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ABSTRACT

Object hallucination remains a major obstacle for large vision-language mod-
els (LVLMs) to generate reliable content. An intuitive mitigation strategy is to
suppress hallucination-related components in hidden representations. However,
these components may also contain useful information, and suppressing them can
weaken the model’s multimodal capabilities. In this paper, we propose ResOT, a
training-free method that repairs representations at inference time through local-
ized distribution alignment. Specifically, ResOT projects dominant hallucinated
directions away from the faithful subspace, forming a low-dimensional residual
subspace for intervention. Within this subspace, ResOT uses Gaussian optimal
transport (OT) to align the hallucinated distribution with the faithful one. The re-
sulting map defines repair targets with minimal changes to the original representa-
tions. At inference, ResOT adaptively controls how far each token state moves to-
ward its OT target. Experiments on three representative LVLMs show that ResOT
substantially reduces object hallucination while improving image caption quality
and multimodal performance across multiple benchmarks. Code will be released.

1 INTRODUCTION

Large vision-language models (LVLMs) can generate fluent and informative responses to visual in-
put (Bai et al., 2023; Chen et al., 2024b), but they still describe objects that are not present in the
image. This phenomenon, known as object hallucination, undermines the reliability of LVLMs (Bai
et al., 2024; Li et al., 2023; Rohrbach et al., 2018). One approach to reducing object hallucination
is to fine-tune LVLMs with additional data, but this often incurs substantial training costs (Jiang
et al., 2024; Liu et al., 2024a). Representation-based methods offer a training-free alternative by
modifying the model’s hidden representations (Liu et al., 2025; Lin et al., 2026). Some of these
methods identify hallucination-related directions or subspaces and suppress the corresponding com-
ponents (Yang et al., 2025a; Dastmalchi et al., 2026). However, being associated with hallucina-
tion does not make a component specific to hallucination (Hua et al., 2025; Zhu et al., 2026). The
same components may also carry useful information for visual understanding, so suppressing them
can compromise image caption quality or multimodal capabilities.

Therefore, we seek to repair the hallucination-related components rather than discard them. In-
stead of simply reducing the contribution of these components, we use their distribution in faithful
representations to set repair targets. Figure 1 illustrates the key distinction: suppression-based inter-
ventions reduce the variation of hallucinated representations along the selected direction, but may
also inadvertently alter faithful representations; in contrast, repair-based interventions use the faith-
ful distribution to define where the representation should move.

1

ar
X

iv
:2

61
0.

11
82

6v
1 

 [
cs

.C
V

] 
 8

 O
ct

 2
02

6

https://arxiv.org/abs/2610.11826v1


�������������	�������������� ����
����������������������� �
��	������������������

Faithful
Representation

Hallucinated
Representation Method: Suppression-based Intervention

(may also affect overlapping faithful representations)

Our method: Repair-based Intervention
(moves hallucinated representations toward faithful ones)

Figure 1: Conceptual comparison of suppression and repair. (a) Faithful (blue) and hallucinated
(orange) representations form partially overlapping clusters. (b) Suppression compresses the orange
cluster into a narrow band and also displaces some faithful points (blue arrows). (c) Repair instead
moves the orange points toward the blue cluster (pink arrows), forming the repaired cluster in pink.

The choice of alignment space is also important, as it determines which distributional differences
the repair addresses. The dominant faithful subspace is spanned by the leading directions of faithful
representations. We examine a low-dimensional residual subspace orthogonal to it. Our held-out
analysis shows that this residual subspace reveals a clearer mismatch between faithful and halluci-
nated representations (Section 4.4). Importantly, faithful representations are not confined to their
dominant subspace; they still have components in the residual subspace. Removing these compo-
nents would discard variation present in faithful representations. These observations motivate local-
ized distribution alignment: expose and correct the residual mismatch while leaving components
in the dominant faithful subspace unchanged.

In this paper, we introduce ResOT, a training-free method that implements this localized repair
at inference time. During offline calibration, ResOT processes each image with its paired faithful
and hallucinated descriptions to collect two sets of hidden representations. It estimates the dominant
subspaces of these representations, then projects the dominant hallucinated directions away from the
faithful subspace. The leading residual directions define the repair subspace. We project both sets of
calibration representations into this subspace and fit a Gaussian distribution to each. Gaussian opti-
mal transport (OT) then provides a closed-form map from the hallucinated distribution to the faithful
one. During inference, ResOT projects the current token state into the same subspace and applies
the map to obtain its repair target. A likelihood-based gate compares the projected state’s likelihood
under the two fitted distributions and controls how far it moves toward the target. The resulting
correction is added back to the hidden state along the residual directions, leaving the orthogonal
component unchanged. The LVLM weights remain fixed throughout calibration and inference.

Our theoretical analysis supports the repair subspace and transport target. The residual subspace cap-
tures as much of the dominant hallucinated directions as possible while remaining orthogonal to the
dominant faithful subspace, helping expose the residual differences to be repaired. In this subspace,
if components are removed via orthogonal projection, suppression cannot match the original faithful
distribution as long as those components are also present in the faithful representation. Gaussian OT
instead aligns the fitted residual distributions with minimum expected squared displacement.

We combined ResOT with LLaVA-1.5, mPLUG-Owl2, and InstructBLIP (Liu et al., 2023; Ye et al.,
2024; Dai et al., 2023) and conducted experiments on multiple benchmarks. The results demonstrate
that ResOT reduces object hallucination while improving image caption quality and multimodal
performance. Compared to the vanilla models, it reduces the CHAIRs metric by 13.9%–46.8%
and achieves average relative improvements of 27.67% and 5.86% on the BLEU-1 and MME met-
rics (Papineni et al., 2002; Fu et al., 2025), respectively. On LLaVA-1.5, ResOT achieves the highest
throughput among the evaluated inference-time methods that keep the LVLM weights unchanged.
It retains 81.24% of the original model’s generation throughput (tokens per second) while requiring
only an additional 8.15 MiB of peak GPU memory.
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of a group of people gathered in a 
room to enjoy a video game … 
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Wii … a TV screen can be seen …
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Figure 2: Overview of ResOT. Where to repair (top): the orange hallucinated directions are
projected away from the blue faithful subspace to form the green residual subspace. How to repair
(bottom): Gaussian OT aligns the orange and blue residual distributions to define repair targets
(left); a likelihood-based gate controls the movement toward each target during inference (right).

2 RELATED WORK

2.1 HALLUCINATION IN LARGE VISION-LANGUAGE MODELS

Object hallucination in LVLMs has been studied from multiple perspectives, such as visual percep-
tion, cross-modal alignment, and reliance on language priors (Zhao et al., 2025; Jain et al., 2024;
Xing et al., 2024; Liu et al., 2024b). One line of research involves training-based methods, which
typically use supervised fine-tuning (Liu et al., 2024a), contrastive learning (Jiang et al., 2024),
RLHF (Sun et al., 2024), and DPO (Yang et al., 2025b; Yu et al., 2024a). However, these methods
often require additional supervision signals and parameter optimization. Other approaches focus on
interventions during decoding. They adjust token selections through visual contrast (Leng et al.,
2024; Chen et al., 2024a), attention signals (Zhou et al., 2025; Huang et al., 2024), or intermediate-
layer predictions (Wang et al., 2025; Chuang et al., 2024). Although these methods avoid retraining,
they can introduce substantial inference overhead due to extra forward passes or complex decod-
ing procedures. Post-hoc approaches revise unsupported content using learned revisors (Zhou et al.,
2024) or visual verification (Yin et al., 2024). These methods add a correction stage after generation.

ResOT is most closely related to representation-based interventions. Existing methods steer latent
activations (Liu et al., 2025; Li et al., 2025), intervene on attention heads (Chen et al., 2025), or
suppress hallucination-related components (Yang et al., 2025a; Dastmalchi et al., 2026). More se-
lective approaches use evidence-consistent subspace editing (Lin et al., 2026) or targeted parameter
updates (Zhu et al., 2026) to limit interference with useful information. ResOT instead defines a
faithful target distribution within a residual subspace. Its key distinction is the use of distribution
alignment rather than component removal to determine the update.

2.2 OPTIMAL TRANSPORT FOR REPRESENTATION ALIGNMENT

Optimal transport (OT) aligns distributions by finding a transport plan that minimizes the cost of
moving probability mass between them (Villani, 2009; Peyré & Cuturi, 2019). It has been widely
used for feature alignment and domain adaptation (Courty et al., 2017; Damodaran et al., 2018). Em-
pirical OT estimates a coupling between samples, often using iterative solvers such as Sinkhorn (Cu-
turi, 2013). Under squared Euclidean cost, the OT map between non-degenerate Gaussian distri-
butions has a closed-form affine expression determined by their means and covariances (Peyré &
Cuturi, 2019). ResOT uses this map to define repair targets in a low-dimensional residual subspace.
The map is estimated offline and applied during generation, without an online transport solver.

3 METHOD

ResOT consists of two stages: offline calibration and online repair, as shown in Figure 2. During
calibration, a residual subspace is identified at each selected layer, and a Gaussian optimal transport
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map is estimated within this subspace. During inference, ResOT uses this map to define a repair
target for the current token state and adaptively controls the movement toward that target.

3.1 LVLM GENERATION AND CALIBRATION REPRESENTATIONS

An LVLM encodes an image V into visual features and maps them to the input space of the language
decoder (Liu et al., 2023; Dai et al., 2023; Ye et al., 2024). By combining these visual features with
the prompt text x, the decoder can generate a response autoregressively. At decoding step t, the
available context consists of the image, the prompt, and the previously generated tokens y<t. We
denote by hℓ

t ∈ Rd the hidden state at the final text position in layer ℓ, computed from this context
(i.e., the state prior to the generation of yt).

Like prior representation-based interventions (Yang et al., 2025a; Zhu et al., 2026), ResOT uses a
paired calibration set to determine where to repair and how the repair should be performed. The
set contains N images, each paired with a faithful description and a hallucinated description. We
process the two image–description inputs separately and extract the hidden state at the final text
position of each complete description. At each selected layer, stacking these states gives Zℓ

F , Z
ℓ
H ∈

RN×d. We refer to them as faithful and hallucinated representations according to the descriptions
from which they are extracted.

ResOT estimates its subspaces and transport maps from these complete descriptions and reuses them
at the current decoding position. This follows the strategy of deriving textual steering directions
from final-position representations of paired captions and applying them during generation (Liu
et al., 2025). During the calibration and inference stages, the parameters of the LVLM remain fixed.

3.2 RESIDUAL SUBSPACE REPRESENTATION REPAIR

3.2.1 LOCATING THE REPAIR SUBSPACE

ResOT constructs a repair subspace from the dominant hallucinated directions that lie outside the
dominant faithful subspace. This step projects the hallucinated basis to select intervention directions.
For clarity, we omit the layer index ℓ when describing offline calibration.

Given ZF , ZH ∈ RN×d, we compute their singular value decompositions: ZF = LFSFR
⊤
F ,

ZH = LHSHR⊤
H . With the right singular vectors ordered by the decreasing singular value,

we use the top-r columns of RF and RH to form BF = [bF,1, bF,2, . . . , bF,r] ∈ Rd×r and
BH = [bH,1, bH,2, . . . , bH,r] ∈ Rd×r, where BF and BH are orthonormal bases for the dominant
faithful and hallucinated subspaces. The projection of BH onto the faithful subspace is BFB

⊤
F BH .

Removing this component gives

Bres = BH −BFB
⊤
F BH = (Id −BFB

⊤
F )BH . (1)

We compute Bres = L̄S̄R̄⊤ and let q = rank(Bres). For k ≤ q, the residual basis is U = L̄[:
, 1 : k] ∈ Rd×k. Its columns are orthonormal and satisfy B⊤

F U = 0. All subsequent updates lie
in span(U), leaving components in the dominant faithful subspace unchanged. However, faithful
representations are not confined to their dominant subspace and can still have nonzero components
in the residual subspace. We therefore use the distribution of these components as a reference for
repair rather than setting all residual components to zero.

3.2.2 GAUSSIAN OPTIMAL TRANSPORT IN THE RESIDUAL SUBSPACE

After obtaining the residual subspace, we project both sets of calibration representations into the
residual subspace: ZU

F = ZFU , ZU
H = ZHU , where each row is a k-dimensional residual coordinate

vector. Let (µ̂F , Σ̂F ) and (µ̂H , Σ̂H) denote their empirical means and covariances. Critically, a
finite calibration set may produce noisy or ill-conditioned covariance estimates. We therefore apply
covariance shrinkage (Ledoit & Wolf, 2004) before computing the transport map:

Σ̂s ← (1− ρ)Σ̂s + ρ
tr(Σ̂s)

k
Ik + ϵIk, s ∈ {F,H}. (2)

Here, ρ ∈ [0, 1] is the shrinkage coefficient, and ϵ > 0 ensures positive definiteness. We then
approximate the residual distributions as P̃F = N (µ̂F , Σ̂F ) and P̃H = N (µ̂H , Σ̂H).
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We seek a map that transports the hallucinated approximation to the faithful one with minimum
expected squared displacement:

T ⋆ = arg min
T∈T

Ez∼P̃H

∥∥T (z)− z
∥∥2
2

subject to T#P̃H = P̃F . (3)

Here, T denotes measurable maps from Rk to Rk, and T#P̃H is the distribution obtained by applying
T to samples from P̃H . For non-degenerate Gaussian distributions, the optimal map has a closed-
form affine solution (Brenier, 1991; Peyré & Cuturi, 2019):

T ⋆(z) = µ̂F +A(z − µ̂H), (4)

where A = Σ̂
− 1

2

H

(
Σ̂

1
2

HΣ̂F Σ̂
1
2

H

) 1
2

Σ̂
− 1

2

H . The map exactly aligns the fitted Gaussian distributions and
defines a full OT target T ⋆(z) for each residual state z. Since U has orthonormal columns,

∥U(T ⋆(z)− z)∥2 = ∥T ⋆(z)− z∥2 . (5)

Thus, the displacement measured in residual coordinates equals the magnitude of the corresponding
correction in the original hidden space.

3.2.3 REPAIR AT INFERENCE

At inference, ResOT decomposes the current hidden state into residual and orthogonal components.
For the residual component, the OT map defines a full repair target, while a likelihood-based gate
determines how much of the correction is applied. Subsequently, this repaired residual component
is combined with the unchanged orthogonal component to form the repaired hidden state.

Each selected layer ℓ has a residual basis U ℓ and an OT map T ⋆
ℓ , both estimated offline. At decoding

step t, we compute
zℓt = (U ℓ)⊤hℓ

t, hℓ
t,⊥ =

(
Id − U ℓ(U ℓ)⊤

)
hℓ
t. (6)

The full OT target is z̃ℓt = T ⋆
ℓ (z

ℓ
t ). The OT map defines where the residual state should move, but

it does not determine how strongly the full correction should be applied to each decoding state. We
therefore use a likelihood-based gate to adjust the fraction of the correction applied to each state:

sℓt =
1

k

[
logN

(
zℓt ; µ̂

ℓ
H , Σ̂ℓ

H

)
− logN

(
zℓt ; µ̂

ℓ
F , Σ̂

ℓ
F

)]
, gℓt = σ(sℓt), (7)

where σ is the sigmoid function. A large gℓt indicates stronger relative evidence for the hallucinated
approximation and assigns a larger fraction of the OT correction. We set αℓ

t = αgℓt , where α ∈ [0, 1]
is the global repair strength. We then interpolate between the current residual state and its OT target:

zℓt,rep = (1− αℓ
t)z

ℓ
t + αℓ

t z̃
ℓ
t . (8)

Combining this coordinate with the unchanged orthogonal component, we have

hℓ
t,rep = hℓ

t + αℓ
tU

ℓ(T ⋆
ℓ (z

ℓ
t )− zℓt ). (9)

In practice, we additionally clip the norm of the OT correction to prevent unusually large updates.
The repaired state then proceeds through the remaining frozen decoder layers.

3.2.4 THEORETICAL ANALYSIS

We next analyze ResOT’s residual subspace construction and Gaussian OT, and compare them with
projection-based suppression methods, which we model as a rank-reducing orthogonal projection.
All proofs are provided in Appendix A.
Proposition 1. Let Bres = (Id−BFB

⊤
F )BH , and U ∈ Rd×k contain its top-k left singular vectors,

where k ≤ rank(Bres). For any orthonormal basis V ∈ Rd×k satisfying B⊤
F V = 0,

∥∥V ⊤BH

∥∥2
F
≤

∥∥U⊤BH

∥∥2
F
=

k∑
i=1

σ2
i (Bres).
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This term
∥∥V ⊤BH

∥∥2
F

measures the total squared projection of the dominant hallucinated direc-
tions onto a candidate subspace. ResOT maximizes this for a fixed dimension, while excluding the
dominant faithful subspace.

Proposition 2. Let P̃H , P̃F ∈ P2(Rk), where P2(Rk) denotes probability distributions with finite
second moments. Let µF and ΣF be the mean and covariance of P̃F . For TΠ(z) = Πz, where
Π = Π⊤ = Π2 and rank(Π) < k,

W 2
2

(
(TΠ)#P̃H , P̃F

)
= W 2

2

(
(TΠ)#P̃H , (TΠ)#P̃F

)
+
∥∥(Ik −Π)µF

∥∥2
2
+ tr

(
(Ik −Π)ΣF

)
.

The first term measures the degree of mismatch within the retained subspace. The remaining terms
equal the expected squared norm of the faithful component that was removed by projection. If this
value is positive, even when the projected distribution matches perfectly, there will still be a positive
Wasserstein distance from the original faithful distribution.
Proposition 3. Let Z ∈ Rk be any random vector with finite second moment, mean µH and covari-
ance ΣH ∈ Sk++. Given a target µF ∈ Rk and ΣF ∈ Sk++, define

AH→F =
{
TA(z) = µF +A(z − µH) | AΣHA⊤ = ΣF

}
.

Then the Gaussian OT map T ⋆ is the unique minimizer:

T ⋆ = arg min
TA∈AH→F

E
[
||TA(Z)− Z||22

]
.

This objective depends only on the first two moments of the source distribution. Therefore, the same
affine map remains optimal without assuming that the source distribution is Gaussian. When both
the source and target distributions are Gaussian, this map also aligns their complete distributions;
otherwise, the proposition guarantees only the optimality of the affine moment matching.

4 EXPERIMENTS

We organize our evaluation around three questions. RQ1: Does ResOT reduce object hallucination
while maintaining caption quality? RQ2: Does ResOT preserve multimodal performance? RQ3:
How do ResOT’s residual subspace and OT-based repair affect task performance, and how robust is
the method to calibration size and corruption?

4.1 EXPERIMENTAL SETUP

Baselines. ResOT is calibrated using 5,000 paired descriptions from the LURE training data (Zhou
et al., 2024). We compare ResOT against vanilla LVLMs and two categories of training-free miti-
gation methods. The vanilla baselines are LLaVA-1.5 (Liu et al., 2023), mPLUG-Owl2 (Ye et al.,
2024), and InstructBLIP (Dai et al., 2023), all equipped with 7B language decoders and evaluated
using greedy decoding. Decoding-time baselines include OPERA (Huang et al., 2024), VCD (Leng
et al., 2024), HALC (Chen et al., 2024a), and SGRS (Zhang et al., 2026). Representation-level base-
lines include ICT (Chen et al., 2025), VTI (Liu et al., 2025), VISTA (Li et al., 2025), Nullu (Yang
et al., 2025a), HulluEdit (Lin et al., 2026), and Revis (Wu et al., 2026).

Benchmarks and Metrics. We evaluate ResOT along three dimensions: object hallucination, gen-
eration quality, and multimodal performance. POPE (Li et al., 2023) measures discriminative ob-
ject hallucination through yes/no object-existence questions. We report accuracy, precision, and F1
score. CHAIR (Rohrbach et al., 2018) evaluates hallucinated objects in open-ended captions using
CHAIRs (Cs) and CHAIRi (Ci), while BLEU-1 (Papineni et al., 2002) evaluates caption quality.
MME (Fu et al., 2025) evaluates multimodal perception and cognition. We further use GPT-4o to
assess the accuracy and detail of open-ended descriptions on sampled COCO images (Lin et al.,
2014). To broaden the evaluation, we assess hallucination on MMHal-Bench and AMBER (Sun
et al., 2024; Wang et al., 2023). We also evaluate multimodal capabilities on ScienceQA, MM-
Bench, TextVQA, MMMU, and MM-Vet (Lu et al., 2022; Liu et al., 2024c; Singh et al., 2019; Yue
et al., 2024; Yu et al., 2024b). Full results are reported in Appendix C.
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Table 1: Average POPE results across the random, popular and adversarial splits. Higher values
indicate better performance. The best results are highlighted in bold.

Method LLaVA-1.5 mPLUG-Owl2 InstructBLIP

Acc. ↑ Prec. ↑ F1 ↑ Acc. ↑ Prec. ↑ F1 ↑ Acc. ↑ Prec. ↑ F1 ↑

Vanilla 84.20 82.30 84.67 78.23 72.07 81.07 84.17 83.07 84.60
OPERA 84.67 83.37 85.13 79.77 74.37 82.03 85.00 83.93 85.43
VCD 81.13 77.83 82.30 76.73 70.83 79.77 75.97 78.20 81.63
HALC 84.83 82.80 85.53 78.30 72.23 81.13 84.60 83.37 85.13
VISTA 84.23 80.03 85.47 76.00 69.33 79.70 85.20 84.87 85.50
ICT 85.43 83.10 86.07 79.07 73.37 81.57 55.50 53.00 69.20
VTI 85.21 81.73 86.23 80.09 79.75 81.96 83.70 81.00 84.63
Nullu 85.53 86.07 85.70 77.87 71.60 80.87 84.63 83.20 85.20
Revis 85.19 82.15 86.09 78.24 72.10 81.12 84.82 83.78 85.30
HulluEdit 85.63 82.76 86.46 79.64 74.59 81.72 83.08 80.25 84.14
SGRS 85.12 81.96 86.05 78.01 71.78 80.98 84.46 83.09 85.03

ResOT 86.13 84.43 86.54 82.50 81.57 82.49 86.15 86.93 85.94

Table 2: Captioning results on COCO evaluated by CHAIR and BLEU-1. Lower Cs and Ci indicate
fewer hallucinated objects, while higher BLEU-1 indicates better caption quality. The maximum
generation length is set to 512 tokens. The best results are highlighted in bold.

Method LLaVA-1.5 mPLUG-Owl2 InstructBLIP

Cs ↓ Ci ↓ BLEU-1 ↑ Cs ↓ Ci ↓ BLEU-1 ↑ Cs ↓ Ci ↓ BLEU-1 ↑

Vanilla 0.514 0.1451 0.1739 0.568 0.1639 0.1559 0.462 0.1310 0.1740
OPERA 0.454 0.1317 0.1769 0.488 0.1503 0.1769 0.398 0.1242 0.1524
VCD 0.484 0.1437 0.1743 0.580 0.1808 0.1689 0.566 0.1808 0.1698
HALC 0.380 0.1270 0.1870 0.500 0.1432 0.1762 0.620 0.1770 0.1580
VISTA 0.436 0.1336 0.1619 0.528 0.1638 0.1426 0.434 0.1345 0.1508
ICT 0.498 0.1439 0.1797 0.716 0.2037 0.1585 0.482 0.1349 0.1196
VTI 0.322 0.1195 0.2017 0.314 0.1194 0.2087 0.428 0.1236 0.1379
Nullu 0.394 0.1150 0.1581 0.412 0.1395 0.1830 0.440 0.1429 0.1658
Revis 0.430 0.1361 0.1740 0.460 0.1489 0.1711 0.440 0.1211 0.1744
HulluEdit 0.404 0.1287 0.1669 0.362 0.1324 0.1515 0.442 0.1203 0.1633
SGRS 0.348 0.1132 0.2091 0.330 0.1188 0.1798 0.436 0.1288 0.1757

ResOT 0.292 0.0953 0.2334 0.302 0.0898 0.2293 0.398 0.1146 0.1770

4.2 OBJECT HALLUCINATION AND CAPTION QUALITY (RQ1)

To answer RQ1, we evaluate ResOT in two settings. POPE measures discriminative object hallu-
cination, while CHAIR measures hallucination in open-ended image captioning. We also assess
caption quality using BLEU-1 and a GPT-based evaluation of visual accuracy and detailedness.

Results on POPE. Table 1 reports results averaged over the random, popular, and adversarial
splits. ResOT achieves the highest accuracy and F1 score across all three backbones. It also obtains
the highest precision on mPLUG-Owl2 and InstructBLIP. These improvements show that ResOT
improves object existence judgments across the three LVLMs.

Results on CHAIR. Table 2 evaluates open-ended COCO captions. ResOT achieves the lowest
Cs and Ci. These reductions are accompanied by higher BLEU-1 scores, rather than a decline in
reference-based image description quality. Table 5 reports additional captioning metrics.

GPT-based Evaluation. We use GPT-4o to compare descriptions on the 500 COCO validation
images selected by OPERA. Following the evaluation prompt used in previous works (Wang et al.,
2025; Yang et al., 2025a), we repeat the scoring five times and report the mean scores. We com-
pare ResOT with the vanilla backbone and Nullu, a representative suppression-based method. As
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Table 3: GPT-4o evaluation on COCO image descriptions. Each entry reports the baseline/ResOT
scores for visual accuracy (Acc.) and detailedness (Det.); higher values indicate better performance.

Backbone Vanilla vs. ResOT Nullu vs. ResOT

Acc. Det. Acc. Det.

LLaVA-1.5 5.72 / 6.77 6.09 / 5.81 6.22 / 6.32 5.76 / 5.82
mPLUG-Owl2 5.65 / 6.52 5.90 / 5.94 6.38 / 6.88 6.22 / 6.24
InstructBLIP 5.68 / 6.38 5.82 / 5.94 5.36 / 6.48 5.72 / 6.00

Total
Perce

p.
Cog.

Exist. Color
Pos.

Count

Vanilla

OPERA

VCD

HALC

VISTA

ICT

VTI

Nullu

Revis

HulluEdit

SGRS

ResOT

1786 1492 294 190 165 138 160

1784 1495 289 190 170 143 157

1573 1268 305 185 133 120 113

1772 1470 302 195 155 138 158

1770 1475 295 185 160 115 145

1767 1495 272 190 165 143 158

1758 1461 297 183 150 125 140

1677 1409 268 195 165 143 143

1799 1509 289 190 170 143 157

1788 1497 292 190 165 133 153

1792 1481 311 190 165 128 155

1819 1516 303 190 170 143 163

LLaVA-1.5

Total
Perce

p.
Cog.

Exist. Color
Pos.

Count

Vanilla

OPERA

VCD

HALC

VISTA

ICT

VTI

Nullu

Revis

HulluEdit

SGRS

ResOT

1718 1393 325 175 140 75.0 150

1721 1413 308 185 128 75.0 155

1629 1305 324 175 128 75.0 152

1739 1409 330 185 140 75.0 165

1734 1400 334 185 135 63.3 165

1715 1405 310 185 140 75.0 165

1657 1359 299 180 133 75.0 170

1692 1388 305 175 140 70.0 160

1735 1405 330 185 140 70.0 165

1720 1396 324 185 140 63.3 165

1727 1400 328 185 140 70.0 165

1755 1424 331 185 148 81.7 165

mPLUG-Owl2

Total
Perce

p.
Cog.

Exist. Color
Pos.

Count

Vanilla

OPERA

VCD

HALC

VISTA

ICT

VTI

Nullu

Revis

HulluEdit

SGRS

ResOT

1354 1114 240 185 120 50.0 60.0

1347 1109 238 185 120 50.0 55.0

1439 1152 287 180 133 66.7 55.0

1349 1116 233 185 120 50.0 60.0

1333 1103 229 185 110 50.0 55.0

1039 817 223 140 70.0 48.3 50.0

1213 1001 211 180 95.0 48.3 50.0

1546 1263 282 180 128 50.0 65.0

1383 1132 250 185 133 50.0 65.0

1205 978 227 185 105 50.0 55.0

1334 1104 230 185 120 50.0 55.0

1538 1260 279 185 130 63.3 65.0

InstructBLIP

0.75

0.80

0.85

0.90

0.95

1.00

No
rm

al
ize
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Figure 3: MME results across three LVLM backbones. Each cell reports the raw score, while color
intensity indicates the normalized score within each metric. We report the total, perception and
cognition scores, together with four perception subcategories: existence, color, position and count.

shown in Table 3, ResOT achieves higher accuracy than both baselines across all three backbones
and higher detailedness in five of the six comparisons. These results demonstrate improved visual
faithfulness while retaining informative content.

4.3 MULTIMODAL CAPABILITY ASSESSMENT (RQ2)

To answer RQ2, we use MME to evaluate multimodal performance, which covers both perception
and cognition. Additional experimental results are reported in Appendix C.2.

Results on multimodal capability benchmarks. Figure 3 reports MME results. ResOT improves
the total, perception, and cognition scores over the vanilla model on all three backbones. It achieves
the highest total and perception scores on LLaVA-1.5 and mPLUG-Owl2, together with the best or
tied-best results in most object-related subcategories. We further experiment on other multimodal
capability benchmarks. Across MMMU, TextVQA, ScienceQA, and MMBench, ResOT outper-
formed Vanilla in 9 out of 12 settings (Table 9). These results demonstrate that ResOT preserves
and often improves broader multimodal performance.

4.4 ANALYSIS OF LOCALIZED REPRESENTATION REPAIR

To answer RQ3, we compare ResOT with Nullu via representation visualizations and ablations of
the intervention subspace and repair operation. We also evaluate calibration sample efficiency and
robustness to contamination. More mechanism analyses are provided in Appendix D.

Representation Distribution Visualization. In our held-out analysis, we use 4,000 calibration
pairs to estimate the parameters, while the remaining 1,000 pairs are used for visualization and
quantitative analysis. Figure 4 visualizes the representations at layer 24. We can see that the residual
subspace exposes a clearer difference between faithful and hallucinated representations than the
original and Nullu-style subspaces. Since there is still overlap between these two distributions, the
residual subspace should not be interpreted as containing only hallucination-specific features. OT
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Original hidden space

Faithful
Hallucinated

Nullu-style subspace ResOT before repair ResOT after repair

Figure 4: Representation visualization at layer 24. From left to right: the original representation
space, the Nullu-style subspace, and the ResOT residual subspace before and after repair. Faithful
and hallucinated representations are evaluated on the held-out split. We use PCA for visualization.
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Figure 5: Effect of calibration size and corruption. We compare ResOT and Nullu under different
calibration sizes and corruption rates. Error bars denote the standard deviation across random trials.

repair reduces the mismatch without discarding the residual components. This provides empirical
evidence for the distinction between localization and suppression.

Table 4: Ablation study results on subspace construc-
tion and intervention operations.

Variant Cs ↓ BLEU-1 ↑ MME ↑

RandSub + OT 0.516 0.1748 1787.17
NulluSub + OT 0.424 0.1681 1764.82
ResSub + Sup 0.378 0.1903 1784.96
ResSub + Mean 0.320 0.2140 1798.35
ResSub + OT w/o Gate 0.292 0.2268 1814.17
ResSub + OT w/ Gate 0.292 0.2334 1819.02

Ablation Study. Table 4 separates the
effects of the intervention subspace, re-
pair operation, and likelihood-based gate.
We first compare subspaces using un-
gated Gaussian OT. The residual subspace
achieves lower Cs and higher BLEU-1 and
MME than either the random or Nullu-style
subspace, showing that the choice of repair
subspace is crucial. With the residual sub-
space fixed, replacing suppression with un-
gated Gaussian OT achieves better results.
Mean-only alignment improves over sup-
pression but remains below Gaussian OT on all three metrics. Therefore, matching covariance as
well as the mean provides an additional benefit. At the same reported Cs, adding the likelihood-
based gate further improves BLEU-1 and MME.

Calibration Set Analysis. Figure 5 examines the effect of calibration size and corruption. In
experiments controlling for the number of calibration pairs, ResOT already outperforms Nullu in Cs,
BLEU-1, and MME with only 50 calibration pairs. Performance variability across trials generally
decreases as the calibration set grows. We also corrupt an η fraction of the calibration pairs, with
the corrupted samples split evenly between image–text mismatches and faithful/hallucinated label
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swaps. As the corruption rate η increases, ResOT retains its advantage over Nullu on all three
metrics. These results demonstrate that ResOT remains effective with few calibration pairs and is
robust to imperfect calibration data.

5 CONCLUSION

In this work, we introduce ResOT, which mitigates object hallucination by repairing hallucination-
related representations rather than directly suppressing them. ResOT confines the intervention to
the residual subspace and uses Gaussian optimal transport to move representations toward a faith-
ful target with minimum expected squared displacement. A likelihood-based gate further adjusts
how much of this correction is applied during decoding. Across multiple benchmarks and three
representative LVLMs, ResOT consistently reduces object hallucination while preserving or even
improving image caption quality and broader multimodal performance. These results indicate that
hallucination-related components do not always need to be removed; repairing their distribution
provides a practical alternative to direct suppression.
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A PROOF

A.1 PROOF OF PROPOSITION 1

Since BF has orthonormal columns,

B⊤
F Bres = B⊤

F (Id −BFB
⊤
F )BH = 0.

Therefore, every left singular vector of Bres associated with a nonzero singular value is orthogonal
to Span(BF ). Since k ≤ rank(Bres), the selected basis U satisfies B⊤

F U = 0.

Now consider any feasible orthonormal basis V such that B⊤
F V = 0. This condition gives

V ⊤BFB
⊤
F = 0, and hence,

V ⊤BH = V ⊤(Id −BFB
⊤
F )BH = V ⊤Bres.

Let Bres = QΣR⊤ be a full singular value decomposition with Q = [q1, ..., qd] and σ1 ≥ · · · ≥
σd ≥ 0. Then ∥∥V ⊤BH

∥∥2
F
=

∥∥V ⊤Bres

∥∥2
F
=

d∑
i=1

σ2
i

∥∥V ⊤qi
∥∥2
2
.

Define ai =
∥∥V ⊤qi

∥∥2
2
. Since V ⊤V = Ik and Q is orthogonal, we have

d∑
i=1

ai = tr(V ⊤QQ⊤V ) = k, 0 ≤ ai ≤ 1.

The singular values are ordered in decreasing order, so the weighted sum is maximized by placing
unit weight on the first k terms:

d∑
i=1

σ2
i ai ≤

k∑
i=1

σ2
i .

This upper bound is attained by V = U = [q1, ..., qk]. Since U⊤BH = U⊤Bres, we obtain∥∥V ⊤BH

∥∥2
F
≤

∥∥U⊤BH

∥∥2
F
=

k∑
i=1

σ2
i (Bres).

This proves the claim. □

A.2 PROOF OF PROPOSITION 2

Let QH = (TΠ)#P̃H and QF = (TΠ)#P̃F , where TΠ(z) = Πz. Consider any coupling γ ∈
Π(QH , P̃F ) and let (X,Y ) ∼ γ. Because X lies in the range of Π, we have ΠX = X and
(Ik −Π)X = 0. The retained and removed components are orthogonal, so

||X − Y ||22 = ||Π(X − Y )||22 + ||(Ik −Π)(X − Y )||22
= ||Π(X − Y )||22 + ||(Ik −Π)Y ||22.

The joint distribution of (X,ΠY ) is a coupling of QH and QF . Therefore,

Eγ

[
||X −ΠY ||22

]
≥W 2

2 (QH , QF ).

The second term depends only on the marginal distribution of Y , which gives

Eγ

[
||(Ik −Π)Y ||22

]
= EY∼P̃F

[||(Ik −Π)Y ||22].
It follows that

W 2
2 (QH , P̃F ) ≥W 2

2 (QH , QF ) + EY∼P̃F
[||(Ik −Π)Y ||22].

It remains to show that this lower bound is attainable. Let η be an optimal coupling between QH

and QF . Sample (X,U) ∼ η, and then sample Y from the conditional distribution of P̃F given
ΠY = U . This gives a coupling between QH and P̃F for which (X,ΠY ) ∼ η. Hence,

E
[
||X − Y ||22

]
= E

[
||X −ΠY ||22

]
+ E

[
||(Ik −Π)Y ||22

]
= W 2

2 (QH , QF ) + EY∼P̃F

[
||(Ik −Π)Y ||22

]
.
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Combining the two inequalities gives

W 2
2 (QH , P̃F ) = W 2

2 (QH , QF ) + EY∼P̃F

[
||(Ik −Π)Y ||22

]
.

Let µF and ΣF be the mean and covariance of P̃F . The remaining expectation can be written as

E
[
||(Ik −Π)Y ||22

]
= ||(Ik −Π)µF ||22 + tr

(
(Ik −Π)ΣF (Ik −Π)

)
= ||(Ik −Π)µF ||22 + tr

(
(Ik −Π)ΣF

)
.

Substituting this expression gives

W 2
2

(
(TΠ)#P̃H , P̃F

)
= W 2

2

(
(TΠ)#P̃H , (TΠ)#P̃F

)
+

∥∥(Ik −Π)µF

∥∥2
2
+ tr

(
(Ik −Π)ΣF

)
.

Thus, whenever the removed subspace contains nonzero faithful energy, the projected distribution
remains at a strictly positive Wasserstein distance from P̃F . □

A.3 PROOF OF PROPOSITION 3

Let X = Z − µH and δ = µF − µH . Then E [X] = 0, Cov(X) = ΣH , and

TA(Z)− Z = δ + (A− Ik)X.

Since the cross term has zero expectation,

E
[
||TA(Z)− Z||22

]
= ||δ||22 + E

[
||(A− Ik)X||22

]
= ||δ||22 + tr

[
(A− Ik)ΣH(A− Ik)

⊤]
= ||µF − µH ||22 + tr(ΣH) + tr(AΣHA⊤)− 2 tr(AΣH)

= ||µF − µH ||22 + tr(ΣH) + tr(ΣF )− 2 tr(AΣH).

The first three terms are independent of A. Thus, minimizing the expected distortion is equivalent
to solving

max
A:AΣHA⊤=ΣF

tr(AΣH).

For any feasible A, define Q = Σ
− 1

2

F AΣ
1
2

H . The feasibility constraint implies

QQ⊤ = Σ
− 1

2

F AΣHA⊤Σ
− 1

2

F = Ik.

So Q is orthogonal. We can write A = Σ
1
2

FQΣ
− 1

2

H , which gives tr(AΣH) = tr(QΣ
1
2

HΣ
1
2

F ). Let

M = Σ
1
2

HΣ
1
2

F . By the von Neumann trace inequality, for any orthogonal Q,

tr(QM) ≤ ||M ||⋆ = tr
(
(MM⊤)

1
2

)
.

Since MM⊤ = Σ
1
2

HΣFΣ
1
2

H , we have

tr(AΣH) ≤ tr
[
(Σ

1
2

HΣFΣ
1
2

H)
1
2

]
.

We define S = (Σ
1
2

HΣFΣ
1
2

H)
1
2 . The proposed matrix A⋆ = Σ

− 1
2

H SΣ
− 1

2

H is feasible. Furthermore,

tr(A⋆ΣH) = tr(Σ
− 1

2

H SΣ
1
2

H) = tr(S).

Therefore, A⋆ attains the upper bound and therefore minimizes the expected displacement. It re-
mains to show that the minimizer is unique. Let M = UΛV ⊤ be a singular value decomposition
of M . Since ΣH and ΣF are positive definite, every singular value in Λ is strictly positive. For any
orthogonal Q,

tr(QM) = tr(V ⊤QUΛ) ≤ tr(Λ).

The equality holds only when V ⊤QU = Ik. Hence, the corresponding feasible A is unique. Since
A⋆ attains the maximum, it is the unique minimizer. Consequently, T ⋆ is the unique affine map that
matches the first and second moments of the target with the smallest expected squared change, even
when the source distribution is non-Gaussian. □
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B IMPLEMENTATION AND EVALUATION DETAILS

Backbones and Calibration Data. We evaluate ResOT on LLaVA-1.5-7B, InstructBLIP-Vicuna-
7B, and mPLUG-Owl2-LLaMA2-7B. For the vanilla models and ResOT, we use greedy decoding.
For each backbone, we use the same 5,000 calibration pairs from the LURE training data (Zhou
et al., 2024). Each pair contains an image from the COCO training set, a faithful caption from
LLaVA-Instruct-150K, and a corresponding hallucinated caption generated by GPT-3.5.

Evaluation Protocols. For POPE, we evaluate on the random, popular, and adversarial splits, each
containing 3,000 samples. We parse each response by checking whether its first generated word is
“yes” or “no”; otherwise, the prediction is labeled as unknown and counted as incorrect. For CHAIR,
we evaluate object hallucination on the COCO 2014 validation set (Lin et al., 2014). Following prior
work (Huang et al., 2024; Yang et al., 2025a), we use the subset of 500 images selected by OPERA
for evaluation. We use the fixed prompt: Please describe this image in detail. For MME, we follow
the official yes/no evaluation protocol. Each image is paired with two questions, and the score
combines question-level accuracy with image-level pair accuracy. For GPT-assisted open-ended
evaluation, we use GPT-4o as an external judge to assess image description quality. Given an image,
the prompt and two model responses, GPT-4o assigns each response a score from 1 to 10 for visual
accuracy and detailedness. We repeat each comparison five times and report the mean score.

Baseline Implementation. We compare with decoding-based methods, including OPERA, VCD,
HALC, and SGRS, and representation-level methods, including ICT, VTI, VISTA, Nullu, HulluEdit,
and Revis. For each baseline, we use the official code and the hyperparameters recommended in the
corresponding paper. Vanilla and ResOT use greedy decoding. OPERA uses beam search with five
beams, while SGRS uses saliency-guided top-k rejection sampling. Within each benchmark, we
keep the LVLM backbone, prompt, and maximum generation length the same across all methods.

Hyperparameter Settings. ResOT uses two rank parameters. The rank r determines the number
of dominant directions used to estimate the faithful and hallucinated subspaces, while k determines
the dimension of the residual repair subspace. We set r = k and select this shared rank from
{8, 16, 32, 64, 128}. The repair strength α is selected from {0.1, 0.2, . . . , 1.0}. At each decoding
step, repair is applied only to the final-position hidden state in decoder layers 16–31. We set the
covariance shrinkage coefficient to ρ = 0.05 and the numerical stability term to ϵ = 10−6. For each
layer, the correction threshold is set to the 95th percentile of OT correction norms computed from
the hallucinated calibration representations.

We split the calibration set by image into fitting and validation subsets of 4,500 and 500 pairs,
respectively. The fitting subset is used to estimate the residual subspaces and Gaussian OT maps,
while the validation subset is used to select the shared rank r = k and repair strength α. For
each candidate configuration, we measure generative hallucination using CHAIRi based on COCO
ground-truth object annotations, object-level multimodal preservation using balanced accuracy on
yes/no questions constructed from present and absent objects, and generation quality using BLEU-
1 against the faithful reference captions. We first retain the five configurations with the highest
balanced accuracy, and then select the one with the best average rank across CHAIRi and BLEU-1.
After selecting r = k and α, we estimate the residual subspaces and Gaussian OT maps using all
5,000 calibration pairs.

C ADDITIONAL EXPERIMENTAL RESULTS

C.1 MORE EVALUATION OF CAPTION QUALITY

Across the methods reported in Table 5, ResOT achieves the highest scores on BLEU-1–4 (Papineni
et al., 2002), ROUGE-L (Lin, 2004), CLIPScore (Hessel et al., 2021) and SPICE (Anderson et al.,
2016) for all three backbones. The gains are largest on LLaVA-1.5 and mPLUG-Owl2, while In-
structBLIP shows smaller but consistent improvements. These results indicate that ResOT preserves
and generally improves generation quality across different LVLMs.
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Table 5: Comparison of caption quality across different LVLMs. Higher values are better.

Model Method BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L CLIPScore SPICE

LLaVA-1.5
Vanilla 0.1739 0.1174 0.0738 0.0465 0.1804 0.8174 0.1827
Nullu 0.1581 0.1091 0.0689 0.0429 0.1707 0.8215 0.1761
ResOT 0.2334 0.1554 0.0979 0.0609 0.2062 0.8251 0.1961

mPLUG-Owl2
Vanilla 0.1559 0.1157 0.0740 0.0472 0.1788 0.8180 0.1783
Nullu 0.1830 0.1243 0.0788 0.0496 0.1915 0.8217 0.1926
ResOT 0.2293 0.1565 0.1014 0.0654 0.2213 0.8281 0.2105

InstructBLIP
Vanilla 0.1740 0.1224 0.0790 0.0505 0.1779 0.8151 0.1884
Nullu 0.1658 0.1162 0.0747 0.0475 0.1762 0.8139 0.1859
ResOT 0.1770 0.1241 0.0803 0.0514 0.1849 0.8180 0.1887

Table 6: AMBER results across three LVLM backbones. Lower CHAIR, Hal, and Cog indicate less
hallucination, while higher Cover indicates better object coverage.

Backbone Method CHAIR ↓ Cover ↑ Hal ↓ Cog ↓

LLaVA-1.5
Vanilla 7.6 48.7 35.4 4.2
Nullu 7.6 49.2 37.8 3.7
ResOT 6.0 48.2 25.1 2.4

mPLUG-Owl2
Vanilla 9.3 50.3 40.8 5.3
Nullu 6.6 48.3 27.7 3.0
ResOT 5.0 48.9 21.3 1.8

InstructBLIP
Vanilla 7.5 52.8 36.3 3.8
Nullu 8.6 51.3 33.9 3.6
ResOT 6.4 52.9 31.1 3.2

C.2 RESULTS ON ADDITIONAL BENCHMARKS

We further evaluate ResOT on additional hallucination and multimodal benchmarks. AM-
BER (Wang et al., 2023) provides fine-grained analysis of object hallucination, while MMHal-
Bench (Sun et al., 2024) evaluates hallucination in open-ended responses. We also use MM-Vet (Yu
et al., 2024b), MMMU (Yue et al., 2024), TextVQA (Singh et al., 2019), ScienceQA (Lu et al.,
2022), and MMBench (Liu et al., 2024c) to assess broader multimodal capabilities.

Results on AMBER. On AMBER, ResOT achieved the lowest CHAIR, Hal, and Cog scores on
all three backbones (Table 6). Its object coverage remains close to the best result for each backbone.
Therefore, the reduction in hallucinations is accompanied by a slight change in the object coverage.

Results on MMHal-Bench. On MMHal-Bench, ResOT achieves the highest average score on all
three backbones and reduces the hallucination rate compared to Vanilla (Table 7). It obtains the
lowest hallucination rate on LLaVA-1.5 and InstructBLIP and ties with Nullu on mPLUG-Owl2.

Results on MM-Vet. ResOT improves the overall MM-Vet score across all three backbones (Ta-
ble 8). Performance varies across individual skills, but the overall score consistently increases for
every model. Together with the hallucination results, this suggests that ResOT reduces hallucination
without broadly degrading multimodal capability.

Evaluation on Additional Multimodal Benchmarks. Across MMMU, TextVQA, ScienceQA,
and MMBench, ResOT consistently outperforms Nullu across all three backbones (Table 9). Com-
pared with the vanilla models, ResOT improves performance in 9 of the 12 settings and matches
the baseline in one, with only modest decreases on TextVQA for mPLUG-Owl2 and InstructBLIP.
Overall, the results show that ResOT preserves or improves general multimodal performance while
reducing hallucination.
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Table 7: MMHal-Bench results across three LVLM backbones. Avg. denotes average score, and
Hall. denotes hallucination rate.

Method LLaVA-1.5 mPLUG-Owl2 InstructBLIP

Avg. ↑ Hall. ↓ Avg. ↑ Hall. ↓ Avg. ↑ Hall. ↓
Vanilla 2.1250 0.6458 1.9479 0.6667 1.8229 0.6458
Nullu 2.1146 0.6562 1.9583 0.6458 1.6250 0.6979
ResOT 2.2708 0.5938 2.0104 0.6458 1.9583 0.6146

Table 8: MM-Vet results across three LVLM backbones. We report scores on recognition (Rec.),
OCR, knowledge (Know.), generation (Gen.), spatial reasoning (Spat.), math, and the overall total
score. Higher scores indicate better performance.

Backbone Method Rec. OCR Know. Gen. Spat. Math Total

LLaVA-1.5 Vanilla 34.0 22.6 16.1 20.1 24.4 11.5 29.5
ResOT 34.6 23.2 16.3 19.4 27.1 11.5 31.0

mPLUG-Owl2 Vanilla 38.7 27.0 23.8 25.4 29.5 3.8 34.3
ResOT 38.2 28.2 23.6 24.9 30.9 3.8 34.5

InstructBLIP Vanilla 30.9 15.9 15.4 16.0 17.3 8.1 25.8
ResOT 33.5 17.1 19.6 18.0 18.1 7.3 27.7

C.3 COMPLEXITY ANALYSIS

ResOT estimates the residual subspace and Gaussian OT map offline, while online inference only
applies the transport maps to the current token hidden representations. Let L denote the number
of intervened layers. At each layer, projection into the residual subspace and reconstruction in the
original representation space cost O(dk). Evaluating the affine transport map and the Gaussian
likelihood ratio costs O(k2), while correction clipping costs O(k). The total additional computation
per generated token is therefore O(L(dk + k2)). Since k ≪ d, the dominant term is O(Ldk).
Storing the residual bases, transport maps, and Gaussian statistics requires O(L(dk+ k2)) memory.

On LLaVA-1.5, ResOT retains 81.24% of the throughput of its paired vanilla run and increases peak
GPU memory by 8.15 MiB (Table 10). All efficiency measurements in Table 10 were conducted
under the same hardware configuration. The additional state is stored separately from the model
weights, so the intervention can be enabled or disabled without modifying the backbone checkpoint.

D SENSITIVITY AND ABLATION ANALYSIS

D.1 QUANTITATIVE ANALYSIS OF REPRESENTATIONS

For the analyses in this subsection, we fit the subspaces and transport maps on 4,000 paired descrip-
tions and evaluate them on the remaining 1,000 pairs. All visualizations and quantitative results are
computed on the held-out split.

Visualization across Layers. Figure 6 extends the representation visualization to layers 16, 24 and
31. Across all three layers, we observe a consistent pattern: the residual subspace makes the differ-
ence between faithful and hallucinated representations more apparent, while Gaussian OT moves the
hallucinated distribution toward the faithful one. This shows that the representation pattern observed
at layer 31 is not specific to a single layer.

Subspace Separability. To quantify the localization achieved by subspace construction, we com-
pare the separability of faithful and hallucinated representations in the Nullu-style subspace and the
ResOT residual space before repair. As shown in Table 11, the residual space consistently yields
a higher Mahalanobis distance, LDA accuracy, and LDA AUC across all evaluated layers, demon-
strating that it better isolates hallucination-related deviations.
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Table 9: Results on MMMU, TextVQA, ScienceQA, and MMBench across three LVLM backbones.
Higher values are better.

Model Method MMMU TextVQA ScienceQA MMBench

LLaVA-1.5
Vanilla 35.22 45.87 65.25 61.76
Nullu 34.89 43.04 64.95 59.29
ResOT 35.89 46.15 65.49 61.76

mPLUG-Owl2
Vanilla 36.56 55.36 68.07 63.62
Nullu 36.11 55.04 68.02 63.24
ResOT 36.67 55.17 68.22 63.85

InstructBLIP
Vanilla 31.67 33.25 54.19 26.16
Nullu 31.67 31.11 54.27 24.73
ResOT 33.11 33.01 54.83 27.32

Table 10: Inference efficiency on LLaVA-1.5 with 128 generated tokens. Changes are computed
against each method’s paired Vanilla run.

Method Tokens/s (vs. Vanilla) ↑ Peak Memory Increase (MiB) ↓ Preserves LVLM Weights

OPERA 0.752 (−97.87%) 25219.631 ✓

VCD 17.462 (−52.64%) 724.160 ✓

HALC 1.858 (−95.21%) 4728.521 ✓

ICT 24.285 (−39.46%) 0.250 ✓

VTI 29.940 (−24.77%) 56.504 ✓

VISTA 22.200 (−51.43%) 3761.718 ✓

Nullu 45.850 (−1.64%) 0.000 ✗

HulluEdit 17.843 (−56.16%) 112.595 ✓

ResOT 40.071 (−18.76%) 8.147 ✓

Center Alignment by Gaussian OT. Table 12 further quantifies the repair effect. Faithful and
hallucinated centers are clearly separated in the residual subspace before repair. After applying
Gaussian OT, the distance between the faithful and repaired centers is significantly reduced.

Selectivity of Representation Repair. For each class C ∈ {F,H}, we measure the average rela-
tive displacement of each sample in the full latent space:

Dℓ
C =

1

NC

NC∑
i=1

∥∥∥hℓ,after
C,i − hℓ,before

C,i

∥∥∥
2∥∥∥hℓ,before

C,i

∥∥∥
2

. (10)

Here, NC is the number of samples in class C, and the hidden states are measured before and after
repair. For this analysis, we set α = 1. Table 13 shows that hallucinated representations exhibit
larger relative displacements than faithful representations across layers. This difference shows that
ResOT applies the repair selectively rather than shifting all representations uniformly.

D.2 HYPERPARAMETER SENSITIVITY

Figure 7 analyzes the sensitivity of ResOT to the repair strength α and residual subspace rank on
LLaVA-1.5. With the rank fixed at 32, increasing α generally lowers Cs and improves BLEU-1,
while MME peaks at α = 0.8 and drops beyond this point. Smaller ranks favor Cs and BLEU-1,
whereas ranks above 32 weaken all three metrics. The sensitivity analysis shows that larger repair
strength is not uniformly beneficial and that overly large residual ranks can degrade performance.

D.3 GAUSSIAN DIAGNOSTICS IN THE RESIDUAL SUBSPACE

ResOT models faithful and hallucinated residual representations with Gaussian distributions to ob-
tain a closed-form transport map. We therefore examine how well this approximation describes the
residual representations used to estimate the OT maps. We use the same 5,000 calibration pairs af-
ter hyperparameter selection. At each layer, faithful and hallucinated residual vectors are whitened
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Original hidden space at layer 16

Faithful
Hallucinated

Nullu-style subspace at layer 16 ResOT before repair at layer 16 ResOT after repair at layer 16

Original hidden space at layer 24 Nullu-style subspace at layer 24 ResOT before repair at layer 24 ResOT after repair at layer 24

Original hidden space at layer 31 Nullu-style subspace at layer 31 ResOT before repair at layer 31 ResOT after repair at layer 31

Figure 6: Representation visualizations across layers. Rows correspond to layers 16, 24, and 31.
Columns show the original representation space, the Nullu-style subspace, and the ResOT residual
subspace before and after repair. We use PCA for visualization.
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Figure 7: Sensitivity analysis of the repair strength α and residual subspace rank on LLaVA-1.5. For
α sensitivity, we fix the rank to 32. For rank sensitivity, we fix α to 0.7.

separately using their estimated means and covariances. For the marginal analysis, we aggregate
the whitened coordinate values across samples and dimensions and compare them withN (0, 1). To
examine the joint distribution, we compute the squared Mahalanobis distance of each residual vector
and compare its distribution with χ2

k, where k is the residual dimension.

Figure 8 provides a detailed view at layer 31. The whitened marginal distributions broadly follow
the standard normal reference, and the normal Q–Q plots remain close to the diagonal over much
of the central range. Larger deviations appear toward the tails. The Mahalanobis Q–Q plots show
more noticeable departures from the χ2

k reference, indicating that the joint residual distributions
are not exactly multivariate Gaussian. Thus, the marginal coordinates are reasonably approximated
by Gaussian distributions in their central regions, while the full joint distributions retain structure
beyond a Gaussian model.

Figure 9 extends the diagnostic across all repaired layers. The marginal KS distances remain rel-
atively small and stable across layers, whereas the Mahalanobis KS distances are generally larger.
The same pattern appears across all three backbones, suggesting that the behavior observed at layer
24 is not specific to a single layer or model.

Overall, these diagnostics support using a Gaussian model as a compact approximation of the resid-
ual distributions rather than as an exact description of their full shape. ResOT uses the estimated
means and covariances to construct the transport map, while the observed departures from Gaus-
sianity are concentrated more strongly in the joint distribution and its tails.
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Table 11: Separability between faithful and hallucinated LLaVA-1.5 representations in the subspace
on the evaluation split. Higher values indicate stronger separability.

Layer Setting Mahalanobis Dist. ↑ LDA Acc. ↑ LDA AUC ↑

16 Nullu-style 1.5033 0.7795 0.8674
ResOT before repair 2.4725 0.8865 0.9544

24 Nullu-style 1.3405 0.7590 0.8366
ResOT before repair 2.1708 0.8565 0.9351

31 Nullu-style 1.2530 0.7325 0.8161
ResOT before repair 1.9297 0.8460 0.9149

Table 12: Center-distance analysis across layers. F , H , and R denote faithful, hallucinated, and
repaired representations, respectively.

Layer Nullu (F → H) Before repair (F → H) After repair (F → R)

16 1.9758 1.2845 0.0537
24 4.0293 2.9075 0.1265
31 4.4187 2.5757 0.0994

Table 13: Average relative displacement of faithful and hallucinated samples in the representation
space. H/F denotes the ratio of hallucinated to faithful displacement. The 16–31 row reports the
average across all selected layers.

Layer Faithful (%) Hallucinated (%) H/F

16 1.5903 7.1353 4.49×
24 1.1953 5.9745 5.00×
31 1.3840 4.2196 3.05×

16–31 1.3425 6.0281 4.49×

E LIMITATION

ResOT uses a low-dimensional Gaussian model to define the transport target. This model can cap-
ture differences in mean and covariance but does not describe all higher-order structure in the resid-
ual distributions. In addition, calibration uses representations from complete descriptions, whereas
repair is applied to a partially generated context. This potential distributional shift remains insuf-
ficiently explored. Our evaluation focuses primarily on object hallucination. The applicability of
ResOT to other forms of multimodal error remains to be verified.
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Figure 8: Gaussian diagnostics at layer 31. Columns show histograms of whitened coordinates
(left), normal Q–Q plots (middle), and Mahalanobis Q–Q plots (right). Green and red denote faith-
ful and hallucinated representations, respectively. Dashed black lines show the standard normal
reference in the histograms and y = x in the Q–Q plots.

0.00

0.02

0.04

0.06

0.08

KS
 d

ist
an

ce

Coordinates vs. N(0, 1)

0.0

0.1

0.2

0.3

0.4

0.5

KS
 d

ist
an

ce

Distances vs. χ2
k

0.00

0.02

0.04

0.06

0.08

KS
 d

ist
an

ce

0.0

0.1

0.2

0.3

0.4

0.5

KS
 d

ist
an

ce

16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31

Layer

0.00

0.02

0.04

0.06

0.08

KS
 d

ist
an

ce

16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31

Layer

0.0

0.1

0.2

0.3

0.4

0.5

KS
 d

ist
an

ce

LL
aV

A-
1.
5

m
PL

U
G
-O

w
l2

In
st
ru

ct
BL

IP

Faithful Hallucinated

Figure 9: Gaussian diagnostics across layers 16–31. Columns report the KS distance of whitened
coordinate values to N (0, 1) (left) and the KS distance of squared Mahalanobis distances to χ2

k
(right). Green and red curves denote faithful and hallucinated representations, respectively.
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