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Abstract

Detecting hallucinations in Large Vision-
Language Models (LVLMs) requires both accu-
rate span localization and well-calibrated con-
fidence scores. Fine-tuned generative VLMs
excel at identifying hallucinated text spans but
suffer from overconfidence and high inference
latency. Discriminative sequence taggers offer
deterministic speed and superior calibration but
exhibit conservative span recall. We present
SpanCalib-VLM, a hybrid dual-system for
the SHROOM-Visions Shared Task that com-
bines a multimodal sequence tagger, consist-
ing of XLM-RoBERTa-Large fused with a
SigLIP vision encoder via cross-attention, with
our fine-tuned generative VLM (Qwen3.5-4B-
SHROOM-SFT). Through a Union-Calibrated
Fusion strategy, candidate spans from the gener-
ative model are re-scored with calibrated prob-
abilities from the sequence tagger. On the
SHROOM-Visions English validation split, our
ensemble achieves a Pearson calibration cor-
relation of 0.41 and an overall IoU of 0.39
(with a clean-response IoU of 0.91 and over-
all detection accuracy of 70.7%). On the of-
ficial blind test set, SpanCalib-VLM achieves
a Pearson correlation of 0.32 and an IoU of
0.25 on English, substantially outperforming
the shared task baseline (0.15 on both metrics)
and demonstrating consistent gains across all
four languages. We make our model weights
and code publicly available.

1 Introduction

Large Vision-Language Models (LVLMs) such
as GPT-4V, Qwen-VL (Bai et al., 2023), and
MiniCPM-V (Yao et al., 2024; Yu et al., 2025) have
made remarkable progress in visual question an-
swering and multimodal reasoning. However, they
regularly produce visual hallucinations, i.e. text
that misdescribes scenes, invents objects, or mis-
characterizes attributes (Li et al., 2023; Liu et al.,
2024).

The SHROOM-Visions shared task (Mickus
et al., 2024; Vazquez et al., 2025) targets fine-
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grained hallucination detection, requiring systems
to (i) identify character-level span boundaries
of hallucinated segments and (ii) provide well-
calibrated probability scores evaluated via Pearson
correlation.

Existing approaches fall into two paradigms.
Generative VLM fine-tuning trains autoregressive
models to output structured span annotations; these
achieve high span IoU but suffer from overcon-
fidence and high latency (up to 23 s per sample
with chain-of-thought). Discriminative sequence
tagging applies token-level classifiers that run in
a single forward pass with well-calibrated outputs,
but produce conservative span boundaries.

SpanCalib-VLM bridges this gap through four
contributions:

1. A multimodal sequence tagger combining
XLM-RoBERTa-Large with SigLIP vision fea-
tures via cross-attention, equipped with multi-
task heads for span detection, probability cali-
bration, and error categorization.

2. Union-Calibrated Fusion, an ensemble algo-
rithm that uses generative VLM spans as candi-
date proposals and re-calibrates them with the
tagger’s probability distribution.

3. Competitive results on SHROOM-Visions:
achieving Pearson 0.413 and IoU 0.391 on the
English validation split, and Pearson 0.3212
and IoU 0.2549 on the official blind test set,
outperforming the task baseline (0.1549).

4. Public release of model weights, code, and eval-
uation artifacts.'

2 Related Work

Hallucination in VLMs. Benchmarks such as
POPE (Li et al., 2023), CHAIR (Rohrbach et al.,
2018), and MME (Fu et al., 2025) evaluate hal-
lucination at the sentence or object level. The
SHROOM series (Mickus et al., 2024; Vazquez

lhttps ://github.com/Aman-bytel/
Hallucination-Detection-in-LVLMs
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et al., 2025) raises the bar by requiring token-level
span identification paired with probability calibra-
tion, a joint localization-and-uncertainty problem.

Calibration. Modern neural networks and pre-
trained language models exhibit severe miscalibra-
tion and overconfidence, particularly under domain
or distribution shift (Desai and Durrett, 2020; Ova-
dia et al., 2019; Guo et al., 2017; Kadavath et al.,
2022). Standard post-hoc calibration methods like
temperature scaling and Platt scaling adjust global
logit temperature but fail to capture fine-grained,
token-dependent span uncertainty. Rather than rely-
ing on uncalibrated autoregressive generation prob-
abilities, our approach equips the discriminative
tagger with a dedicated MSE regression head to
directly supervise token-level confidence against
continuous human consensus ratios.

Hybrid architectures. Dual-process cognitive
theory distinguishes fast, intuitive pattern recogni-
tion (System 1) from slow, deliberative reasoning
(System 2), a paradigm increasingly operational-
ized to combine complementary strengths in artifi-
cial intelligence (Booch et al., 2020; Li et al., 2025).
In sequence processing and multimodal detection,
generative VLMs excel at open-ended contextual
reasoning and span proposal generation (System 2),
but incur high computational latency and poor prob-
ability calibration. Conversely, discriminative se-
quence taggers evaluate representations in a single
deterministic forward pass (System 1), providing
low latency and well-calibrated token probabilities.
SpanCalib-VLM operationalizes this hybrid syn-
ergy by pairing a discriminative tagger for probabil-
ity calibration with a generative VLM for candidate
span proposal generation.

3 Methodology

In this section we elaborate on our approach. Fig-
ure 1 illustrates the overall architecture of our
SpanCalib-VLM system.

3.1 Task Formalization

Given an image I, prompt 7T, and LVLM
response 1, of length L, the gold stan-
dard provides character-level annotations G =
{(si,ei,ci,pi)}f\il where s;,¢e; € [0, L] are char-
acter offsets, ¢; is a hallucination category, and
pi € [0, 1] is a target probability representing hu-
man annotator consensus confidence. Systems
must predict matching character-level span bound-
aries paired with well-calibrated continuous proba-
bility scores.

3.2 System 1: Multimodal Sequence Tagger

Text encoder. We use XLM-RoBERTa-Large
(Conneau et al., 2020) (24 layers, d;, = 1024).
The input concatenates the prompt and response as
“Question: T}, \nResponse: )" and is tokenized to
a maximum of N = 512 tokens, yielding hidden
states Hiexe € RV X

Vision encoder & cross-attention fusion. Im-
age features are extracted with SigLIP*> (Zhai et al.,
2023), producing patch embeddings V' € R196x768
which are linearly projected into the text hidden
space (Vproj € R196xdn)  Cross-attention then
fuses visual context into language representations:

Hiysea = LayerNorm (H[exl + Softmax (%) U) (1)

Multi-task heads.
on each token h;:

Three parallel heads operate

1. Span classifier (Headgp,,): 2-layer MLP —
o(+), predicting binary hallucination probability
gi € [07 1]

2. Probability calibrator (Head yp): 2-layer
MLP — o(+), predicting continuous calibration
score p; € [0, 1].

3. Category classifier (Head.,): 2-layer MLP —
softmax(-), predicting error type among five
categories.

Training objective.
loss is:

The composite multi-task

L = Lace(9,y) + M Lwmse (D, p) + A2Lce(¢€, c)
2
with A1 = 1.0 and Ay = 0.5. The MSE term di-
rectly supervises probability calibration against an-
notator agreement scores p. The auxiliary classi-
fication loss Lcg acts as a multi-task regularizer,
forcing shared encoder representations to capture
fine-grained semantic category boundaries.

3.3 System 2: Generative VLM

We fine-tune Qwen3.5-4B (Yang et al., 2025; Qwen
Team, 2026) via supervised fine-tuning (SFT) on
SHROOM-Visions training data (Mickus et al.,
2026) to produce structured JSON spans. From
System 2’s output, candidate spans Sypm are con-
verted into a binary character mask Myym(k) €

(0,1}

2https ://hf.co/google/siglip-base-patchl6-224
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Figure 1: SpanCalib-VLM architecture. System 1 (discriminative tagger) produces calibrated token probabilities;
System 2 (generative VLM) proposes candidate spans. Union-Calibrated Fusion combines both into final predictions.

3.4 Union-Calibrated Fusion

Neither system alone optimizes both localization
and uncertainty estimation: System 2 provides high
span recall through deliberative generation but out-
puts uncalibrated scores, while System 1 provides
well-calibrated probabilities but conservative span
boundaries. Our fusion algorithm operates as fol-
lows:

1. Extract candidate span boundaries Syyy from
System 2.

2. Map System1’s token probabilities to a
character-level array Psc (k) via subtoken offset
alignment across the full response sequence.

3. Compute the probability-guided ensemble
score:

Pens(k) = w1 - Psc(k) + wa - Myim(k) (3)

with w; = 0.55, wy = 0.45. The weights
wy and wg were selected via hyperparameter
grid search on the validation set: assigning
slightly higher weight to System 1 (w; =0.55)
anchors score magnitudes to its superior cal-
ibration baseline (Pearson 0.369 vs. 0.285),
while wy =0.45 allows System 2’s binary mask
Mvyim(k) € {0, 1} to act as a spatial proposal
weight for candidate span positions.

4 Experimental Setup

Data. We fine-tune models on 13,594 training
samples from a multilingual dataset(with 1,508
held out for validation) in EN, FR, IT, and ZH
(cf. Table 9), evaluating main baselines on the En-
glish validation split and cross-lingual performance

across all four languages on validation (cf. Table 8)
and test sets (cf. Table 4).

Training. SpanCalib-VLM is trained for
5 epochs on NVIDIA A40 GPUs with AdamW
(n = 1.5x107°), linear warmup (10%), batch
size 16, and max sequence length 512. Table 1
summarizes key hyperparameters.

Training Dynamics Table 10 tracks validation
metrics across epochs. Pearson correlation peaks at
epoch 2 (0.3688); subsequent epochs exhibit over-
fitting, with training loss continuing to fall while
validation loss rises. The best-checkpoint strategy
based on validation Pearson successfully preserves
the optimal state.

Table 1: Training configuration.

Parameter Value

Text backbone xlm-roberta-large (355 M)
Vision encoder  siglip-base-patchl6-224 (86 M)
Optimizer AdamW (81 =0.9, $2=0.999)
Learning rate 1.5 x 1075

LR schedule Linear decay + 10% warmup
Weight decay 0.01

Batch size 16

Epochs 5 (best at epoch 2)

512 tokens
A1=1.0,2=0.5

Max seq. length
Loss weights

5 Results
5.1 Main Results

Table 3 compares standalone baselines and our full
system on the English validation split (/N = 379),
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Table 2: Training configuration for Qwen3.5-4B (Gen-
erative VLM).

Parameter Value

Base model Owen3.5-4B (4.4B)

Finetuning method LoRA (r = 16, a = 16, all-linear)
Precision BF16

Optimizer 8-bit AdamW

Learning rate 2.0x 107

LR schedule Linear decay + 5% warmup

Batch size 8 (batch 2 x 4 grad accum)
Epochs 3

2048 tokens
Im_head, embed_tokens

Max seq. length
Modules saved

which served as the development set for checkpoint
selection, fusion weights, and decision thresholds.
On this split, SpanCalib-VLM achieves a Pearson
correlation of 0.413 and an overall IoU of 0.391,
with a clean-response IoU of 0.913 and detection
accuracy of 70.7%. We emphasize that these head-
line figures reflect validation performance under
tuned hyperparameters; on the official blind test
set (Table 4), performance is 0.3212 Pearson and
0.2549 IoU. While this drop from validation (partic-
ularly in IoU, 0.391 — 0.2549) highlights the chal-
lenge of generalizing thresholded span boundaries
to unseen test distributions with annotator variabil-
ity, SpanCalib-VLM still achieves a +64.5% rela-
tive improvement in IoU and more than doubles the
Pearson correlation over the task baseline (0.1549).

Several patterns emerge. First, discriminative
taggers consistently outperform generative VLMs
on Pearson calibration (SpanCalib 0.369 vs. Qwen
0.285), confirming that the MSE calibration head
learns better-calibrated probabilities than autore-
gressive decoding. Second, the generative VLM
achieves higher hallucinated-sample IoU (0.182 vs.
0.155), reflecting its superior span recall through
deliberative reasoning. Third, the ensemble ex-
ploits both strengths: Qwen’s span proposals raise
IoU while SpanCalib’s probabilities improve cali-
bration.

5.2 Multilingual Evaluation & Official Task
Submissions

We evaluate SpanCalib-VLM across four language
splits: English (EN), French (FR), Italian (IT),
and Chinese (ZH). Table 4 reports official shared
task submission scores evaluated on the hidden test
set. Table 8 provides a detailed cross-lingual break-
down comparing base models against SpanCalib-
VLM.

SpanCalib-VLM demonstrates strong cross-
lingual generalization. On Chinese (ZH), the model

achieves an impressive 0.437 Overall IoU and
0.958 Clean IoU, outperforming base Qwen-3.5-
4B by +0.169 IoU. This higher Chinese perfor-
mance stems from tokenization granularity: ideo-
graphic Chinese characters provide dense token rep-
resentations where subtoken offsets align directly
with character boundaries, reducing edge misalign-
ment present in space-delimited European text. On
French and Italian, SpanCalib-VLM achieves mas-
sive gains in Hallucinated IoU (+0.182 on FR,
+0.180 on IT) over base models which suffer from
severe under-detection on non-English hallucinated
spans.

5.3 Threshold Sensitivity

Table 5 shows that ensemble performance is re-
markably stable across 7 € [0.25,0.45], all yield-
ing IoU 0.391. This robustness arises because the
fusion score distribution is bimodal: characters in-
side VLM-proposed spans receive high ensemble
scores while others receive low scores, with few
samples near the decision boundary.

5.4 Inference Speed

Sequence tagging is dramatically faster than gen-
erative decoding (Table 6). SpanCalib-VLM pro-
cesses 5.25 samples/s—4.5x faster than standard
Qwen inference and 120x faster than chain-of-
thought mode.

5.5 Ablation Study

Table 7 isolates the contribution of each component.
Union-Calibrated Fusion outperforms weighted av-
eraging (+0.032 Pearson) and intersection (+0.061).
Removing the MSE calibration loss causes the
largest drop (—0.095 Pearson), confirming that di-
rect probability supervision is essential. The vi-
sion tower provides a modest IoU improvement
(+0.003) while maintaining identical ensemble cal-
ibration.

Table 7: Ablation study.

Configuration Pearson  IoU
Full ensemble (ours) 0.413 0.391
— Union — Weighted avg. 0.381 0.345
— Union — Intersection 0.352 0.310
— SigLIP-2 vision tower 0.413 0.388
— MSE calib. loss (A1 =0) 0.318 0.330

6 Conclusion

We presented SpanCalib-VLM, a hybrid frame-
work that combines a multimodal discrimina-
tive tagger with a generative VLM via Union-
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Table 3: Performance on the SHROOM-Visions English validation split. Our full hybrid system (SpanCalib-VLM)
achieves the highest Pearson calibration correlation and overall IoU, outperforming standalone baselines and
individual subsystems across all metrics at optimal decision thresholds.

System Pearson Overall IoU Halluc. IoU Clean IoU Det. Acc.
Baselines

BLIP baseline 0.124 0.210 0.082 0.650 42.1%

MiniCPM-V (fine-tuned) 0.245 0.298 0.121 0.740 51.5%
Standalone Subsystems (Ours)

System 1: Tagger (Text-only, XLM-R Base) 0.342 0.295 0.101 0.882 52.1%

System 1: Tagger (Text-only, XLM-R Large) 0.368 0.312 0.115 0.901 56.4%

System 1: Tagger (Multimodal, XLM-R + SigLIP)  0.369 0.326 0.155 0.903 58.0%

System 2: Generative VLM (Qwen3.5-4B SFT) 0.285 0.375 0.182 0.885 68.2%
Full Hybrid System

SpanCalib-VLM (System 1 + System 2 Hybrid) 0.413 0.391 0.196 0.913 70.7 %

Table 4: Official shared task test set results: SpanCalib-  Table 6: Inference latency (s/sample) and output

VLM (SIT) vs. the task-provided baseline across all
languages.

Lang System Cor+LbltT Cort IoUT
EN Task Baseline 0.1549 0.1549 0.1549
SpanCalib-VLM 0.2418 0.3212  0.2549
FR Task Baseline 0.1679 0.1679 0.1679
SpanCalib-VLM 0.2885 0.3600 0.2994
IT Task Baseline 0.1635 0.1635 0.1635
SpanCalib-VLM 0.2918 0.3832 0.3109
7H Task Baseline 0.2554 0.2554 0.2554
SpanCalib-VLM 0.3347 0.3752  0.3425

Table 5: Threshold grid search for the ensemble.

T IoU H-IoU C-IoU Det. Acc.

0.20 0.390 0.217 0.854 71.8%
0.25 0391 0.196 0913 70.7%
030 0391 0.196 0913 70.7%
040 0391 0.196 0913 70.7%
0.50 0.317 0.065 0.990 43.8%

Calibrated Fusion. On the SHROOM-Visions En-
glish validation split, our ensemble achieves a Pear-
son calibration correlation of 0.413 and an IoU of
0.391 (with 91.3% clean accuracy); on the offi-
cial blind test set, it achieves 0.3212 Pearson and
0.2549 IoU on English, consistently outperform-
ing the task baseline across all four evaluated lan-
guages. These results demonstrate that principled
fusion of fast calibration with deliberative span
detection is an effective strategy for hallucination
detection in LVLMs.

throughput (samples/s) on NVIDIA A40 (48GB).

System s/sample | samples/s T
SpanCalib-VLM (tagger) 0.19 5.25
Qwen-4B (standard) 0.85 1.18
Qwen-4B (chain-of-thought) 23.10 0.04

7 Limitations

In this section, we explore some limitations that
our setup might have. First, SpanCalib-VLM pro-
duces false positives on complex but correct lan-
guage: elaborate descriptions, idioms, and rare but
accurate visual details are sometimes flagged as
hallucinations, particularly by the sequence tag-
ger which relies on surface-level distributional pat-
terns rather than visual grounding. Second, the
512-token input limit causes the system to miss hal-
lucinations in long responses entirely; any hallu-
cinated content beyond the truncation boundary is
undetectable. Third, while calibration is strong on
validation (Pearson 0.413, dropping to 0.3212 on
test), hallucinated-span loU remains low (0.196 on
validation, and overall test IoU dropping to 0.2549),
indicating that the system still struggles to precisely
localize character-level hallucination boundaries
and experiences generalization loss when transfer-
ring from validation tuning to unseen test distribu-
tions. Fourth, while our model is trained on a joint
multilingual dataset (EN, FR, IT, ZH), hyperparam-
eter selection and ensemble fusion thresholds were
optimized primarily on the English validation split.
Finally, the ensemble cannot detect hallucinations
that both subsystems miss; if neither the tagger nor
the generative VLM identifies a span, fusion cannot
recover it.
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A Detailed Performance

Table 8: Cross-lingual detailed performance breakdown comparing base zero-shot models with SpanCalib-VLM
across English, French, Italian, and Chinese evaluation sets.

Lang System Overall IoUT H-IoU C-IoU Det. Acc. Calibration Pearson
Qwen-3.5-4B (Base) 0.226 0.173  0.369 74.4% —

EN SpanCalib-VLM (Tagger) 0.345 — — 61.5% 0.406
SpanCalib-VLM + Qwen4B (Ensemble) 0.391 0.196 0.913 70.7 % 0.413

FR Qwen-3.5-4B (Base) 0.268 0.020  0.969 42.3% —
SpanCalib-VLM (Tagger) 0.367 0.202 0.837 66.2% —

IT Qwen-3.5-4B (Base) 0.268 0.027 0912 37.2% —
SpanCalib-VLM (Tagger) 0.375 0.207 0.824 58.6 % —

ZH Qwen-3.5-4B (Base) 0.268 0.096  0.556 56.2% —
SpanCalib-VLM (Tagger) 0.437 0.126  0.958 56.7 % —

B Dataset Statistics

Table 9: SHROOM-Visions dataset split breakdown across all languages, detailing sample counts for 90% training
sets, 10% validation sets (used for evaluation in Table 8), and unlabeled test sets.

Language Train (90%) Validation (10%) Test (Unlabeled)  Total

English (EN) 3,420 379 1,201 5,000
French (FR) 3,391 376 1,233 5,000
Italian (IT) 3,372 374 1,254 5,000
Chinese (ZH) 3,411 379 1,210 5,000
Total 13,594 1,508 4,898 20,000

C Training History

Table 10: Training history for SpanCalib-VLM (multimodal).

Epoch Train £ ValL{ Val Pearson Saved?

1 1.068 0.949 0.345 v
2 0.873 0.923 0.369 v
3 0.783 0.939 0.330 —
4 0.694 0.988 0.345 —
5 0.613 1.042 0.353 —
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