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Abstract

We describe a multilingual, character-level hal-
lucination detection system for vision-language
models combining multi-layer hidden states,
text-to-vision LoRA transfer, multitask learn-
ing, and language-specific span emission.
Our submission achieved a validation Char-
acter AUPRC of 0.5530 and an average test
Cor/Cor+lbl of 0.5243/0.4174. A controlled
post-submission factorial analysis improved
validation Character AUPRC to 0.5595. Team
champ1 placed third in French, fourth in Italian
and Chinese, and fifth in English.

1 Introduction

Fine-grained hallucination detection requires iden-
tifying not only if a vision-language model (VLM)
response is unreliable, but also the specific charac-
ter spans and error types involved. The SHROOM-
Vision shared task (Vázquez et al., 2026) evalu-
ates this across four languages, making efficient
localization and cross-lingual generalization key
challenges. We employ hidden-state probes as a
computationally efficient alternative to autoregres-
sive prompting, investigating whether supervision
from the text-only Mu- SHROOM task can mitigate
the need for target-modality annotations by trans-
ferring the probe head, LoRA adapters (Hu et al.,
2021), or both. Our system integrates model and
representation selection, a multi-layer probe head,
text-to-vision adaptation, and language- specific
span emission.

Contributions. We (1) evaluate the transferabil-
ity of fine-grained hallucination probes from text
to vision; (2) quantify the resulting reduction in re-
quired vision-specific supervision; and (3) provide
a controlled factorial analysis of probe-head and
adapter initialization and training objectives.

1French for “mushroom.”

2 Related Work

Task setting. SHROOM-Vision (Mickus et al.,
2026) extends the SHROOM series to image-
conditioned text. Systems must assign a hallucina-
tion probability to every character and categorize
each span into one of five types: invention, mis-
characterisation, OCR error, miscounting, or other.
While modalities and categories are new, the task
retains Mu-SHROOM’s character-level soft labels
(Vázquez et al., 2025). This shared objective al-
lows us to test whether text-side supervision can
reduce the need for image-conditioned annotations
while the detector learns vision-specific features
and categories.

From verification at generation time to probing.
Early reference-free detectors trade efficiency for
reliability via web search (Varshney et al., 2023),
output agreement sampling (Manakul et al., 2023),
or atomic fact checking (Min et al., 2023). Only
the latter localizes errors, and all three incur high
inference costs. In contrast, internal-representation
probes decode signals directly from hidden states
(Alain and Bengio, 2018; Azaria and Mitchell,
2023) in a single forward pass, enabling efficient
fine-grained localization across languages (Alvi
et al., 2026). While CH-Wang et al. (2024) find
such probes effective in-domain, they note poor
transfer across tasks and domains, motivating our
controlled evaluation of text-to-vision transfer.

Detecting hallucinations in vision-language mod-
els. HalluShift (Dasgupta et al., 2025) and Hal-
luShift++ (Nath et al., 2025) use internal state fea-
tures for a trained classifier, a method adapted as
the official token-level baseline using a frozen eval-
uator LVLM (Mickus et al., 2026). Unlike ours, it
uses hand-designed feature summaries and learns
only from vision annotations. Similarly, HALP
(Kogilathota et al., 2026) and HalLoc (Park et al.,
2025) employ single-pass probing, with HalLoc
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adding a multitask head over a frozen backbone.
Conversely, Gunjal et al. (2024) jointly fine-tune
the head and InstructBLIP (Dai et al., 2023) back-
bone for sub-sentence prediction. ZINA (Wada
et al., 2026) uses prompting for span localization
and classification, requiring costly autoregressive
decoding. All these methods rely exclusively on
target-modality annotations.

Reusing text-side signal on vision. TruthProbe
(Choi et al., 2026) uses linear probes on attention
heads to derive Truth Scores that correlate strongly
between base LLMs and their multimodal descen-
dants, though it does not localize spans. Other
works explore shared representations, such as ap-
plying the logit lens (nostalgebraist, 2020) to VLM
images (Jiang et al., 2024) or identifying shared
hallucination subspaces across LVLMs (Duan et al.,
2025). Finally, text-to-image curricula have been
applied to safety, guiding image projection (Xu
et al., 2024) or inference-time correction (Liu et al.,
2025). Our work extends this logic of cross-modal
transfer to fine-grained hallucination localization.

3 System overview

We address fine-grained hallucination detection in
SHROOM-Vision (Mickus et al., 2026). Given an
image, a user prompt, and a VLM-generated re-
sponse, the system identifies hallucinated character
spans and assigns a hallucination category and con-
fidence to each span. The four evaluation languages
are English, French, Italian, and Chinese.

Our detector concatenates token representations
from Qwen 3.5 27B layers 8, 32, and 45 and passes
them through a two-hidden-layer multilayer percep-
tron (MLP; 256 units per layer, ReLU activations,
0.3 dropout) with separate scalar hallucination and
five-way category output heads. During training,
the probe head is jointly optimized with LoRA
adapters applied to the backbone, allowing those
representations to adapt to the detection task. Dur-
ing post-processing, token probabilities are aligned
to response characters, spans are emitted using a
language-specific emission-and-abstention policy,
and punctuation and whitespace are trimmed from
span boundaries.

Code and experiment tracking are available on
the project GitLab page. 2

2gitlab.lisn.upsaclay.fr/jara/champ

4 Data and preprocessing

We randomly partitioned the labeled SHROOM-
Vision data into 60% training, 20% internal de-
velopment, and 20% validation using seed 42. For
data-efficiency experiments, we reshuffled the train-
ing partition once with seed 42 to construct nested
subsets shared across all training-seed replicates.
All model, layer, architecture, checkpoint, and
emission-policy selection used all 3,020 examples
in the validation split. For final system fitting, we
combined the training and internal-development
partitions while keeping this validation split un-
touched. Mu-SHROOM (Vázquez et al., 2025)
was split 80/20 for text training and validation.

We used each model family’s native preprocess-
ing pipeline and, for computational efficiency, re-
sized images exceeding 1,003,520 pixels while pre-
serving their aspect ratio. The same configuration
was used for training, validation, and test infer-
ence. We defined a character or token as positive
when at least one annotator assigned it a non-zero
hallucination probability.

5 Detector

5.1 Model and layer selection

Figure 1: Best validation Character AUPRC for each
model, plotted against nominal total parameter count.
Diamonds distinguish mixture-of-experts models from
dense models.

We trained linear probes on hidden represen-
tations from ten approximately evenly spaced
decoder blocks of dense and mixture-of-experts
Gemma 4 (Team et al., 2026) and Qwen 3.5 (Qwen-
Team, 2026) models. We selected the backbone by
its best single-layer validation Character AUPRC.
Among dense models, this score generally in-
creased with model size, while the tested mixture-
of-experts models fell below this trend (Figure 1).
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Qwen 3.5 27B performed best at layer 45; we there-
fore dropped Gemma 4 and used Qwen 3.5 27B for
the remainder of the study. Within this backbone,
we retained the best early, middle, and late candi-
date layers (8, 32, and 45) for multi-layer probing3

5.2 Representations and prediction head

Figure 2: Validation Character AUPRC used to select
the probe architecture. Single-layer probes consume one
hidden-state layer, whereas multi-layer probes consume
three. Layerwise fusion projects each layer separately
before fusion; the deep MLP uses a larger shared net-
work after concatenation.

The detector used Qwen 3.5 27B hidden states
from layers 8, 32, and 45. Their concatenated rep-
resentations were passed through the deep shared
MLP selected in Figure 2, with two output heads.
(1) A scalar detection head predicted hallucina-
tion probability using a sigmoid and binary cross-
entropy loss. (2) A five-way category head pre-
dicted the hallucination type using a softmax and
conditional soft cross-entropy loss over halluci-
nated tokens. The category loss was weighted by
0.3. We fixed this weight based on a preliminary
sweep over {0, 0.1, 0.3, 1.0} and did not retune it
in the reported experiments. The training target
had six components: clean probability plus the five
hallucination-type probabilities.

The base-model weights remained frozen. We
applied rank-32 LoRA adapters to decoder blocks
0–45, since block 45 is the deepest representa-
tion consumed by the probe and later blocks can-
not affect its predictions. Within these blocks,
LoRA targeted the attention projections (q_proj,
k_proj, v_proj, and o_proj) and MLP projec-
tions (gate_proj, up_proj, and down_proj). The
adapters and probe head were jointly optimized
during final vision training. All final-system arms

3Detailed results for every tested model–layer pair appear
in Figure 6 of Appendix B.

used seed 42 and the same data ordering and opti-
mization budget.

5.3 Submitted curriculum and controlled
factorial

An earlier controlled binary study tested whether a
probe head, LoRA adapter, or both pretrained on
text-only Mu-SHROOM improved training on the
60% vision partition. It selected the Mu-SHROOM
head with a fresh adapter at 0.5461 validation Char-
acter AUPRC; this detector was not a submission
candidate.

The submitted system used a different curricu-
lum: a multitask head pretrained on Mu-SHROOM
was first fitted to vision, then paired with an in-
dependently Mu-SHROOM-pretrained adapter for
joint optimization on the combined 80% vision par-
tition. Thus, the head was already vision-fitted,
while the adapter supplied direct text initialization.

After submission, we brought together the fac-
tors studied separately in our binary-attribution and
submitted-system comparisons. The resulting con-
trolled 2× 2× 2 factorial varied head initialization
(text or vision), adapter initialization (text or fresh),
and objective (binary or multitask). All eight arms
were freshly trained with the submitted curriculum,
seed, and validation set.

Unlike the submitted vision-head, text-adapter,
multitask arm, the post-submission factorial se-
lected the text-head, fresh-adapter, multitask arm
by validation Character AUPRC (0.5595). Figure 3
gives the complete comparison.

Figure 3: Validation Character AUPRC in the controlled
final-fit factorial, grouped by probe-head and adapter
initialization and split by training objective. The star
marks the curriculum corresponding to the submitted
system; every bar represents a fresh post-submission
run.

The data-efficiency study carried forward the
text-head initialization selected by the controlled
transfer comparison. At each vision-training frac-
tion, it compared this initialization with a fresh
probe head while jointly training a fresh LoRA
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Table 1: Organizer-platform results on the held-out test set for the controlled final-fit factorial. Each detector used
an emission policy selected on validation. Cor+lbl is reported only for multitask probes, which predict hallucination
categories. Head and adapter initializations are text-pretrained (Text), vision-fitted (Vision), or fresh; objectives are
binary (Bin.) or multitask (Multi). Bold marks the best value in each column.

Head Adapter Obj. EN FR IT ZH

Cor+lbl Cor Cor+lbl Cor Cor+lbl Cor Cor+lbl Cor

Text Fresh Bin. – 0.5121 – 0.5358 – 0.5238 – 0.5402
Text Fresh Multi 0.3828 0.5018 0.4352 0.5319 0.418 0.5398 0.4713 0.5573
Text Text Bin. – 0.4936 – 0.5391 – 0.5345 – 0.5464
Text Text Multi 0.3747 0.4991 0.444 0.5401 0.4212 0.5254 0.4764 0.555
Vision Fresh Bin. – 0.4916 – 0.5199 – 0.5245 – 0.5457
Vision Fresh Multi 0.3762 0.4963 0.413 0.5213 0.4026 0.5318 0.4536 0.5438
Vision Text Bin. – 0.5017 – 0.5232 – 0.5291 – 0.5473
Vision Text Multi 0.373 0.4972 0.4112 0.5183 0.4201 0.5356 0.4603 0.5511

Figure 4: Three-seed mean validation Character
AUPRC as the vision-training fraction increases. Both
arms jointly train a fresh LoRA adapter and differ only
in whether the probe head is freshly initialized or initial-
ized from text pretraining; error bars show the sample
standard deviation across seeds.

adapter in both arms. Figure 4 shows a mean Char-
acter AUPRC benefit at every 1–5% fraction, but
no mean benefit from 10% onward. Thus, text-head
initialization acts mainly as a low-data prior under
joint adaptation.

The complementary frozen-backbone analysis,
which isolates head initialization over ten seeds, is
documented in Figure 5 of Appendix A.

6 Span emission

Token probabilities were aligned to response char-
acters. Per language, threshold τ formed con-
tiguous spans, while gate γ suppressed responses
whose maximum probability was too low. We se-
lected both by validation Cor with the detector
frozen, then trimmed span-edge whitespace and
punctuation. Table 2 reports the official platform
results on the organizer-held test set.

Lang. τ γ Cor Cor+lbl IoU

EN 0.28 0.44 0.4898 0.3721 0.4318
FR 0.20 0.40 0.5167 0.4095 0.4778
IT 0.28 0.44 0.5399 0.4213 0.4612
ZH 0.36 0.52 0.5506 0.4668 0.4892

Average – – 0.5243 0.4174 0.4650

Table 2: Selected emission policy and official held-out
results. Average is the unweighted mean across lan-
guages.

7 Submitted system performance

On the complete validation set, the submitted
detector reached Character AUROC/AUPRC
0.8464/0.5530 and Token AUROC/AUPRC
0.8656/0.5912. On the organizer-held test set,
the platform returned average Cor/Cor+lbl of
0.4487/0.3181 with the initial global threshold,
0.5139/0.4090 after language-specific emission
tuning, and 0.5243/0.4174 after edge trimming;
final average IoU was 0.4650. Validation Character
AUPRC selected one of four detector arms.
Keeping it fixed, we submitted these three variants
in sequence; edge trimming scored best on the
platform and became final.

8 Post-submission results

On complete validation, this post-submission
detector reached Character AUROC/AUPRC
0.8512/0.5595 and Token AUROC/AUPRC
0.8690/0.5981. Table 1 reports the organizers’
platform results on the held-out test set for all eight
arms.

9 Conclusion

We presented a multilingual character-level hallu-
cination detection system combining multi-layer
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hidden-state probing, text-to-vision transfer, multi-
task learning, and language-specific span emission.
Our results show that text-side initialization is most
useful under limited vision supervision, while the
post-submission factorial analysis suggests that the
submitted transfer configuration can be improved.
Future work should verify these findings across
seeds and model families.

Limitations

The earlier binary-transfer and submitted-system
comparisons differed in objective, so their win-
ners are not directly comparable. A matched post-
submission factorial addressed this discrepancy but
selected a different configuration from the submit-
ted system. Its single seed and small margins can-
not establish whether this ordering exceeds training
noise; most model, layer, and architecture compar-
isons likewise lack uncertainty estimates.
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A Head-only transfer

B Layer and model selection

Figure 5: Ten-seed validation Character AUPRC for
frozen fresh and text-pretrained probe heads as the
vision-training fraction increases. Shaded bands show
variation across seeds. Transfer helps through 10%
of the vision-training partition; its advantage becomes
slightly negative at larger fractions.
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Figure 6: Validation Character AUPRC and AUROC across candidate backbones and decoder-block outputs.
Selection used Character AUPRC; Qwen 3.5 27B at layer 45 achieved the highest value.
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