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Abstract

In scientific articles, figures often convey ex-
periments and observations, as well as physical
intuition, to the readers. Yet, surface metadata
alone can be insufficient to unpack how two sci-
entific objects relate to each other. We explore
this with AstroCLIMB, which infers relation-
ships between pairs of figures and metafigures
based on four classes: same figure, same paper,
related papers and unrelated papers. We design
a multimodal pairwise pipeline that consoli-
dates the textual visual semantic, and domain-
specific signal sources from object pairs. TF-
IDF and SBERT text and image-based text-
image feature pairings, combined with lexi-
cal overlap, entity, and instrument overlap, nu-
merical overlap, and interaction features con-
ditioned on methods, comprise the feature set
fed into a weighted ensemble of LightGBM,
XGBoost, and CatBoost trained with 313 en-
gineered features on five-fold stratified cross-
validation, optimizing for class-specific thresh-
olds to produce a Macro-F1 of 0.5016 on out-of-
fold data. Results show that yet stronger textual
and multimodal counterpart representations ex-
hibit complementary yet useful pairwise sig-
nals, although establishing related papers still
remains a significant challenge.

1 Introduction

Scientific publications are multimodal documents,
which include prose, figures, tables, and captions
that communicate significant information (Kashyap
et al., 2023). Figures communicate observations,
model results, measurements, and comparisons and
can be central to any scientific work.

Recently, there have been some work on sci-
entific figure captioning, figure extraction, multi-
modal scientific understanding, scientific informa-
tion retrieval, and citation prediction. AstroCLIMB
considers a different task: instead of generating
a caption, retrieving a document, or answering a
question on a single figure, it classifies the type

of relationship between a pair of scientific objects.
AstroCLIMB offers four symmetric relationship
types namely same figure, same paper, related pa-
pers, and unrelated papers, and attempts to recover,
in a limited fashion, the citation graph of astronomy
publications using figures and captions rather than
relying solely on standard metadata. The method
uses several visual textual semantic, and domain-
specific signals in a single feature-based classifica-
tion method.

It then generates pairwise features based on over-
lap in lexical units, TF-IDF and SBERT similarity,
CLIP-based text and image representations, over-
lap in astronomical entity and instrument concepts,
numerical similarity, length of objects, sentence-
based features, and modals. The trained classifica-
tion model is a weighted meta ensemble of Light-
GBM, XGBoost, and CatBoost classifiers, exploit-
ing 313 engineered features among the evidence
sources. The model is assessed by five-fold strat-
ified cross-validation, with an out-of-fold Macro-
F1 of 0.5016 after improvement of the decision-
thresholds for each class.

2 Related work

2.1 Scientific Figure Understanding

Figure captioning for scientific figures has demon-
strated that there is information in figures that
might not be captured in author captions. SciCap
established a large-scale benchmark for scientific
figure captioning and demonstrated both the po-
tential and the challenges of generating an infor-
mative scientific caption (Hsu et al., 2021). Sci-
Cap+ demonstrated that figure-mention paragraphs
and OCR information can be used for captioning,
and so the importance of surrounding text (Yang
et al., 2024). Summarization-based captioning in
the same way uses the paragraphs that mention
figures (Huang et al., 2023). Scientific figure cap-
tioning with large multimodal models was then
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explored and shown to be a challenging problem
(Hsu et al., 2026).

Another task that we will need is figure extrac-
tion from scientific documents. Figure extraction
is needed for caption generation. FigEx has inves-
tigated extraction and alignment of subfigures and
subcaptions (Song et al., 2025) while SciFig offers
large-scale data for scientific figure classification
and understanding (Anonymous, 2021). These are
related to AstroCLIMB as figure extraction and
multimodal understanding is required for relation
discovery, but in fact their main focus is on extrac-
tion, captioning, or classification of figures, rather
than predicting the relationship between two scien-
tific figures.

2.2 Scientific Multimodal Learning
Multimodal ArXiv offers scientific large-scale
image-text data and demonstrates how domain-
adaptive training can cause scientific understand-
ing, but there are still differences in capturing sub-
tle scientific semantics (Li et al., 2024). SciMMIR
benchmarks sci-multimodal scientific retrieval and
compare vision language models under the zero-
shot and fine-tuned settings (Wu et al., 2024).
SciVQA tests reasoning on scientific figures, the
results show that there is still room to improve on
visual reasoning tasks, as the current strong multi-
modal systems do not yet outperform humans on
this task (Borisova et al., 2025). The experiments
above emphasize the importance of representations
that are adapted to scientific content, rather than
solely relying on general web training of vision-
language models.

2.3 Scientific Similarity and Citation Analysis
SPECTER Learning document representations us-
ing citation information and handling tasks such as
citation prediction and classification (Cohan et al.,
2020). Scientific RepEval: a system for evaluating
representations of scientific documents over multi-
ple tasks (Singh et al., 2023). Multi-vector meth-
ods learn fine-grained document similarities and
aspect-based similarity learning directly from cita-
tion sections (Mysore et al., 2022; Ostendorff et al.,
2020). Citation recommendation methods use doc-
ument contents or citation context to recommend
relevant scientific papers (Bhagavatula et al., 2018;
Duma et al., 2016). These techniques demonstrate
the importance of scientific relations and domain-
specific knowledge. Yet, most of these methods
are based on text and never deal with classifying

relationships between scientific figures directly by
integrating both visual and text methods.

2.4 Vision-Language Models

Recently, a lot of state-of-the-art approaches have
been proposed that seamlessly connect visual and
textual ways. CLIP learns text and image repre-
sentations aligned with large scale image-text data
(Radford et al., 2021). SigLIP learns image and
text using a sigmoid loss for the image-text relation
(Zhai et al., 2023). BLIP-2 connects a frozen visual
encoder with a language model through a Querying
Transformer (Li et al., 2023), LLaVA combines a
vision encoder with a large language model to fol-
low instructions from visual input (Liu et al., 2023).
ColPali learns visual document representation and
late interaction for document retrieval (Faysse et al.,
2024). These approaches gave us some clues on
multimodal learning but ultimately AstroCLIMB is
task-specific, which is to classify the relation types
between astronomy figure-text pairs.

3 Methodology

The proposed system performs this multimodal re-
lationship classification of between pairs of astron-
omy figures and their respective captions. The
system flow is illustrated in Figure 1.

3.1 Extraction and Preprocessing

The data is a collection of astronomy figures sub-
panels captions, and text data from the NASA ADS
and AstroCLIMB collection (Grezes et al., 2026).
Textual data is stored as UTF-8 string and subject
to simple normalization as well as whitespace han-
dling before text feature extraction.

For each object, we obtain characters words sen-
tences, references to figures, tables, and equations.
Astronomy-specific features are obtained from cat-
alogue and object identifier regular-expression pat-
terns, which include NGC IC M, HD HIP Kepler,
Wasp, and other common catalogue and object iden-
tification conventions, and for instruments and sur-
veys, by matching text to a list of instrument and
survey names, including JWST, Hubble, Chandra,
ALMA, TESS, Gaia, and SDSS. Identifiers and
instrument names are normalized for consistent
matching. For each pair, we then extract shared
identifiers and shared instrument labels as well as
their Jaccard similarities, and the number of numer-
ical entries in common. These features work as ex-
plicit features for the presences of common objects

217



Figure 1: Implemented AstroCLIMB pipeline showing pairwise feature extraction, modality-aware interactions,
weighted ensemble classification using LightGBM, XGBoost, and CatBoost, and class-specific threshold optimiza-
tion.

and common observational instrumentation. We
also extract object-hash frequency features from
the available train and test pairs. For each pair,
we extract the minimum and maximum of the two
object-hash frequencies to provide an idea of the
frequency of the two objects being paired.

We augment the lexical features with pre-
trained semantic encoders. For text, SBERT
gives us 768-dimension text embeddings with
the all-mpnet-base-v2 checkpoint. For visual
and cross-modal encodings, we use CLIP with
the openai/clip-vit-base-patch16 checkpoint,
which gives us 512-dimension projected embed-
dings. The TF-IDF features encode the lexical sim-
ilarity, while the SBERT embeddings measure se-
mantic similarity. The TF-IDF vocabulary is fitted
on the concatenated train and test corpus without
the class labels.

Before CLIP text encoding each string is limited
to 350 characters. The CLIP text encoder defaults
to truncating the input to 77 tokens (including any
special tokens required by the encoder), due to the
context-length restriction of the encoder. As a re-
sult, information provided later in longer captions
may not be encoded by CLIP. Both CLIP encoders
are used in their original, pretrained state (i.e. with-
out fine-tuning on the AstroCLIMB dataset). In the

feature-extraction run reported here, CLIP text em-
beddings were computed for 14,581 text instances,
while CLIP image embeddings were computed for
14,598 images. All images were successfully de-
coded in this run.

For images, we use CLIP image features and
compare them with the paired object representa-
tions. This is image-image or cross-modality text-
image matching.

Lastly, we explicitly encode the modality (text
or image) of each object, which means that the
pairwise feature construction stage can identify
whether a pair is text-text, text-image, or image-
image and include this information when construct-
ing interaction features for the final classification.

3.2 Pairwise Feature Construction

For each pair of objects, the system generates a 313-
dimensional feature vector of combined textual,
semantic, visual, structural, and modality-aware
features. The set of features contains the TF-IDF
and SBERT similarities, CLIP-based text and im-
age features, lexical overlap, features specific to
astronomy, and the interactions of the compressed
embeddings, aiming to combine complementary
signals between the paired objects.

Object-level statistics object length, number of
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words, number of sentences; Structural markers
references to figure, table, and equation; Domain-
oriented features number of astronomical objects
and instruments in each object, and shared num-
ber of astronomical objects, shared astronomical
instruments, and shared numerical values between
the two objects.

Lexical overlap is measured with word-level Jac-
card similarity, word overlap count, character 3-
gram Jaccard similarity, and the fraction of com-
mon words compared to the shorter object. Entity,
instrument, and numerical overlaps are captured us-
ing both shared-count and Jaccard-based features.

The pipeline explicitly encodes whether each
object is an image and whether the pair is a mixed-
modality pair. These semantic similarities are com-
bined with modality indicators to create interaction
features: TF-IDF, SBERT, and CLIP similarities
are multiplied by indicators for each of the four
possible modality configurations (text-text, text-
image, image-text, image-image). The evaluated
dataset contains text-text, text-image, and image-
image pairs; no image-text pairs are present in
the evaluated instances. Additional difference fea-
tures, including SBERT minus TF-IDF, CLIP mi-
nus SBERT, and CLIP minus TF-IDF, are included
to capture disagreement between the different rep-
resentation spaces. The average and maximum text
similarity signals are included as aggregate seman-
tic features.

3.3 Ensemble Classification
The 313-dimensional pairwise feature vectors act
as input to an ensemble of LightGBM, XGBoost,
and CatBoost classifiers. A linear classifier is also
tested, but is assigned zero weight when forming
the ensemble. The training set includes 10,000
labeled instances sorted into four classes of rela-
tionship: 1,000 same-figure 3 000 same-paper 3
000 related-paper, and 3,000 unrelated-paper.

The optimal parameters used for the LightGBM
classifier are a gradient-boosted decision tree with
a learning rate of 0.03, 127 leaves, maximum depth
of 9, row subsample of 0.8, feature subsample of
0.7, and up to 3,500 estimators. For XGBoost the
parameters are a learning rate of 0.03, maximum
depth of 8, minimum child weight of 15, row sub-
sample of 0.8, feature subsample of 0.7, and up to
3,500 estimators. For CatBoost these are a learning
rate of 0.03, depth 7 3 500 maximum iterations,
and an L2 leaf reg regularization coefficient of 4.0.
Early stopping with a patience of 150 rounds is

Table 1: Macro-F1 scores of individual classifiers and
the weighted ensemble before and after threshold opti-
mization.

Model / Configuration Macro-F1

LightGBM (mean fold score) 0.48358
XGBoost (mean fold score) 0.49150
CatBoost (mean fold score) 0.47694
Linear classifier (mean fold score) 0.48082
Weighted ensemble (raw OOF) 0.48846
Weighted ensemble (threshold-optimized OOF) 0.50163

set for all three tree-based classifiers. Weights for
class imbalance are used in CatBoost, while sample
weights are applied for LightGBM and XGBoost.

For scoring, 5-fold stratified cross validation is
used to estimate out of fold performance with ran-
dom seed 42. The predictions of the three models
used contribute to the ensemble and are combined
with weights chosen from out of fold predictions.
Class specific decision multipliers are then multi-
plied into the ensemble scores to optimize about
Macro-F1. In Table 1 ,the final macro-F1 after
threshold improvement is presented as 0.50163 ver-
sus 0.48846 pre-tuning.

The final level evaluation is based on the out-of-
fold predictions from all 5 folds. This way, each
example in the train set has a prediction from a
model that did not see that example during training.

4 Experiments and Results

The updated system is evaluated using five-fold
stratified cross-validation on 10,000 labeled train-
ing instances. The dataset contains four relation-
ship classes: same figure (1,000 instances), same
paper (3,000 instances), related papers (3,000 in-
stances), and unrelated papers (3,000 instances).
Each fold evaluates the models on held-out in-
stances that are excluded from the corresponding
training phase.

Four classifiers are evaluated: LightGBM, XG-
Boost, CatBoost, and a linear classifier. Their out-
of-fold predictions are used to determine the ensem-
ble weights. The final ensemble assigns weights
of 0.2472 to LightGBM, 0.4927 to XGBoost, and
0.2601 to CatBoost. The linear classifier receives
zero weight in the final ensemble. Thus, the fi-
nal predictions combine the outputs of the three
contributing tree-based models.

The individual-classifier results show the model
level comparison when using the same feature
space. In Table 2, XGBoost scored the highest
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Table 2: Per-class performance of the threshold-
optimized ensemble on out-of-fold predictions.

Class Prec. Recall F1

Same Figure 0.4612 0.7310 0.5656
Same Paper 0.6123 0.4170 0.4961
Related Papers 0.4071 0.4153 0.4112
Unrelated Papers 0.5086 0.5613 0.5337

Macro Avg. 0.4973 0.5312 0.5016
Weighted Avg. 0.5045 0.4912 0.4888

mean five-fold validation Macro-F1 (0.49150), fol-
lowed by LightGBM (0.48358), the linear classifier
(0.48082), and CatBoost (0.47694). The weighted
ensemble resulted in an OOF Macro-F1 of 0.48846,
which increased to 0.50163 following class-specific
threshold tuning. This class-specific threshold im-
provement results helps spell out the effect of clas-
sifier choice and ensemble calibration; they do not
yet show the effects of the individual feature ways.

The experiments above report performance for
the ensemble with five-fold out-of-fold predictions.
The raw weighted ensemble obtains a Macro-F1
of 0.48846, rising to 0.50163 after class-specific
decision-multiplier tuning. These results provide
performance benchmarks for the specified system;
other than the projected TF-IDF-only and CLIP-
only baselines, we cannot compare majority-class
predictions under the same validation regime to
measure the additive contribution of the whole mul-
timodal feature set. For this reason we consider
these results an experimental validation of the spec-
ified pipeline and not as a controlled experiment
demonstrating the individual benefit of each modal-
ity.

Class-specific threshold tuning results before
class-specific decision thresholds tuning, the
ensembleout-of-fold Macro-F1 is 0.48846. When
using class-specific decision multipliers, the
threshold-optimized Macro-F1 is 0.50163. The
absolute gain is 0.01317. The results show that
class-specific decision thresholds improvement can
improve the class balance of the ensemble for the
four classes.

The threshold-optimized results show that the
same-figure class obtains the highest F1 score at
0.5656, followed by unrelated papers at 0.5337
and same paper at 0.4961. Related papers remain
challenging, with an F1 score of 0.4112. The same-
figure class has the highest recall (0.7310), whereas
the same-paper class has the highest precision
(0.6123). This illustrates the different precision-

recall trade-offs across the relationship categories.
The threshold-optimized classification report

gives an overall accuracy of 0.4912. The Macro-F1
score is 0.50163, while the weighted-average F1
score is 0.4888. Macro-F1 is used as the primary
metric because it gives equal importance to each
relationship class despite the difference in class
support.

The final submission contains 10,000 test pre-
dictions, with one predicted class assigned to each
instance. The predicted distribution is 1,309 same-
figure instances (13.09%), 1,657 same-paper in-
stances (16.57%), 3,474 related-paper instances
(34.74%), and 3,560 unrelated-paper instances
(35.60%). The submission file and the correspond-
ing soft predictions were generated by the final
pipeline.

In addition to cross-validation evaluation, the
proposed system was evaluated in the AstroCLIMB
Kaggle competition. At the time of recording the
leaderboard results, the submission ranked 10th
with a score of 0.48121. This competition result is
reported separately from the out-of-fold Macro-F1
scores because the two results arise from differ-
ent evaluation settings. The competition leader-
board is available at https://www.kaggle.com/
competitions/astroclimb/leaderboard.

5 Error Analysis and Discussion

Class-by-class results reveal that the four relation
classes display varying precision-recall behavior.
The same-figure class has the highest F1 of 0.5656,
but it also has a recall of 0.7310. This shows the
threshold-optimized model is capturing many same-
figure pairs, but with a precision of 0.4612, some
of the pixels predicted to belong to this class are
actually false positives.

The most precise class is the same-paper class
at 0.6123, but the class recall is low at 0.4170.
This shows that predictions made for this class are
relatively stringent, although we are assigning a
fair number of actual same-paper relations to other
classes. It may be more difficult to differentiate
same-paper versus other links without specific evi-
dence of shared source documents.

Related papers is also an ambiguous class with
an F1 score of 0.4112. Truly related papers can
mention similar scientific terms, astronomical ob-
jects instruments observations, and research goals
without being the same paper (or cited by the same
paper). Because of this, using lexical or seman-
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tic similarity on its own may not be sufficient to
tell related-paper relationships apart from same- or
unrelated-paper relationships.

F1 for the unrelated-papers class is 0.5337, with
precision 0.5086 and recall 0.5613. Of course, two
papers from different sources may still talk about
the same objects, instruments, measurements, and
scientific things. So high semantic similarity does
not mean that two objects must be related to each
other.

The final ensemble combines LightGBM, XG-
Boost, and CatBoost, with XGBoost receiving the
largest weight. By combining their predictions, the
system uses the complementary decision patterns
of the three classifiers. Class-specific decision mul-
tipliers further improve the out-of-fold Macro-F1
from 0.48846 to 0.50163. Yet, since these multipli-
ers are optimized using out-of-fold predictions, the
threshold-optimized score should be interpreted in
this improvement procedure, rather than as an in-
dependent estimate of generalization performance.

Overall, the findings indicate that integrating
lexical semantic visual, structural, and astronomy-
specific features can aid in multimodal relationship
classification. Yet, the observed differences in pre-
cision and recall across classes show that accurately
identifying the correct relationship involves more
than simply assessing similarity between paired
objects.

The system uses lexical, semantic, visual, struc-
tural, and astronomy-oriented features. These
groups of features complement each other though
we do not attempt to measure the impact of each
group of features in isolation by ’ablating’ fea-
tures in a controlled manner. As such, these results
should not be used so that each group of features
contributes to the improvements in Macro-F1.

Object length, number of words, and number
of sentences are cheap content-based indicators
that could signal whether an object has lots of text
and might this way help differentiate between text-
rich objects and short captions, images, or other
objects. But these statistics could also be a function
of object modality or formatting conventions, or
properties of dataset construction rather than the
relationship of interest. We can’t claim that they
encode the semantics of the relationship without a
rigorous experimental test.

6 Conclusion

This work investigates multimodal relationship
classification for astronomy figures and text using
the AstroCLIMB benchmark. The proposed sys-
tem combines lexical, semantic, visual, structural,
and domain-oriented pairwise features, including
TF-IDF and SBERT similarities, CLIP-based rep-
resentations, modality-aware interaction features,
astronomical entity and instrument overlap, numer-
ical overlap, and object-level statistics.

The final system uses 313 engineered features
and combines LightGBM, XGBoost, and CatBoost
predictions through a weighted ensemble. Un-
der five-fold stratified cross-validation, the ensem-
ble achieves an out-of-fold Macro-F1 of 0.48846
before class-specific threshold optimization and
0.50163 after optimization. The per-class results
show that same-figure relationships are identified
with the highest F1 score, while related-paper rela-
tionships remain more difficult to classify.

These findings demonstrate the potential of com-
bining complementary textual and multimodal sig-
nals for relationship classification. Future work can
investigate OCR-enhanced figure representations,
richer document structure, improved figure-caption
alignment, and end-to-end vision-language models
to better distinguish semantic similarity from direct
relationships between scientific objects.

7 Limitations

Our system has several limitations. First, distin-
guishing related-paper relationships remains chal-
lenging, with an F1 score of 0.4112 for this class.
Scientific papers from the same research area may
share terminology, astronomical entities, instru-
ments, observations, and semantic content even
when their relationship is indirect.

Second, visual information is primarily repre-
sented through pretrained CLIP embeddings rather
than explicit interpretation of plot components. The
current pipeline does not explicitly perform OCR
over axis labels, legends, tick values, or annota-
tions. Consequently, visually similar figures with
different numerical or textual content may remain
difficult to distinguish.

Third, the system relies on engineered pairwise
features and a weighted ensemble of LightGBM,
XGBoost, and CatBoost. Although this approach
combines several classifiers and different sources
of information, it may not capture all fine-grained
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relationships between figure structure and surround-
ing scientific text.

Finally, the reported threshold-optimized Macro-
F1 is calculated from out-of-fold predictions after
class-specific decision multipliers have been opti-
mized. This optimization may make the reported
score optimistic as an estimate of generalization
performance. Independent evaluation of the se-
lected thresholds would provide a more reliable
assessment. The pipeline also depends on the qual-
ity and completeness of the available textual and
visual data; missing, incomplete, or weakly infor-
mative captions can reduce the usefulness of lexical
and semantic features.

Future work can investigate OCR-enhanced vi-
sual representations, richer document structure, im-
proved figure-caption alignment, and end-to-end
vision-language fine-tuning.
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