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Abstract

We adapt Qwen3.5-4B to the AstroCLIMB
task, which asks whether two scientific fig-
ures or captions come from the same figure,
the same paper, citation-linked papers, or unre-
lated papers. For caption—image pairs, we first
adapt the model on 80,000 public pairs labeled
automatically from figure, paper, and citation
structure in the public corpus, then train on
gold data. Across three gold-training seeds that
share one public checkpoint, this initialization
improves caption—image development macro-
F1 by 0.067 on average over gold-only training
under matched gold schedules, although with
more total compute. Answer generation and
the reinforcement-learning variants we tested
do not beat the classifier. The combined system
of three modality-specific classifiers reaches a
pooled development macro-F1 of 0.756 and a
Kaggle leaderboard score of 0.751. Repeated
development selection and earlier project ex-
posure to competition materials confine these
findings to the evaluated setting, and we docu-
ment both.

1 Introduction

Much of the evidence in an astronomy paper lives
in its figures, yet figure content is hard to search: a
light curve or a density cross-section is indexed, if
at all, only through its caption. The AstroCLIMB
shared task (Grezes et al., 2026; WASP Organizers,
2026) benchmarks whether multimodal models can
recover relations between papers from figures and
captions alone. Given two objects, a system must
decide whether they come from the same figure, the
same paper, two papers connected by a citation in
either direction, or unrelated papers. Inputs come
in three forms: caption—image (CXI), image—image
(IXT), and caption—caption (CXC). The organizers
frame this as a multimodal benchmark rather than a
deployed citation-reconstruction tool, and we make
no deployment claim.

The task is harder than its four labels suggest. A
same-paper pair and a cited-paper pair can share a
topic, the same astronomical objects, and the same
plotting conventions, so surface similarity sepa-
rates neither from the other. At the same time, the
task offers an unusual resource. The public Astro-
CLIMB corpus records figure, paper, and citation
structure for tens of thousands of figures, so rela-
tion labels can be derived from the graph without
manual annotation. Our question is whether that
free supervision helps a compact vision—-language
model before it sees the gold training data.

We answer this with a system of three modality-
specific classifiers built on Qwen3.5-4B (Qwen
Team, 2026) with low-rank adaptation (LoRA; Hu
et al., 2021). Our contributions are:

* A public adaptation stage for the caption—
image condition whose labels come from the
public corpus graph, with content-matched ex-
clusion of gold and test papers, followed by
gold training. In a three-seed matched com-
parison it improves development macro-F1
by 0.067 on average over gold-only training
(Section 4).

* Per-class development results for every input
type, showing that related-paper pairs are the
weakest class throughout and that same-paper
versus related-paper confusion accounts for
half of all errors.

* Comparisons that bound the recipe: longer
public adaptation trades accuracy between
classes, and answer generation with super-
vised or reinforcement-learning objectives
does not surpass the classifier.

* An explicit account of prior project exposure
to competition materials and of the dataset’s
label noise (Section 5), together with public
source, prompts, and adapter weights.
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Input type Training Development
Caption—image (CXI) 2,230 794
Image—-image (IXI) 1,670 590
Caption—caption (CXC) 1,649 602
Total 5,549 1,986

Table 1: Gold partitions after leakage filtering.

Related work. Prior work has learned from scien-
tific figures and their captions for correspondence
(G6émez-Pérez and Ortega, 2019), aligned medi-
cal images with text (Subramanian et al., 2020),
generated captions for scientific figures (Hsu et al.,
2021), and pretrained multimodal scientific models
at scale (Tarsi et al., 2024). SPECTER learns docu-
ment representations from citation signals (Cohan
et al., 2020); we instead derive figure-level pair
labels from citation structure and use them to adapt
a generative vision—-language model.

2 Task and Data

Gold partitions. We inherit a gold split made
earlier in the project and do not rebuild it. The split
groups pairs by paper component, so pairs con-
nected through shared papers form one gold group,
and each group lies entirely in one of five folds.
‘We train on folds 2—4 and select models on fold 1,
the development set. Fold 0, with 2,001 pairs, was
exposed during earlier project work; we exclude it
from all fitting, selection, and evaluation, but it is
not an untouched test set. After the duplicate and
leakage checks in Appendix A, 5,549 training and
1,986 development pairs remain (Table 1).

Public supervision. We index all 114 shards of
the public adsabs/AstroCLIMB release (94,233
figures) and label caption—image pairs from its
recorded figure identity, paper identity, and cita-
tion edges. Because a paper can appear more than
once in the release, we connect public papers with
matching figure content or identifiers into groups,
which we use together for exclusion and for the pub-
lic train—validation split; pair labels use the original
paper identities (Appendix A). Before drawing any
pair we match public papers, by normalized cap-
tion and image hash, against every gold split and
against the test figures and captions, and we drop
every public component that matches. From the
21,258 figures eligible under the conditions in Ap-
pendix A, we draw 80,000 class-balanced training
pairs and 2,000 validation pairs from disjoint paper
components. Unrelated pairs mix random-paper

Only the CXI path receives public adaptation.
Each row starts independently from Qwen3.5-4B.
Public adaptation Gold training Classifier

Caption + 80,000 pairs " CXI
image (CXD) | 4,000 updates [7| 2220 P2 ™ acsifier

Image + 0 public adaptation . IXI
image (IXI) MU |y classifier

Caption+ "0 public adaptation . CXC
caption (CXC) 1,649 pairs > classifier

Figure 1: Training overview. One classifier per input
type, each trained independently from the same frozen
Qwen3.5-4B base (rank-16 LoRA adapters, four-class
head). Only the caption—-image (CXI) classifier receives
public adaptation (80,000 public pairs; gold and test
papers excluded) before gold training; IXI and CXC
train on gold data alone.

pairs, same-journal pairs, and two-hop pairs: pa-
pers joined through a common third paper in the
citation graph but with no citation edge between
them. The same matches also prune gold groups
that public papers connect to reserved gold, mean-
ing gold held out of both training and development,
including fold 0, or to test content. Test content
serves only for exclusion and never carries labels.
These labels are not manually verified (Section 5).
Appendix A gives the procedure and counts.

Selection and reporting. The task metric is four-
class macro-F1 computed from the pooled confu-
sion matrix over all development pairs. Because
IXTI and CXC contain no same-figure pairs, we
also report an active-class macro over the three
classes present; the four-class macro scores the
absent class as zero. Exploratory feasibility trials
(Appendix G) were screened on fixed subsets of the
gold training set declared before each trial, which
we call TRAIN monitors. Public validation pairs
never decided when adaptation stopped. All devel-
opment numbers here are selection results rather
than independent tests (Section 5).

3 System

Figure 1 shows the pipeline; the submission con-
catenates the three classifiers’ predictions.

Classifiers. Each classifier adds rank-16 LoRA
adapters and a four-class head to a frozen BF16
Qwen3.5-4B base, implemented with Transformers
(Wolf et al., 2020) and PEFT (Mangrulkar et al.,
2022). The adapters cover language-model MLP
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and attention projections, about 21.2M trainable
parameters; the vision tower stays frozen. The head
reads the final non-padding representation and is
trained with cross-entropy. No prompt contains
paper identifiers or retrieved labels, and for IXI and
CXC the same-figure logit is masked in training
and prediction. Appendix B lists adapter placement,
prompt handling, and hyperparameters.

Public adaptation for CXI. We adapt only the
CXI classifier on public data because CXI is the
cross-modal condition and the only one containing
all four labels, so it permits one controlled com-
parison of public initialization against gold-only
training without a masked class. The classifier
is first trained on the 80,000 public pairs with a
10,000-update warmup—cosine schedule, and the
checkpoint saved at update 4,000 is the parent from
which gold training starts. Public adaptation for
IXI and CXC was not evaluated in this compute-
limited study; its absence reflects scope, not a
demonstrated optimum.

Gold training and prediction. CXI gold train-
ing starts from the parent’s adapter and head with
a fresh optimizer; IXI and CXC start from the pris-
tine base. All three use the same three-epoch gold
schedule at seed 7, and we keep whichever end-
of-epoch checkpoint has the highest development
macro-F1. Each classifier predicts by argmax with-
out imposing test class counts. For IXI we aver-
age class probabilities over both image orders, a
choice fixed before evaluation; caption-order av-
eraging did not help CXC, which uses the origi-
nal order. The submission uses the development-
selected models directly, without refitting on all
labels. Inference runs at batch size one, because a
larger batch changed a few predictions in an earlier
model (Appendix C).

4 Results

Submitted system. Table 2 reports per-class de-
velopment F1 for the submitted classifiers; the
pooled four-class macro-F1 is 0.756. Same-figure
pairs, which occur only in CXI, are nearly solved.
Related-paper pairs are the weakest class in every
input type, and the pooled confusion matrix (Ap-
pendix D) shows that same-paper versus related-
paper confusions make up 281 of the 549 errors, or
51%. Frozen-feature baselines built before training
the IXI and CXC classifiers score lower: a blend
of a frozen SigLIP 2 (Tschannen et al., 2025) clas-

sifier and an OCR-topic model reaches an active-
class macro of 0.541 on IXI, against 0.678 for the
classifier, and logistic regression on frozen caption
embeddings (Zhang et al., 2025; Beijing Academy
of Artificial Intelligence, 2023; Xiao et al., 2023)
reaches 0.673 on CXC, against 0.728 (Appendix F).

On the Kaggle leaderboard the submission
scores 0.751, rank 2 among 17 ranked teams as
of 12 October 2026. The leaderboard page states
that it is calculated with all of the test data (Kaggle,
2026), and no separate private score is displayed,
so no withheld private Kaggle subset awaits evalua-
tion. Because entries were still being accepted, the
rank is a dated snapshot rather than an organizer-
confirmed final placement.

Matched gold-only controls. The central ques-
tion is whether public adaptation helps. Under
one CXI gold schedule, on one RTX 3090 run-
time, with gold seeds 7, 19, and 37, the public
arm starts gold training from the parent (the pub-
lic checkpoint at update 4,000) and the gold-only
arm from the pristine base. A fresh export of each
run reproduces its selected and final predictions ex-
actly. Public initialization improves every seed pair
(Table 3; Figure 2b), by 0.067 on average at the
development-selected checkpoint and 0.068 at the
final epoch, and within each seed both arms select
the same gold update. Several boundaries apply.
The three public-arm runs share one parent, so the
seeds vary only the gold stage. Total compute is not
matched, since the public arm adds its adaptation
to the same gold schedule. That parent was itself
chosen on this development set among three dura-
tions, a choice the gold-only arm lacked, and the
shared gold schedule was inherited from the public-
initialized recipe rather than retuned for gold-only
training, so the gain holds under this fixed schedule,
not over an optimized gold-only baseline.

Historical versus fresh runs. The submitted
CXI checkpoint, trained earlier on an L40S, scores
0.748, whereas the fresh seed 7 public arm on the
RTX 3090 scores 0.756 from identical parent files,
data hashes, and hyperparameters. Each run repro-
duces its own predictions exactly, so the gap lies
between separate optimizer runs. Without a con-
trolled cross-hardware test we cannot attribute it to
hardware rather than to software or runtime (Ap-
pendix C), so we compare fresh arms only within
one runtime, and the 0.008 gap shows that this
single-seed setup cannot establish differences of a
few thousandths as reliable improvements.
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Input SF SP REL UNR Macro (active) Macro (4) N
Caption—image 0.927 0.654 0.610 0.803 0.748 0.748 794
Image-image — 0.712 0.554 0.768 0.678 0.508 590
Caption—caption — 0.751 0.593 0.840 0.728 0.546 602
Pooled 0.927 0.708 0.586 0.804 0.756 0.756 1,986

Table 2: Per-class F1 of the submitted system on the development set (not training data). SF, SP, REL, and UNR
denote same figure, same paper, related papers, and unrelated papers. A dash marks a class absent from that input
type. Macro (active) averages over the classes present; Macro (4) averages over all four classes and scores an absent
class as zero. The pooled row is computed from the pooled confusion matrix over all 1,986 pairs and is not the

mean of the per-type macros.
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Figure 2: CXI development macro-F1 (794 pairs; zoomed axes). (a) Historical comparison of public adaptation
duration with the gold schedule fixed; the diamond marks the submitted model. (b) Fresh runs paired by gold
seed; public-initialized runs share one parent. Gold schedules match, total compute does not. Both panels use

development-selected checkpoints.

Gold seed Gold only  Public4k  Gain

7 0.689 0.756 +0.067
19 0.677 0.748 +0.071
37 0.682 0.746 +0.064
Mean (selected) +0.067
Mean (final epoch) +0.068

Table 3: Matched CXI controls on 794 development
pairs with epoch-boundary selection and one fixed pub-
lic parent. These are fresh runs on one runtime, distinct
from the submitted model.

Public adaptation duration. A historical single-
seed comparison fixes the gold schedule and varies
the number of public updates (Figure 2a). Mov-
ing from 2,000 to 4,000 updates raises CXI de-
velopment macro-F1 from 0.709 to 0.748, mainly
through the paper-relation classes, with 81 correc-
tions against 49 regressions on the same 794 pairs.
Doubling to 8,000 updates gives 0.743: same-paper
F1 falls by 0.049 while related and unrelated F1
rise, with 45 corrections and 47 regressions. This is
a redistribution across classes, not evidence of a ca-
pacity ceiling. At the pooled level the 8,000-update

branch is less than 0.001 below the selected system,
far less than the cross-runtime gap above, so we
retained the 4,000-update branch on its CXI score
alone. Appendix E gives the per-class changes and
group-resampling intervals for these fixed histori-
cal predictions.

Generative and reinforcement-learning alter-
natives. We also asked whether answer gener-
ation could beat the classification head. From
the classifier-adapted model, we taught canoni-
cal answer tags in a short supervised stage and
then applied Group Sequence Policy Optimization
(GSPO; Zheng et al., 2025a) with verifiable re-
wards. Neither the 32- nor the 512-update GSPO
model beats the classifier on the pooled devel-
opment set: GSPO at 512 updates scores 0.751,
above answer-supervised fine-tuning at 0.746 and
below the classifier at 0.756. Its corrections con-
centrate on related-paper cases, but without a su-
pervised control matched at 512 updates the gain
over answer-supervised training cannot be credited
to reinforcement learning. In our group-relative re-
ward setup, a prompt contributes a learning signal
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only when its sampled answers disagree in reward,
so we also tried selecting such mixed-outcome
prompts beforehand, as in dynamic sampling (Yu
et al., 2025); this raised the share of informative
rollout groups but left a fixed TRAIN monitor es-
sentially unchanged. OCR features added little.
Appendices F and G give these experiments in full.

5 Dataset and Exposure Limitations

What the development numbers mean. Every
development score here comes from a set consulted
repeatedly for selection across the project, and the
TRAIN monitors used for screening are training
pairs already used to fit the classifier from which
the screened models descend. Neither is an inde-
pendent test. The Kaggle score is computed on all
of the test data, but the earlier exposure described
below limits how independent even that score is.
All comparisons other than the three-seed matched
controls rest on a single seed.

Prior project exposure. Earlier work on this
project, predating the reported system, was ex-
posed to competition materials in two ways that
cannot be undone. First, a scoring-label file named
solution.csv, distributed in the competition bun-
dle, was inspected during earlier project work, and
an identifier-only exploration inferred labels from
the class-block ordering of pair identifiers. Second,
an earlier synthetic caption corpus of 966,646 pairs
overlapped 968 gold caption pairs and used journal-
sampling proportions estimated from all gold un-
related examples, including held-out gold. The re-
ported recipe starts from a pristine pretrained base,
a new public corpus with gold and test content ex-
cluded by component, and gold training data only;
every earlier fine-tuned model, feature set, and pre-
diction affected by that exposure is excluded. Pair
identifiers serve only to join records, never for pre-
diction, and no test-label supervision or forced test
class counts enter the system. We therefore do not
claim a clean, independent benchmark result.

Public label noise. The public labels derive from
an observed citation graph without manual verifica-
tion, so a missing edge can make a truly related pair
look unrelated, and the duplicate-identity mapping
used for exclusion is incomplete. Zero detected
overlap after filtering is not proof of independence.
All three matched public arms descend from one
parent, since we ran no independent public-stage
seeds, and exposure of the base model to the un-

derlying astronomy papers during pretraining is
unknown.

Reproducibility. We hash source, data, model,
and prediction artifacts, and we accept an export
only after a fresh inference run reproduces it ex-
actly. Source, prompts, configurations, and adapter
and head weights are public at https://github.
com/Sekinal/AstroCLIMB, which links the model
downloads. The packaged inference script verifies
the released files against a hash manifest before
running but has not been validated on a GPU, and
full retraining from the release has not been inde-
pendently verified.

6 Conclusion

Public initialization from graph-derived caption—
image labels improves a 4B vision—language classi-
fier over gold-only training across three gold-stage
seeds, with one public parent and extra compute. In
our single-seed sweep, extending public adaptation
from 4,000 to 8,000 updates traded performance
between classes; generative and reinforcement-
learning alternatives do not surpass classification,
and related-paper pairs remain the hardest class
in every input type. Future work includes public-
stage seed replication, a compute-matched gold-
only arm, public adaptation for the image—image
and caption—caption conditions, a long supervised
control for the 512-update GSPO run, and indepen-
dent evaluation and retraining from the release.
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A Public Supervision Construction

Matching and exclusion. The goal of match-
ing is to find every public figure that is also a
gold or test figure, so that public supervision never
reuses that content. We compare every public paper
against every gold split and against the test figures
and captions, using their content but not their labels.
Two figures match if their normalized captions are
equal, if their image bytes or decoded pixels hash
to the same value, or if their 256-bit perceptual
difference hashes differ in at most eight bits. Be-
cause one paper can appear more than once in the
public release, we first connect public papers into
groups, which we call components, whenever their
figures share an exact normalized caption, image
hash, or figure identifier, or have nearly matching
perceptual hashes. These components serve only
for exclusion and for splitting public papers be-
tween training and validation; pair labels use the
original paper identities. We then forbid every com-
ponent that contains a match. This forbids 7,500
public papers. A figure is eligible for pair sampling
only if it meets four conditions: it lies outside the
forbidden components, its paper has a nonempty
DO, its image-byte and difference hashes were
computed successfully, and its normalized caption
has at least 40 characters. Exclusion and these el-
igibility conditions together leave 21,258 eligible
figures out of the 94,233 indexed in the 114 shards
of adsabs/AstroCLIMB. Public training and vali-
dation pairs are drawn from disjoint paper compo-
nents.

Removing overlap between splits. The same
matches can link gold groups to content they must
not share. A gold object that matches a public paper
joins that paper’s component, so gold groups can be
linked indirectly through chains of public papers
and other groups. We therefore take connected
components of the combined graph of gold groups,
gold objects, and public components, and remove
whole gold groups by split (Figure 3):

* atraining group is removed if its component
contains any nontraining gold object (devel-
opment, fold 0, or other reserved gold) or any
test object;

* a development group is removed if its compo-
nent contains any reserved gold object (gold
outside both training and development, includ-
ing the exposed fold 0) or any test object;

* if a training and a development group share a
component with no other forbidden link, only
the training group is removed.

This removes 450 training and seven development
pairs, leaving 5,549 and 1,986, with no remaining
intersections under these checks. The identity map
behind the matches is incomplete, so zero detected
overlap is not proof of independence.

Pair sampling. Same-figure, same-paper, and re-
lated pairs are labeled directly from figure identity,
paper identity, and observed citation edges. Un-
related pairs are drawn from three sources: ran-
dom pairs of papers, pairs of papers from the same
journal, and two-hop pairs, meaning papers joined
through a common third paper in the citation graph
but with no citation edge between them. The same-
journal and two-hop sources are intended to supply
negatives that are closer in subject than random
pairs; we did not test whether they are harder or
whether they share a topic. The 80,000 training
pairs are class-balanced. The 2,000 validation pairs
only monitored training and never decided when
adaptation stopped.

B Training Details

Adapters. Each classifier adds rank-16 LoRA
adapters (alpha 32, effective scaling 2) and a four-
class head on the final non-padding representation
of a frozen BF16 Qwen3.5-4B base. The adapters
cover the language-model MLP projections in all
32 layers and the query, key, value, and output
projections in the eight full-attention layers, about
21.2M parameters; the vision tower and the linear-
attention projections stay frozen. Training mini-
mizes cross-entropy without adapter dropout.

Prompts. CXI prompts hold one image and one
caption, IXI prompts hold Figure A and Figure B,
and CXC prompts hold two separated captions.
Public captions are lowercased and whitespace-
normalized, gold captions retain their original case,
and both are truncated at 2,400 characters. Images
are decoded to RGB from verified original bytes
and capped at 262,144 pixels. No prompt contains
paper identifiers or retrieved labels. For IXI and
CXC the same-figure logit is masked in training
and prediction.

Public adaptation. The CXI public stage uses
batch size four with two gradient-accumulation
steps, so each update sees eight pairs. The adapter
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Illustrative example: find the connection, then act.

Lines join figures with the same content; A and B are two different figures.

Training pair Public paper Development pair
Step 1 same same
Find content : : : content : : :
matches. OO0 o0 0
other A A B B other
\ 4 A4 \
Excl hi li
Step 2 | Remove the whole Rl it jpibliie Keep the
Act on it training group paper from development group*
ctonit. adaptation

* Assuming no other forbidden connection.

Figure 3: Illustrative example. A training pair and a development pair can overlap indirectly through different
figures of one public paper: schematic tile A matches training to the paper, tile B the paper to development. The
whole training group is removed, the public paper is excluded from adaptation, and the development group is kept
only if no other forbidden link exists. Transitive checks and other removal rules are in the text.

and head learning rates are 10~ and 3 x 10™4, fol-
lowing a warmup—cosine schedule laid out over
10,000 updates. The submitted parent is the check-
point saved at update 4,000 of that schedule, after
32,000 pair presentations. We did not rerun a sched-
ule shortened to 4,000 updates, so the parent was
taken partway through the cosine decay.

Gold training. CXI gold training starts from the
parent’s adapter and head with a fresh optimizer;
IXT and CXC start from the pristine base. All three
use batch size one with eight accumulation steps,
three epochs, seed 7, and adapter and head learn-
ing rates of 3 x 107° and 10~%. With these set-
tings, three epochs amount to 837 updates for CXI,
627 for IXI, and 621 for CXC. We evaluate on
the development set at the end of each epoch and
keep the checkpoint with the highest development
macro-F1, choosing the earlier checkpoint on ties.
The submitted checkpoints are CXI at update 837,
IXI at update 627, and CXC at update 414. The
matched controls in Section 4 reuse this CXI sched-
ule with gold seeds 7, 19, and 37 (Figure 4). All
six runs complete 837 updates and are evaluated at
the epoch boundaries, updates 279, 558, and 837.
For seed 19 both arms select update 558; for seeds
7 and 37 both select update 837.

C Prediction and Reproducibility

Batch size. We run inference at batch size one,
the same batch size used in training, because batch-
ing changed predictions in an earlier model. That
model, trained from the 2,000-update public par-

ent to gold update 837, changed 11 of its 794 CXI
development predictions when scored at batch size
two, with a class probability moving by as much as
0.380 for one pair. We did not isolate the numerical
cause. Exporting at batch size one does not explain
the effect; it removes it from our pipeline so that
our exports replay exactly, which is not a general
guarantee of reproducibility.

Cross-runtime difference. Two runs with the
same recipe on different machines gave different
scores. The submitted CXI checkpoint was trained
on an NVIDIA L40S and scores 0.748 on the 794
development pairs. The fresh seed 7 public arm of
the matched controls was trained on an RTX 3090
from the same public parent files, the same data
hashes, and the same gold hyperparameters, and
scores 0.756; the two configurations differ only in
file paths and a wall-clock safety deadline. Both
runs complete 837 updates. For each run, a fresh in-
ference pass reproduces that run’s own predictions
exactly, which shows that each run is internally
consistent but does not show that training is re-
producible bit for bit across hardware. Different
floating-point kernels and reduction orders in BF16,
together with nondeterministic GPU execution, are
plausible mechanisms. We ran no controlled cross-
hardware test, so we cannot attribute the 0.008 gap
to hardware rather than to software or runtime, and
we do not claim that GPU type alone causes it.

Verification and release. We hash source, data,
model, and prediction artifacts, meaning the code,
inputs, weights, and prediction files on which an
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The three seeds vary only the gold stage; the public checkpoint is trained once.
Both arms start from the same pretrained base and run the same gold schedule on the same runtime.

(a) Gold-only arm

Pretrained base  Public adaptation Gold training

none Gold training:

seed 7

(b) Public-initialized arm

Pretrained base  Public adaptation Gold training

Gold training:
seed 7

Shared public

_| Gold training:
i’ seed 19

Qwen3.5-4B
(same base)

checkpoint
(trained once)

Gold training:

Qwen3.5-4B
(same base) seed 19

4

Gold training:
seed 37

4,000 updates

Gold training:
seed 37

Figure 4: Design of the three-seed matched control (Section 4, Table 3). Both arms start from the same pretrained
base and run the same CXI gold schedule on the same runtime with gold seeds 7, 19, and 37. (a) The gold-only arm
trains each seed directly from the base. (b) The public-initialized arm first trains one public adaptation checkpoint,
saved at update 4,000, and all three gold runs branch from that single checkpoint, so the seeds replicate only the
gold stage, not public adaptation. Gold schedule and runtime match across paired seeds; the public arm uses extra

adaptation compute. Arrows denote training progression.

export depends, and we accept an export of predic-
tions only after a fresh inference run reproduces
it exactly. Source, prompts, configurations, and
adapter and head weights are released. The pack-
aged inference script checks every released weight
and configuration file against a hash manifest be-
fore it runs, but we have not validated it on a GPU
from a clean install, and full retraining from the re-
lease has not been independently verified. Kaggle
displays the leaderboard score as 0.75149.

D Confusion Matrices and Examples

Figure 5 gives the development confusion matri-
ces of the submitted classifiers, with true classes
in rows and predicted classes in columns. These
describe repeatedly selected development results
and are not an independent evaluation.

Two caption—caption errors. To illustrate the
dominant confusion we selected, deterministically,
the development pair with the smallest identifier
in each direction of the same-paper versus related-
paper confusion for the caption—caption classifier.
We paraphrase the captions rather than quote them.
In the first pair, the gold label is same paper and
the classifier predicted related papers. One caption
describes a horizontal cross-section of the initial
density in a simulation; the other describes the
time-integrated Poynting flux through a boundary
in tuned and detuned simulations. The two cap-
tions concern different physical quantities from
the same study, which illustrates how judging a
same-paper relationship can be difficult when the
captions describe different measurements. In the

second pair, the gold label is related papers and
the classifier predicted same paper. One caption
discusses the radial structure, pressures, and lu-
minosity of a simulated accretion disk; the other
plots black-hole spin-up against spin and accre-
tion rate from general-relativistic magnetohydrody-
namic simulations. The captions share an accretion
theme and a simulation vocabulary, but a shared
theme does not establish a shared source paper.
These are descriptive selected errors; they do not
explain the model’s internal reasoning or confirm
that the gold labels are correct, and we draw no
claim about the underlying papers from them.

E Public Adaptation Duration

The duration comparison in Section 4 is a histor-
ical single-seed sweep on an L40S with the gold
schedule fixed. Development selection chose gold
update 837 for the 2,000- and 4,000-update parents
and update 279 for the 8,000-update parent. Per-
class CXI F1 changes from 2,000 to 4,000 public
updates are —0.005 for same figure, +0.052 for
same paper, +0.072 for related papers, and +0.041
for unrelated papers, with 81 corrections against 49
regressions on the same 794 pairs. From 4,000 to
8,000, same-paper F1 falls by 0.049 while related
and unrelated F1 rise by 0.018 and 0.011, with 45
corrections and 47 regressions. Both pooled scores
round to 0.756; the 8,000-update branch is lower
by less than 0.001.

To gauge how much these differences depend on
which development pairs happen to be present, we
resample the development set at the level of its 278
inherited gold groups. We draw the groups with re-
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(a) Caption-image (CXI), N = 794

(b) Image-image (IXI), N = 590

SF(n=194)E 31 2 | 2 SF(n=0) N/A N/A N/A N/A 100
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Figure 5: Development confusion matrices for (a) caption—image, (b) image—image, (c) caption—caption, and (d) all
pairs pooled. Rows are true classes with support n; columns are predicted classes. Color is the row-normalized share
of each true class; numbers are raw pair counts. Gray N/A marks the same-figure class, absent from IXI and CXC
and masked at prediction. SF, SP, REL, and UNR denote same figure, same paper, related papers, and unrelated
papers. The pooled panel sums counts rather than averaging them; the task metric is its four-class macro-F1.

placement 10,000 times, keep every model’s predic-
tions fixed, recompute CXI macro-F1 from each re-
sampled confusion matrix, and report the 2.5th and
97.5th percentiles of the difference between mod-
els. The resulting 95% intervals are [0.007,0.074]
for the 2,000-to-4,000 change, [—0.036, 0.023] for
the 4,000-to-8,000 change, and [—0.029, 0.002] for
GSPO-512 minus the classifier. These intervals
capture only the variation from resampling fixed
historical predictions. They do not account for
model selection, for training variation across runs,
for the pooled scores, or for the three-seed gain.
The inherited groups may miss dependencies be-
tween pairs, and an interval that spans zero does
not establish that two models are equivalent.

F Frozen-Feature Baselines, OCR, and
Auxiliary Transfer

Frozen-feature baselines. Before training the
IXI and CXC classifiers we built frozen-feature

baselines. For IXI, a 75/25 blend of a multilayer
perceptron on frozen SigL.IP 2 (Tschannen et al.,
2025) features and a logistic model on OCR-topic
features reaches an active-class macro-F1 of 0.541.
The IXI classifier reaches 0.655 with a single im-
age order and 0.678 with image-order averaging.
For CXC, logistic regression on frozen Qwen3-
Embedding-8B (Zhang et al., 2025) and BGE-base-
en-v1.5 (Beijing Academy of Artificial Intelligence,
2023; Xiao et al., 2023) caption features with TF-
IDF and lexical statistics reaches 0.673; the CXC
classifier reaches 0.728 in the original caption or-
der and 0.727 with caption-order averaging, so we
keep the original order.

OCR. OCR adds little. PP-OCRv6 (Zhang et al.,
2026) features alone score 0.441 on CXI, and OCR-
conditioned adaptation of the vision—language
model falls slightly below the pristine gold-only
model, although a fixed 50/50 combination lifts a
superseded whole-system baseline from 0.690 to
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0.695.

Frozen-feature IXI transfer. In a separate ex-
periment with a different architecture and training
procedure, public-to-gold transfer did not help a
frozen-feature IXI classifier, even in a matched-
duration follow-up. This negative result concerns
frozen features, not the adapted vision—language
model, and it did not determine the CXI-only scope
of public adaptation in Section 4; it says nothing
about whether adapting the IXI vision—language
classifier on public data would help.

G Generative Training and
Reinforcement Learning

Motivation. Visual-RFT and VLM-R1 (Liu et al.,
2025; Shen et al., 2025) motivated trying verifi-
able visual rewards, studies of coverage and rea-
soning under verifiable rewards (Yue et al., 2025;
Wen et al., 2025) motivated our sampled versus
single-answer evaluation, and DeepEyes (Zheng
et al., 2025b) motivated fixed-view inspection tri-
als, which were negative. None of these pipelines
was reproduced in full.

Answer supervision. The generative variants
predict by writing a short answer tag instead of
reading the classifier head. The classifier-adapted
model initially produced only 13 strictly valid an-
swer tags in 64 completions, so we first taught it
the canonical tags with supervised fine-tuning on
1,024 gold training pairs for 128 updates; we call
this stage answer-SFT. All generative models re-
ported below predict from the generated answer,
not from the classifier head.

GSPO. Group Sequence Policy Optimization
(Zheng et al., 2025a) is a reinforcement-learning
method that samples several answers for each
prompt, which we call a context, scores each an-
swer with a reward, and updates the model toward
answers that score better than the others sampled
for the same context. We apply it with TRL (von
Werra et al., 2020) using batch size 16, four sam-
pled completions per context, two uses of each
rollout, learning rate 10~%, rewards normalized
within each context’s group of samples, no penalty
for drifting from a reference model, and asymmet-
ric clipping bounds of 0.0003 and 0.0004 on the
sequence-level importance ratio. The reward is one
only for a correct canonical answer terminated by
the end-of-sequence token, and zero otherwise. On
the pooled development set with IXI and CXC held

fixed, the submitted classifier scores 0.756, answer-
SFT 0.746, GSPO after 32 updates 0.745, and
GSPO after 512 updates 0.751. Of the 512-update
model’s 26 corrections relative to answer-SFT, 25
are related-paper cases, and all 19 regressions lie
elsewhere. A short supervised control matches the
32-update GSPO run in parent, 64 TRAIN contexts,
32 updates, batch size, learning rate, and seed 7,
but not in tokens, FLOPs, or wall time, and scores
0.747. Without a supervised control matched at
512 updates, the gain of the 512-update model over
answer-SFT cannot be credited to reinforcement
learning. The 32- and 512-update runs also differ
in context pool, not only in update count.

Mixed-outcome selection. In our setup, when
every sampled answer for a context receives the
same reward, the group-relative advantage is zero
and that context contributes no learning signal. Dy-
namic sampling (Yu et al., 2025) exploits this by
discarding such contexts during training. We tested
an offline version of the idea on training data only.
We sampled eight answers per candidate context
and selected 16 contexts whose answers had mixed
outcomes, some correct and some not. As a con-
trol we selected 16 random contexts with the same
class distribution. Each set received 32 GSPO
updates with vLLM-assisted rollouts. Mixed se-
lection raised the number of informative groups,
those with nonzero advantage, from 14 to 24 of 32.
The fixed TRAIN monitor of 256 contexts barely
moved: 1,874 correct answers of 2,048, against
1,875 for the control. Neither trial met the prespeci-
fied screen of a two-percentage-point improvement.
This was an offline selection motivated by dynamic
sampling, not a full online implementation of that
method.

Backends. VvLLM (Kwon et al., 2023) generates
the training rollouts, but all reported evaluation
uses the native Transformers inference path, be-
cause the two backends do not produce identical
predictions. For scoring and for checks that a
reloaded checkpoint reproduces its predictions, we
match the batch shape and the BF16 autocast set-
ting.
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