitHub
is slightly different from the one reported in the
original paper in terms of dataset size (Hu et al.,
2023). We tried very hard but still cannot obtain
the same dataset. Thus, the results in our paper
also have some deviations from the results in their
original paper. The images of some evidence texts
are provided in the dataset, while the images of
other evidence texts are provided by a URL link.

1ht’cps: //github.com/mubasharaak/ChartCheck
Zhttps://github.com/VT-NLP/Mocheg
Shttps://github.com/THU-BPM/MR2

5252


https://github.com/mubasharaak/ChartCheck
https://github.com/VT-NLP/Mocheg
https://github.com/THU-BPM/MR2

Table 9: Result of evidence retrieval with Precision score (%).

Model AlChartClaim ChartCheck Mocheg MR2
Prec@1 Prec@5  Prec@7 | Prec@l1 Prec@5  Prec@7 | Prec@1 Prec@5  Prec@7 | Prec@1 Prec@5  Prec@7
BM25 43.3+0.0 10.84+0.0 8.3+0.0 | 359+0.0 9.440.0 6.9+0.0 | 39.6£0.0 14.84£0.0 11.4+0.0 | 22.940.0 13.5+£0.0 10.9+0.0
RAV 50.6+1.1 13.5+£0.1 9.9+0.1 | 53.6£0.2 13.840.1 10.3+£0.1 | 49.7+0.6 20.8+0.3 16.1+0.3 | 29.6+0.3 17.4+0.3 14.24+0.2
JustiLM 53.6+2.7 14.3+0.2 10.7+0.1 | 51.4+£0.7 13.6+0.0 10.1+£0.0 | 50.3+0.7 21.1£0.2 16.4+0.2 | 27.0£0.7 16.4+0.2 13.5+0.1
MochegModel 58.8+0.0 14.9+£0.0 11.0£0.0 | 51.6+0.1 13.3+0.0 9.9+0.0 | 41.8+0.0 11.6+0.0 8.8+0.0 | 29.5+£0.1 19.1+0.0 15.840.0
TransXH+ViT 533435 142405 10.6+0.2 | 53.2+£0.2 13.840.2 10.3+£0.1 | 51.1+£0.7 21.1£0.2 16.4+0.2 | 35.5+1.2 22.9+1.0 18.3+0.9
MEVER w/o images | 63.4+1.1 15.3£0.2 11.2+0.0 | 51.8+0.8 13.6+0.2 10.1£0.1 | 49.2+3.9 204+1.5 159+1.1 | 28.2+0.2 17.2+0.2 14.240.0
MEVER (ours) 65.7+£0.6 154+0.0 12.0+1.2 | 56.0+-0.4 14.4+0.1 10.7+0.1 | 53.1+0.8 22.0+0.2 17.0+0.2 | 37.6+0.6 24.1+0.6 19.3+0.1

Table 10: Result of evidence retrieval with Recall score (%).

Model AlChartClaim ChartCheck Mocheg MR2
Rec@1 Rec@5 Rec@7 Rec@1 Rec@5 Rec@7 Rec@1 Rec@5 Rec@7 | Rec@l  Rec@5 Rec@7
BM25 43.3+£0.0 542+0.0 57.9+0.0 | 35.9+0.0 46.9+0.0 48.54+0.0 | 17.940.0 30.8+0.0 32.9+0.0 | 3.8+0.0 10.6+0.0 11.9+0.0
RAV 50.6+1.1 67.4+0.6 69.4+1.0 | 53.6£0.2 69.2+0.5 72.0+0.3 | 22.8+0.4 43.0+0.7 46.44+0.8 | 5.0+0.1 13.840.3 15.7+0.4
JustiLM 53.6+2.7 71.5+£0.9 74.6+0.4 | 51.4+0.7 67.8+0.1 70.7+£0.2 | 23.4+£0.3 43.840.5 47.0+0.5 | 4.5+0.1 13.1+0.1 14.9£0.1
MochegModel 58.8+0.0 74.6+0.0 77.1£0.0 | 51.6+£0.1 66.7£0.0 69.1+£0.1 | 22.2+0.0 30.2+0.0 31.64+0.0 | 4.9+0.0 14.9+0.0 16.9£0.0
TransXH+ViT 53.3+3.5 71.0+2.7 74.0+1.5 | 532402 69.0+0.8 71.84+0.4 | 23.4+0.4 30.24+0.0 31.6+£0.0 | 5.6+£0.2 16.5+£0.6 18.4+0.8
MEVER w/o images | 63.4+1.1 76.5+0.9 78.2+0.2 | 51.8+0.8 67.8£0.9 70.5+0.9 | 22.6+1.7 42.34+2.1 45.64+3.2 | 4.840.0 13.7£0.0 15.7£0.1
MEVER (ours) 65.7+0.6 77.2+0.2 79.0+0.5 | 56.0+0.4 72.2+0.5 75.0+0.5 | 24.4+0.4 452404 48.7+0.4 | 5.9+0.1 17.3+0.3 19.2+0.4

We accordingly download the images based on the
link, and remove evidence text whose image link
is unavailable. In total, we have 13,785 claims,
91,347 evidence texts, and 105,132 images.

F Experiment Environment

All the experiments were conducted on Linux
server with 4 NVIDIA A100-SXM4-80GB GPUs.
Its operating system is 20.04.5 LTS (Focal Fossa).
We implemented our proposed model MEVER us-
ing Python 3.9 as programming language and Py-
Torch 2.4.1 as deep learning library. Other frame-
works include numpy 1.24.1, sklearn 1.3.2, and
transformers 4.46.0.

G Additional Experiment Results

Here we provide additional experiment results in
terms of multi-modal evidence retrieval, claim ver-
ification, and explanation generation.

G.1 Evidence Retrieval

In the main paper, we report results of MAP,
Precision@, and Recall@x (x = 3) for evidence
retrieval. Here we provide additional results of pre-
cision and recall scores when varying « in {1, 5, 7}
in Tables 9-10. Similarly, multi-modal baselines
tend to outperform text-only baselines, verifying
that images indeed bring useful information to im-
prove the retrieval performance. Our model further
outperforms multi-modal baselines, since we de-
sign a nested architecture to well integrate graph
reasoning and vision-language modeling, thereby
improving the result. The ablated version of our

model, which removes images, deteriorates the re-
trieval performance, which further demonstrates
that our model effectively incorporates images for
multi-modal retrieval.

G.2 Claim Verification

In the main paper we report claim verification re-
sults with Macro F1 score. Here we provide ad-
ditional results with Micro F1 score in Table ??.
Overall, multi-modal baseline models tend to out-
perform text-only baselines, since images provide
auxiliary information to boost the verification accu-
racy. Our model further produces higher accuracy,
since we model both token-level and evidence-level
fusion to well reason between multi-modal claims
and evidence, thereby achieving a more accurate
verification. Though GPT-40 is slightly better than
our model on the general-domain Mocheg dataset,
our model still produces better results on Macro F1
score and on other datasets.

G.3 Explanation Generation

We present ROUGE-L, METEOR, and BLEU-
2 scores with retrieved setting in the paper for
explanation generation. Here we further pro-
vide ROUGE-1, ROUGE-2, and BLEU-4 scores
with retrieved setting in Table 11. Similarly, we
show the results of explanation generation with
gold setting in Tables 12-13. Specifically, Ta-
ble 11 presents additional evaluation metrics, i.e.,
ROUGE-1, ROUGE-2, and BLEU-4, for expla-
nation generation with retrieved setting. Tables
12-13 show all six metrics of explanation gen-
eration with gold setting. Overall, we observe

5253



that multi-modal baselines generate explanations
more accurately than text-only baselines, since
images complement texts for high-quality gener-
ation. Our model also outperforms baselines in
most cases, showcasing the advantage of our multi-
modal Fusion-in-Decoder and consistency regular-
izer.

To comprehensively evaluate explanation gener-
ation, we further adopt VLM-as-a-Judge for evalu-
ation. Following existing works (Lee et al., 2024),
we input below prompt to LLaVA-v1.5-7B (Liu
et al., 2024c,b):

Prompt for VLM-as-a-Judge

USER: <image> You are an expert evaluator for
fact-checking explanations. Please evaluate the
quality of the following explanation, based on the
provided claim, evidence text, evidence image, and
predicted label. Your evaluation should consider the
following four factors:

1. Label-Explanation Consistency: Does the explana-
tion appropriately justify the predicted label?

2. Relevance: Is the explanation relevant to the claim,
evidence text, and evidence image?

3. Correctness: Is the explanation factually correct
based on the evidence text and evidence image?

4. Clarity: Is the explanation clear and easy to
understand?

For each factor, assign a score from 1 (poor) to 5
(excellent).

Claim: [CLAIM TEXT)]

Evidence Text: [EVIDENCE TEXT]

Predicted Label: [PREDICTED LABEL]
Explanation: [GENERATED EXPLANATION]

Please output your answer in the following format:
Label-Explanation Consistency: [SCORE]
Relevance: [SCORE]

Correctness: [SCORE]

Clarity: [SCORE]

ASSISTANT:

\. J

Table 14 shows the results. Overall, our model
outperforms baselines in most cases. Although
GPT-40 performs slightly better than our model
for Correctness and Clarity on Mocheg dataset, our
model still significantly produces better explana-
tion on other evaluation dimensions and datasets.
UniChart and ChartGemma are specifically de-
signed for chart data, thus we do not show their
result on Mocheg dataset.

G.4 Further Discussion on Three Evaluation
Tasks

We use three tasks with multiple metrics to evaluate
the performance of our model. There is no baseline

model that performs very well on all tasks and
metrics, while our model consistently performs
better than or at least comparably with the best
baseline on all tasks and metrics.

Specifically, for claim verification in Table 4,
ChartGemma and Transformer-XH++ perform well
on ChartCheck dataset, but on Mocheg and MR2
datasets Transformer-XH++ significantly deterio-
rates the performance (we conduct paired t-test
with p = 0.05), and ChartGemma is even not de-
signed for non-chart datasets. Similarly, GPT-40
and KGAT produce good result on Mocheg dataset,
but on other datasets they fall behind our model
with statistical significance (we conduct paired t-
test with p = 0.05). This indicates that our model
at least does not hurt the performance of any indi-
vidual task or metric, but can significantly outper-
form baselines on many other tasks and metrics.

Similarly, for explanation generation, Chart-
Gemma and ECENet produce good explanation
on ChartCheck, but the performance of ECENet on
Mocheg dataset is statistically significantly lower
than our model’s (again, ChartGemma is even not
proposed for non-chart dataset, Mocheg). De-
Plot+FlanT5 performs well on Mocheg dataset, but
on other datasets our model outperforms it with
statistical significance. These results again verify
that our model not only achieves better or compa-
rable results on baselines’ respective advantageous
datasets, but significantly improves them on many
other datasets, tasks, and metrics.

G.5 Failure Case and Error Type

We further examine the generated explanations of
both our model and baselines. Here we summarize
a main error type. Our model is built upon SciB-
ERT (Beltagy et al., 2019) and T5 (Raffel et al.,
2020), which can only capture limited length of ev-
idence texts and explanations. Thus, for extremely
long evidence texts and explanations that exceed
the maximum length of SciBERT and T35, the qual-
ity of explanation generation may be influenced.
Similarly, we observe the same performance drop
for baseline models, which also have difficulty cap-
turing extremely long sequence. One potential so-
lution is that we can replace our language model
with LongFormer (Beltagy et al., 2020), which can
capture extremely long texts and maintain a good
trade-off between model effectiveness and running
efficiency.
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Table 11: Explanation generation with ROUGE-1, ROUGE-2, and BLEU-4 scores (%) with retrieved evidence
setting.

Model AIChartClaim ChartCheck Mocheg

ROUGE-1 ROUGE-2 BLEU-4 | ROUGE-1 ROUGE-2 BLEU-4 | ROUGE-1 ROUGE-2 BLEU-4
JustiLM 26.8£0.9 11.5+0.6  5.6+0.5 | 41.1+£22  22.7+1.1 14441.1 | 25.1+03 11.3£04  8.2+0.6
MochegModel 415412  20.5+13  94+1.1 | 47.1£04  26.6+0.4 15.0+0.3 | 26.0+£0.1  11.0+0.5 10.7+0.1
ECENet 40.9+£0.6  20.5+0.8 10.6£0.5 | 46.9+0.3  26.0+0.2 15.1£0.2 | 2494+04 11.1+£0.5 8.1£0.2
DePlot+FlanT5 41.6+13  20.6+1.3 9.5+1.2 | 473+£0.2 2644+0.1 15.240.1 | 27.4+0.8 11.8403 9.9+04
GPT-40 24.1+0.6 184405 7.1£0.2 | 225+0.2 89406 12.7+0.2 | 30.3£1.7 99+1.7 4.5+0.8

UniChart 41.3+0.7 20.7+£0.9 10.7£0.7 | 47.7£0.3  26.5+03 15.7+0.1 N.A. N.A. N.A.

ChartGemma 41.9+0.2  21.3+0.3 11.0£0.1 | 48.0+£0.0 26.7+0.2 15.1£0.2 N.A. N.A. N.A.
MEVER w/o images | 41.9+0.2  21.6+04 11.7+0.1 | 47.5+0.0 26.5+04 15.840.2 | 28.0+£0.2  13.7+£0.1  9.1+0.1
MEVER (ours) 42.7+0.3  22.0+0.3 11.8+0.4 | 48.7+0.1 27.240.1 16.8+0.2 | 28.5+0.3 14.3+0.2 10.1+0.2

Table 12: Explanation generation with ROUGE-L, METEOR, and BLEU-2 scores (%) with gold evidence setting.

Model AlChartClaim ChartCheck Mocheg

ROUGE-L METEOR BLEU-2 | ROUGE-L METEOR BLEU-2 | ROUGE-L METEOR BLEU-2
JustiLM 25.6+£0.6  19.940.8 14.8+0.8 | 34.3+0.8 30.6+0.9 23.9+0.7 | 23.3+0.3  22.2+0.6 17.6+1.4
MochegModel 32.0£1.1 238413 17.6+£1.3 | 384+08 33.1£0.8 25.0+09 | 23.24+0.1 22.7+0.2 20.14+0.3
ECENet 33.1+£0.2  26.0+£0.1 19.1+£0.2 | 40.0+£0.3 342+0.2 257402 | 224402 21.3+04 14.6+0.2
DePlot+FlanT5 322409 24.0+1.1 17.6+£1.3 | 38.7+£0.8 33.1+£0.7 24.7+0.7 | 23.240.1  23.1+£0.1  20.6+0.2
GPT-40 18.7£04 234403 16.1£0.5 | 18.4+0.7 28.54+0.7 169+2.3 | 17.8+£0.7 18.8+0.8 11.7+04

UniChart 325409  25.6+0.5 19.1+£04 | 40.1+03 345+0.5 26.4+0.3 N.A. N.A. N.A.

ChartGemma 33.7+£0.2  26.7£0.1 19.7£0.3 | 40.0£0.2 34.7£0.1 25.7£0.2 N.A. N.A. N.A.
MEVER w/o images | 33.5+£0.1  26.2+0.1 20.6+0.1 | 39.840.2 354404 26.6+0.4 | 23.7+1.1 21.8£0.2 15.0£0.2
MEVER (ours) 344401 27.5+0.2 21.24+0.3 | 40.8+£0.1 35.9+0.2 27.1+£0.3 | 24.5+£0.9 22.24+0.9 16.6+0.2

Table 13: Explanation generation with ROUGE-1, ROUGE-2, and BLEU-4 scores (%) with gold evidence setting.

Model AlIChartClaim ChartCheck Mocheg

ROUGE-1 ROUGE-2 BLEU-4 | ROUGE-1 ROUGE-2 BLEU-4 | ROUGE-1 ROUGE-2 BLEU-4
JustiLM 31.4+£09 14.0+£0.6  7.0£04 | 40.0+£2.5 225402 14.440.5 | 30.7+0.8 15.8+£0.2 12.9+1.1
MochegModel 39.5+£14  193+1.1 89£1.0 | 453£1.0 254+£05 15.6+0.6 | 31.4£0.5 154+0.2 144402
ECENet 41.5+0.2  204+0.1 10.2+0.1 | 47.4+£03 264404 15.240.1 | 29.2+03  15240.1 12.440.1
DePlot+FlanT5 39.7+£1.2  194+1.1 89£1.0 | 454408 25.6+£0.6 154404 | 32.1+£0.2 15.5+0.1 14.7+0.1
GPT-40 25.5+£1.0 18.1+£0.8 6.8+£0.2 | 23.0£1.2  9.6+0.0  13.24+0.1 | 31.2+2.5 10.1+£0.5 4.7+0.1

UniChart 41.6+0.3  20.9+0.1 11.0£0.1 | 47.6+£0.2 26.5+0.1 15.640.1 N.A. N.A. N.A.

ChartGemma 42240.1  21.3+0.1 10.4+£0.1 | 48.0£0.1 26.6+0.1 16.6+0.0 N.A. N.A. N.A.
MEVER w/o images | 41.8+0.2  20.840.2 10.6+0.1 | 47.6+0.1 26.5+04 16.7+0.0 | 29.6+1.8 158+0.5 11.1£14
MEVER (ours) 429+0.1 21.9+0.1 11.6+£0.2 | 48.9+0.0 27.44+0.2 16.8+0.1 | 31.4+1.2 16.4+0.7 12.4+09

Table 14: Explanation generation with VLM-as-a-Judge.

Model AlChartClaim ChartCheck Mocheg

Consistency Relevance Correctness Clarity Consistency Relevance Correctness Clarity Consistency Relevance — Correctness Clarity
JustiLM 4.38+£0.05 4.454+0.04 4.18+£0.02 4.344+0.03 | 4.40+0.02 4.49+0.04 4.294+0.04 4.43+£0.02 | 4.01+0.02 4.13+0.02 3.61£0.01 3.86+0.02
MochegModel 4.41+0.04  4.514+0.03 4.2940.04 4.44+0.03 | 4.45+0.03 4.554+0.04 4.3240.02 4.45+0.04 | 4.094+0.01 4.2440.01 3.64+0.04 3.91+0.01
ECENet 4.4240.02  4.5240.02 4.2840.03 4.41+0.02 | 4.44+0.05 4.5440.04 4.30+0.03 4.44+0.04 | 4.094+0.01 4.23£0.01 3.64+0.02 3.90+0.01
DePlot+FlanT5 4.441+0.04 4.5240.04 4.28+0.02 4.42+0.02 | 4.43+0.01 4.534+0.01 4.294+0.04 4.42+0.02 | 4.09+0.01 4.23+0.01 3.63+0.03 3.89+0.01
GPT-40 4.2940.04 4.42+0.03 4.1940.03 4.214+0.00 | 4.28+0.02 4.474+0.02 4.20+0.01 4.23+0.02 | 4.10+£0.02 4.24+0.01 3.68+0.03 4.00+0.01

UniChart 4.56+0.00 4.65+0.01 4.474+0.01 4.57+0.01 | 4.39+0.01 4.504+0.01 4.24+0.00 4.39+0.01 N.A. N.A. N.A. N.A.

ChartGemma 4.60+£0.00 4.68+0.00 4.53+0.01 4.62+0.01 | 4.48+0.02 4.58+0.01 4.35+0.01 4.48+0.01 N.A. N.A. N.A. N.A.
MEVER w/o images | 4.61+0.01  4.6840.02 4.5440.02 4.62+0.01 | 4.414+0.02 4.5240.01 4.25+0.02 4.40+0.03 | 4.1240.01 4.19+£0.01 3.474+0.02 3.784+0.02
MEVER (ours) 4.64+0.03 4.72+0.02 4.60+0.02 4.67+0.03 | 4.48+0.01 4.59+0.01 4.35+0.01 4.51+0.01 | 4.14+0.01 4.25+0.01 3.66+0.01 3.97+0.02
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