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Abstract

We describe our submission to the SHROOM-
Visions 2026 English task, which requires de-
tecting hallucinated character spans in image-
conditioned responses, assigning confidence
scores, and classifying each span as invention,
mischaracterization, OCR error, miscounting,
or other. Our system combines ModernBERT-
large with frozen SigLIP2 patch features at
224×224 and 384×384 resolutions. A primary
cross-modal detector produces token-level pre-
dictions, while a high-resolution branch adds
bounded grounding and anchor-preserving
residual corrections. The system uses only
the official English training data and publicly
available pretrained backbones, without re-
trieval, generated captions, external OCR, or
additional labeled data. Post-hoc ablations
show that the anchor-preserving correction
provides the clearest incremental gain, while
mismatched-image supervision has negligible
development impact and histogram calibra-
tion is not beneficial. The submitted system
achieves 0.2942 COR and 0.2140 COR+LBL
on the public leaderboard. Our implementa-
tion is available here: https://github.com/
nhatkhangcs/Shroom-EMNLP-26.git.

1 Introduction

Multimodal large language models can generate
fluent responses containing objects, attributes, rela-
tions, text, or quantities unsupported by the input
image. Early work evaluated this behavior mainly
through hallucinated object mentions (Rohrbach
et al., 2018; Li et al., 2023), while later studies
considered finer-grained entity, attribute, relation,
and reasoning errors (Gunjal et al., 2024; Cai et al.,
2025). Because a response may be largely correct
while containing only a short unsupported phrase,
hallucination detection must localize the erroneous
text rather than assign a single response-level label.

MHALO studies token-level multimodal hal-
lucination detection (Cai et al., 2025), whereas

Mu-SHROOM formulates textual hallucination
detection as character-level span prediction with
soft annotator-derived probabilities (Vazquez et al.,
2025). SHROOM-Visions 2026 extends this setting
to image-conditioned generation: systems receive
an image, prompt, and generated response and
predict hallucinated character spans, confidence
scores, and one of five error classes (Vázquez et al.,
2026; Mickus et al., 2026).

Our output-only baseline captured textual hallu-
cination patterns but could not verify claims against
the image. Converting images into generated ev-
idence yielded only a small class-aware gain and
introduced parsing errors, motivating direct fusion
with visual patch features.

Our final system combines ModernBERT-large
(Warner et al., 2025) with frozen SigLIP2 features
(Tschannen et al., 2025). A primary 224 × 224
branch produces the initial predictions, while a
384× 384 branch supplies high-resolution token–
image information for bounded residual refinement.
Our main architectural contribution is an anchor-
preserving correction stage that can modify halluci-
nation and class logits without freely perturbing the
primary detector. We additionally report compo-
nent and loss-weight ablations to distinguish useful
refinements from components that did not produce
measurable development gains. The submitted sys-
tem achieves 0.2942 COR and 0.2140 COR+LBL

on the public leaderboard.

2 Related Work

Early visual hallucination benchmarks focused pri-
marily on unsupported object mentions. CHAIR
evaluates hallucinated objects in image captions
(Rohrbach et al., 2018), while POPE tests ob-
ject presence through binary questions (Li et al.,
2023). Later work considers finer-grained en-
tity, attribute, relation, and reasoning errors. M-
HalDetect provides fine-grained annotations for
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image-conditioned responses (Gunjal et al., 2024),
MHALO studies token-level multimodal hallucina-
tion detection (Cai et al., 2025), and Mu-SHROOM
formulates hallucination detection as character-
level span prediction with soft annotator-derived
probabilities (Vazquez et al., 2025).

Recent work has also investigated visual ground-
ing signals for localized hallucination detection.
VADE models patterns in a VLM’s internal visual-
attention maps for token-level prediction (Prab-
hakaran et al., 2025), while Nguyen et al. (2026)
analyze token-to-patch grounding across layers and
combine grounding statistics with hidden represen-
tations. Our approach differs in that the detector
does not read attention or hidden states from the
VLM that generated the response. Instead, Modern-
BERT response representations explicitly attend to
frozen SigLIP2 patch features, and a separate high-
resolution pathway contributes bounded residual
corrections to the supervised hallucination logits.
This separates response encoding from visual ev-
idence extraction and constrains later refinement
around an already trained detector.

3 Methodology

Our system maps an image, a prompt, and a gener-
ated response to hallucinated character spans, con-
fidence scores, and hallucination classes. As illus-
trated in Figure 1, ModernBERT-large encodes the
prompt and response, while two frozen SigLIP2
encoders represent the image at different resolu-
tions. The primary cross-modal branch predicts
token-level hallucination and class logits, auxiliary
span boundaries, and record-level hallucination
presence. A high-resolution branch produces two
bounded residual updates to the hallucination and
class logits. The resulting token probabilities are
fused with the record-level prediction, calibrated,
and decoded into character spans.

3.1 Data and Preprocessing

We use the official English training partition of
3,799 responses associated with 1,607 unique im-
ages. An image-grouped 85/15 split yields 3,228
training and 571 validation records with no im-
age overlap between partitions. Prompt and re-
sponse text are retained unchanged, response off-
sets are preserved for character-level projection,
and SigLIP2 patch features are cached before train-
ing. We use no retrieval, generated captions, exter-
nal OCR, or additional labeled data.

3.2 Input Encoding
The prompt and generated response are tokenized
as a sequence pair and encoded by ModernBERT-
large (Warner et al., 2025). The response is retained
as the second sequence so that its token offsets can
be mapped independently to the original response
string. The encoder produces contextual token rep-
resentations Htext = [h1, . . . ,hT ] ∈ RT×H with
a maximum sequence length of 2,048 tokens.

The image is processed independently by two
frozen SigLIP2 encoders (Tschannen et al., 2025).
The 224×224 encoder produces V224 ∈ R196×768,
while the 384 × 384 encoder produces V384 ∈
R576×768. Both sets of patch features are linearly
projected to the ModernBERT hidden dimension.

3.3 Dual-Resolution Cross-Modal Fusion
For each resolution r ∈ {224, 384}, the Mod-
ernBERT token representations serve as queries,
while the projected image patches serve as keys
and values in an eight-head cross-attention module
(Vaswani et al., 2017):

ari = MHA
(
hi, Ṽ

r, Ṽr
)
. (1)

We construct an explicit token–image interaction
representation as

zri = [hi;a
r
i ;hi ⊙ ari ; |hi − ari |] . (2)

The concatenation retains the textual and at-
tended visual representations, while the element-
wise product and absolute difference expose their
agreement and disagreement. The interaction is
projected as ẑri = GELU(Wr

fz
r
i + br

f ), with gate
gr
i = σ(Wr

gz
r
i + br

g). The fused representation is
given by

h̃r
i = LayerNorm (hi + gr

i ⊙ ẑri ) . (3)

The two branches use independent visual projec-
tions, cross-attention modules, and fusion gates.

3.4 Primary Prediction Heads
The fused 224× 224 representation h̃224

i is passed
to the primary prediction heads. For every re-
sponse token, the model predicts a hallucination
logit ℓh,basei and five class logits ℓc,basei . It also pre-
dicts auxiliary start and end boundary logits and
one record-level hallucination logit.

We use class-specialized heads instead of a
shared classifier. Invention and mischaracteriza-
tion use separate heads for object-existence and

716



Image
ModernBERT-

large
(Text Encoder)

SigLIP2
(224×224)

Linear
Projection Cross-Attention

(8 heads)

Fusion + Gating

Prediction Heads

Base hallucination, Class
logits

Auxiliary
Start/End Boundary Heads

Record-level Hallucination

SigLIP2
(384×384)

Linear
Projection

Cross-Attention
(8 heads)

High-Resolution
Token-Image
Interaction

Residual Heads

Correction Module Correction Heads

+

+
Sigmoid + Record

Fusion + Calibration

Decoding

Output

Prompt

Response

Fusion + Gating

Figure 1: Overview of the proposed system. ModernBERT representations attend independently to frozen SigLIP2
patch features at two resolutions. The primary branch predicts hallucination and class logits, auxiliary boundaries,
and record-level hallucination presence. The high-resolution interaction is processed by grounding and correction
modules that add bounded residuals to the token-level hallucination and class logits. The final predictions are fused
with the record-level score, calibrated, and decoded into character spans.

attribute–relation evidence. OCR and miscounting
share a visually oriented head, while other uses a
text-oriented head.

The boundary heads provide auxiliary supervi-
sion during training and are not modified by the
high-resolution residual branches. The record-level
prediction also bypasses the residual additions and
is fused with the final token-level probabilities dur-
ing calibration.

3.5 High-Resolution Residual Refinement
The fused 384 × 384 representation is combined
with the original ModernBERT state to form the
high-resolution interaction used by both residual
branches for refinement:

qi =
[
hi; h̃

384
i ;hi ⊙ h̃384

i ;
∣∣∣hi − h̃384

i

∣∣∣
]
. (4)

Grounding residual. A grounding adapter maps
qi to hallucination and class residuals δh,gi and δc,gi .
Their magnitudes are bounded by applying tanh
with scale ρg = 0.35. The output projections are
initialized at zero, so this branch initially preserves
the primary predictions.

To discourage reliance on response-only patterns,
the grounding adapter is trained with mismatched-
image negatives. For each response Rj , the cor-
responding image I+j is contrasted against a ran-
domly sampled image I−j :

Lwrong =
1

B

B∑

j=1

max
(
0, m− sθ(I

+
j , Rj)

+ sθ(I
−
j , Rj)

)
.

(5)

where m = 0.25 and sθ is the learned image-
response compatibility score.

Anchor-preserving correction. A second resid-
ual branch operates on the same high-resolution
interaction. It projects qi to a 256-dimensional
correction representation using layer normaliza-
tion, a linear layer, GELU activation, and dropout.
The correction heads predict hallucination and
class residuals δh,ri and δc,ri , bounded with scale
ρr = 0.50. Their output projections are also ini-
tialized at zero. The correction module contains
1,058,566 trainable parameters.

Only the token-level hallucination and class log-
its receive residual updates:

ℓhi = ℓh,basei + δh,gi + δh,ri ,

ℓci = ℓc,basei + δc,gi + δc,ri .
(6)

The auxiliary boundary and record-level predic-
tions remain those of the primary detector.

3.6 Soft Supervision and Optimization

For a response of C characters, we define a soft
hallucination target yh ∈ [0, 1]C , five class tar-
gets Yc ∈ [0, 1]C×5, and start/end targets Yb ∈
[0, 1]C×2. Each annotated span assigns its empiri-
cal probability to the covered characters and corre-
sponding class channel. Overlapping annotations
are summed and clipped to [0, 1], preserving their
combined evidence while maintaining valid soft
targets. A record-level target indicates whether any
hallucination is annotated.
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Character-level targets are projected to response
tokens using the maximum target value over the
characters covered by each token. Tokens outside
the response are excluded from token-level losses.
The primary detector uses a learning rate of 2 ×
10−5 and is selected at epoch 8. The grounding and
correction modules use a learning rate of 10−4 and
are selected at epoch 3.

Primary detector. The primary detector is
trained with soft hallucination, class, Dice, bound-
ary, and record-level objectives:

Lprimary = Lhall + 0.75Lclass + 0.25LDice

+ 0.15Lboundary + 0.35Lrecord.
(7)

As shown in Section 4.2, a simplified
hallucination-and-class objective performs better in
official-test ablation, indicating that the auxiliary-
loss weighting is not a robust optimum.

Grounding adapter. After training the primary
detector, its parameters are frozen. The ground-
ing adapter is optimized using token-level hallu-
cination and class supervision together with the
wrong-image objective in Equation 5.

Correction module. The primary and ground-
ing components are then frozen and treated as an
anchor. Let p̄i denote the anchor hallucination prob-
ability, pi the corrected probability, and yi the gold
soft target. The agreement weight is defined inline
as wi = max(0.05, 1−|p̄i−yi|). Tokens on which
the anchor agrees with the target are therefore pre-
served more strongly, while anchor errors retain
greater freedom to change.

The hallucination consistency loss is

Lh
anchor =

∑
iwi (pi − p̄i)

2

∑
iwi

. (8)

Records without annotated hallucinations re-
ceive three times the normal consistency weight.
An analogous class-consistency loss is computed
over gold hallucinated regions.

The correction module is trained with

Lcorrection = Lhall + 0.75Lclass + 0.25LDice

+ 100Lh
anchor + 20Lc

anchor.
(9)

The anchor coefficients were selected empiri-
cally. Official-test ablations in Section 4.2 show
that removing consistency degrades all three met-
rics, while increasing the coefficients beyond
100/20 provides no additional benefit.

System Cor Cor+Lbl

Output-only token tagger 0.2066 0.1155
Generated-evidence baseline 0.2026 0.1238
Dual-resolution residual detector 0.2942 0.2140

Table 1: Public leaderboard results for SHROOM-
Visions 2026 English.

3.7 Calibration and Span Decoding

The submitted decoder passes token-level hallu-
cination logits through a sigmoid and fuses them
with the record-level probability using weight 0.35.
The resulting scores use a 100-bin hallucination
calibrator, while each class uses an independent 25-
bin calibrator fitted on validation data. Section 4.2
shows that this calibration did not improve devel-
opment performance.

A response token is activated when its calibrated
hallucination probability exceeds 0.25. The global
class threshold is 0.30 with a class margin of 0.15.
The class-specific thresholds are 0.50 for invention
and other, and 0.30 for mischaracterization, OCR,
and miscounting. Token predictions are projected
to characters through the tokenizer offset map. Con-
tiguous characters assigned the same class form a
span, and spans separated by at most three non-
alphanumeric characters are merged. Final span
confidence is the mean hallucination probability
over its active characters.

4 Experimental Results

4.1 Official Results

COR measures correlation with empirical character-
level hallucination probabilities, while COR+LBL

additionally evaluates the assigned hallucination
classes. Table 1 shows that the final multimodal
detector substantially outperforms both early text-
based baselines. The submitted system reaches
0.2942 COR and 0.2140 COR+LBL on the public
leaderboard and obtains 0.3119 and 0.2570, respec-
tively, on the grouped development split.

4.2 Component and Sensitivity Analysis

Table 2 reports controlled ablations on the official
test set. The architectural sequence shows mod-
est but consistent gains from the additional visual
pathway: COR+LBL increases from 0.2115 for the
224× 224 detector to 0.2122 with high-resolution
grounding and 0.2140 after anchor-preserving cor-
rection. The corresponding COR scores increase
from 0.2906 to 0.2920 and 0.2942. Thus, the high-
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Variant Cor+Lbl Cor

Architecture
224× 224 only .2115 .2906
+384× 384 grounding .2122 .2920
+ anchor correction .2140 .2942

Anchor consistency
No consistency .2118 .2920
Reported 100/20 .2146 .2933
Strong 400/80 .2141 .2931

Primary objective
Hallucination + class .2234 .2839
Reported weights .2180 .2800

Table 2: Official-test ablations of the principal architec-
tural and loss choices.

resolution branch alone provides only a small gain,
while the correction stage gives the clearest incre-
mental architectural improvement.

Anchor-consistency ablations provide stronger
evidence for the correction mechanism. Remov-
ing consistency reduces COR+LBL from 0.2146
to 0.2118 and COR from 0.2933 to 0.2920. In-
creasing the anchor coefficients from the reported
100/20 to 400/80 gives no further improvement,
indicating that sufficiently strong anchoring is use-
ful but that larger coefficients are unnecessary. The
primary-loss ablation gives a different result. Train-
ing only with hallucination and class supervision
reaches 0.2234 COR+LBL and 0.2839 COR, com-
pared with 0.2180 and 0.2800 for the reported
auxiliary-loss weights.

5 Conclusion

We presented a dual-resolution detector for fine-
grained hallucination localization in SHROOM-
Visions 2026. The submitted system combines
ModernBERT response representations with frozen
SigLIP2 patches and bounded high-resolution resid-
ual refinement, obtaining 0.2942 COR and 0.2140
COR+LBL on the English leaderboard. Additional
ablations show that the components contribute
unequally. High-resolution grounding alone pro-
vides only a modest improvement, while anchor-
preserving correction gives the clearest architec-
tural gain and strong anchor consistency improves
class-aware correlation. Conversely, mismatched-
image supervision yields no measurable develop-
ment benefit and post-hoc experiments favor raw
sigmoid scores over the submitted calibration.

Limitations

The annotations identify hallucinated spans but not
the image regions that justify them, so cross-modal
attention should not be interpreted as explicit or
causal grounding. Frozen SigLIP2 features may
also remain limited for OCR, fine-grained count-
ing, small attributes, and spatial relations. The
mismatched-image objective shows no measurable
development benefit, and post-hoc experiments fa-
vor raw sigmoid scores over the submitted his-
togram calibration. We therefore do not attribute
performance gains to these components. Finally,
our experiments do not establish superiority over al-
ternative grounding-based detectors such as VADE
or Nguyen et al.; controlled comparisons across
common backbones and datasets remain in our fu-
ture work.
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A System’s Final Rank

Our submitted system, under the team name HAL-
LUCINAUTS, ranked 23rd among 28 leaderboard
entries according to the primary COR+LBL metric.
It achieved a COR+LBL score of 0.2140 and a COR

score of 0.2942.

Team Rank Cor+Lbl Cor

HALLUCINAUTS 23 0.2140 0.2942
Official baseline 27 0.1549 0.1549

Table 3: Final public leaderboard position of our sub-
mitted system. Rankings are ordered by COR+LBL.
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