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Abstract

Large Vision-Language Models (LVLMs) fre-
quently suffer from object hallucination. Ex-
isting training-free interventions primarily ma-
nipulate attention weights, which indirectly af-
fect the deep semantics reaching the final pre-
dictive layers. In this work, we shift our fo-
cus to the hidden state vectors extracted after
self-attention and residual addition. Empirical
analysis reveals that hallucinated tokens do not
simply over-rely on linguistic priors; instead,
they exhibit an anomalous contextual devia-
tion, showing significantly lower similarities to
both textual and visual contexts in intermediate
layers. Motivated by this, we propose ROT, a
layer-specific, training-free framework. ROT
dynamically detects semantic deviation in the
middle layers and applies a norm-preserving
rotation to steer the hidden states back toward
the local multimodal context plane spanned by
the contexts. For subsequent layers, a represen-
tational smoothing mechanism is introduced to
stabilize the calibrated trajectory. Extensive ex-
periments on multiple benchmarks demonstrate
that ROT consistently reduces hallucinations
across various model architectures and scales,
offering an efficient, geometry-driven solution
for grounded generation.

1 Introduction

Large Vision-Language Models (LVLMs) have
demonstrated exceptional capabilities in integrating
visual perception with linguistic reasoning. How-
ever, these models are persistently plagued by ob-
ject hallucination, generating descriptions of ob-
jects or attributes that are inconsistent with the vi-
sual input (Li et al., 2023; Zhou et al., 2023). This
fundamental flaw poses severe reliability risks for
real-world applications. While extensive efforts
have been made to mitigate hallucinations via in-
struction tuning, such training-based paradigms
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are often computationally prohibitive. Conse-
quently, training-free inference-time interventions
have emerged as an efficient alternative to dynami-
cally calibrate model outputs.

Recent inference-time interventions have made
notable strides in this direction. For instance, some
approaches adjust visual information propagation
in the middle layers (Jiang et al., 2025), selectively
drop visual tokens based on epistemic uncertainty
(Fang et al., 2024), or leverage gradient-aware
saliency to filter ungrounded tokens (Zhang et al.,
2026). Despite their effectiveness, these methods
primarily manipulate attention weights or passively
filter input contexts. We argue that solely adjusting
attention weights does not directly determine the
actual semantic content reaching the final predic-
tive layers. To effectively rectify hallucinations,
we shift our focus to the hidden state vectors after
self-attention and before the feed-forward network.

To understand the dynamics of these hidden
states during hallucination, we extract the normal-
ized attention matrix at a given layer k to aggregate
the hidden states of the previous layer, yielding a
textual context vector CT and a visual context vec-
tor CV . Under a simple language-prior explanation,
one might expect hallucinated tokens to exhibit
stronger alignment with the textual context CT .
However, our empirical analysis shows that the hid-
den states of hallucinated tokens hk exhibit lower
cosine similarities with both CT and CV . This ob-
servation resonates with recent findings that hallu-
cinations often begin where contextual memory or
saliency drops (Zhang et al., 2026). These results
suggest that, for the analyzed object-hallucination
cases, over-reliance on textual priors alone is in-
sufficient to characterize the observed hidden-state
behavior; instead, hallucinated representations ex-
hibit a simultaneous contextual deviation from both
modality-specific anchors.

Recognizing this behavior, we propose ROT, a
training-free framework featuring layer-specific
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Figure 1: The overall framework of the proposed ROT method. The process consists of two stages: (1) Dynamic
Hallucination Detection in the critical middle layers, which identifies contextual deviation based on the similarities
between the hidden state and multimodal contexts; and (2) Layer-Specific Hidden State Mitigation, which applies a
norm-preserving rotation in the intermediate layers to steer the deviating representation back toward the grounded
factual plane, followed by a representational smoothing mechanism in subsequent layers to maintain stability during
propagation.

hidden state intervention. As shown in Figure
1, we formulate a deviation indicator E, which is
derived from the complement of the cosine sim-
ilarities between the current hidden state hk and
the two context vectors CT and CV . Our layer-
wise analysis reveals that the value of E is pre-
dominantly high in the middle transformer layers,
indicating a high propensity for hidden states to
experience severe semantic deviation in these in-
termediate stages. Consequently, we specifically
target the middle layers for hallucination detection.
When E exceeds a predefined threshold, it signifies
an erroneous semantic deviation, thereby triggering
the mitigation mechanism.

For mitigation within these middle layers, in-
stead of manipulating attention weights, we intro-
duce a Hidden State Rotation strategy. To explicitly
correct the deviation, we rotate the hidden state hk
toward the plane spanned by CT and CV . Crucially,
this rotation is norm-preserving, ensuring that the
erroneous semantic direction is steered back to a re-
liable context without compromising the token’s in-
herent representation strength. Furthermore, for the

Transformer layers subsequent to the middle layers,
we introduce a smoothing mechanism to maintain
stability. For each layer in this later stage, we up-
date the representation by performing a weighted
interpolation between the current hidden state and
the output from the preceding layer using a con-
trollable smoothing factor. This ensures that the
corrected semantic trajectory smoothly propagates
to the final predictive layers.

Extensive experiments on widely adopted bench-
marks (e.g., CHAIR, POPE, and MME) demon-
strate the superiority of our proposed method across
various LVLM architectures. In summary, our main
contributions are as follows:

• We propose a novel perspective for mitigating
LVLM hallucinations by shifting the interven-
tion focus from attention weights to hidden
state vectors, addressing the semantic devia-
tion directly in the hidden space.

• We introduce a robust hallucination detection
mechanism based on hidden state dynamics.
By observing that the semantic deviation indi-



cator E is predominantly high in the middle
layers, we utilize a similarity-based thresh-
old to precisely detect hallucinations in these
susceptible intermediate stages.

• We design a layer-specific mitigation strategy.
For deviating hidden states in the middle lay-
ers, we perform a norm-preserving rotation
towards the plane formed by textual and vi-
sual context vectors; for subsequent layers, we
employ a smoothing mechanism to maintain
representational stability.

2 Related Work

2.1 Large Vision-Language Models
The rapid evolution of Large Language Models
has catalyzed the development of Large Vision-
Language Models, extending their profound rea-
soning capabilities into the multimodal domain.
Models such as LLaVA (Liu et al., 2023) bridge the
gap between modalities by aligning visual encoders
with pre-trained language models through visual
instruction tuning. Subsequent advancements, such
as Qwen-VL (Bai et al., 2023), have further en-
hanced these capabilities by introducing robust fine-
grained perception and supporting multi-image in-
teractions at varying resolutions. Despite their re-
markable success in diverse applications ranging
from visual question answering to complex rea-
soning, these models predominantly suffer from a
critical vulnerability: they frequently generate plau-
sible yet ungrounded text, a phenomenon widely
recognized as hallucination.

2.2 Object Hallucination in LVLMs
Object hallucination in LVLMs refers to the gen-
eration of objects, attributes, or relationships that
are completely inconsistent with the provided vi-
sual input. Previous studies indicate that this flaw
primarily stems from an over-reliance on statisti-
cal language priors, inadequate visual-linguistic
alignment, and the inherent uncertainty during au-
toregressive decoding. To systematically quan-
tify this issue, several authoritative benchmarks
have been established. The CHAIR benchmark
(Rohrbach et al., 2018) evaluates hallucinations in
open-ended image captioning by analyzing the pro-
portion of generated ungrounded objects at both
the instance and sentence levels. More recently, the
POPE benchmark (Li et al., 2023) was introduced
to assess the phenomenon in a more controlled,
discriminative manner by framing the evaluation

as a binary classification task regarding object ex-
istence. These metrics have become the standard
testbed for evaluating the reliability of LVLMs.

2.3 Training-Free Inference Intervention

To mitigate hallucinations, researchers have ex-
plored both training-based and inference-time
strategies. Given the prohibitive computational
cost of retraining or RLHF alignment for massive
LVLMs, training-free inference interventions have
emerged as a highly efficient and scalable alter-
native. Recent methods primarily fall into three
paradigms. Visual Contrastive Decoding (Leng
et al., 2024) mitigates the over-reliance on language
priors by contrasting the output distributions be-
tween original and distorted visual inputs, though
it fundamentally doubles the inference latency. At-
tention manipulation approaches, such as OPERA
(Huang et al., 2024), introduce an over-trust penalty
during beam search to trigger rollbacks when the
model exhibits abnormal attention patterns. Feature
injection methods, like MemVR (Zou et al., 2024),
attempt to combat visual amnesia by performing
memory-space visual retracing, which overwrites
intermediate hidden states with key-value represen-
tations.

While these methods have demonstrated con-
siderable success, they primarily rely on passive
logits contrast, indirect attention manipulation, or
rigid state substitution. In contrast, our proposed
ROT framework pioneers a fundamentally differ-
ent perspective. By discovering that hallucinated
tokens suffer from a severe directional deviation
in the hidden semantic space, ROT is the first to
introduce an active geometric intervention. Rather
than merely penalizing weights or replacing tokens,
ROT directly rectifies the generation trajectory via
a norm-preserving rotation. This targeted direc-
tional correction effectively re-anchors the hidden
state to the factual multimodal subspace while pre-
serving the original representational intensity, of-
fering a highly efficient and structurally elegant
solution to LVLM hallucinations.

3 Motivation and Empirical Analysis

3.1 Preliminaries of Hidden States in LVLMs

Large Vision-Language Models typically adopt a
Transformer-based architecture to process inter-
leaved multimodal inputs. Formally, given an input
sequence consisting of both textual and visual to-
kens, the hidden representations are iteratively up-



dated through multiple Transformer layers. In this
work, we focus on the internal representation dy-
namics during the auto-regressive decoding phase.

At a specific layer k, let Xk−1 denote the se-
quence of hidden states output from the preceding
layer k − 1. During the generation of the current
token, the self-attention mechanism computes the
attention scores between the current query and all
preceding key representations. To analyze the infor-
mation routed from different modalities, we extract
the raw attention weights assigned to all past to-
kens and partition them into two distinct sets based
on token modality: the textual attention weights
and the visual attention weights. To accurately cap-
ture the aggregated semantic influence from each
modality, we independently normalize these parti-
tioned attention weights, yielding Ãt,j for the j-th
text token and Ãv,i for the i-th vision token.

Using these normalized attention weights, we
isolate the multimodal context by computing the
weighted sum of the corresponding hidden states
from Xk−1. Specifically, we construct a textual
context vector CT and a visual context vector CV ,
which are formulated as follows:

CT =
∑
j∈T

Ãt,jX
k−1
j , CV =

∑
i∈V

Ãv,iX
k−1
i (1)

where T and V represent the sets of indices for the
preceding textual and visual tokens, respectively.
The resulting vectors, CT and CV , represent the
isolated semantic subspaces grounded strictly in
the textual and visual contexts.

Furthermore, we define hk as the hidden state
vector of the currently generated token at layer k,
extracted after the self-attention mechanism and the
subsequent residual addition, but prior to the layer
normalization operation. Because hk aggregates
all contextual information and directly dictates the
subsequent predictive trajectory through the Feed-
Forward Network, investigating its geometric rela-
tionship with the modality-specific context vectors
(CT and CV ) provides a fundamental lens into the
semantic dynamics of the model, particularly when
hallucinations occur.

3.2 The Contextual Deviation of Hallucinated
Tokens

To systematically investigate the representation dy-
namics of hallucination, we conduct an extensive
empirical study. We utilize the widely adopted
LLaVA-1.5-7B model and decode 3,000 evaluation
instances from the standard CHAIR benchmark.

Following the official CHAIR evaluation protocol,
we meticulously categorize the generated tokens
into two distinct groups: normal tokens and hallu-
cinated tokens. For each token at a given layer k,
we compute its cosine similarity with the textual
context vector (ST = cos(hk, CT )) and the visual
context vector (SV = cos(hk, CV )). We then av-
erage these similarity scores across the two token
groups for comparative visualization.

Under the prevailing language prior hypothe-
sis, one might naturally expect hallucinated to-
kens to exhibit an over-reliance on linguistic con-
text, which would mathematically manifest as an
anomalously high similarity ST between the hid-
den state hk and the textual context CT . However,
our analysis reveals a striking, counter-intuitive
phenomenon.
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Figure 2: Average cosine similarities of the hidden state
hk with the textual context (ST ) and visual context (SV ).
Hallucinated tokens consistently exhibit significantly
lower similarities to both contexts compared to normal
tokens.

As illustrated in Figure 2, the curves demonstrate
a persistent and significant margin between normal
and hallucinated tokens. Crucially, the represen-
tations of hallucinated tokens exhibit substantially
lower cosine similarities with both the textual con-
text CT and the visual context CV compared to
their factual counterparts.

This observation profoundly refutes the simplis-
tic language prior assumption. The simultaneous
and sharp decline in both ST and SV indicates
that the hidden state hk is semantically derailed.
Rather than over-fitting to one modality, the hal-
lucinated representation completely diverges from
the grounded multimodal subspace spanned by CT

and CV , straying into an erroneous direction in the
high-dimensional vector space.

This geometric divergence serves as the funda-
mental motivation for our method. It implies that
passively scaling attention weights is insufficient;
instead, an active geometric intervention is required
to explicitly steer the diverging hidden states back



to the grounded contextual subspace.

4 Methodology

4.1 Dynamic Hallucination Detection

Building upon the empirical observations in Sec-
tion 3.2, we propose a dynamic detection mech-
anism to identify hallucinated tokens during the
inference phase. Our goal is to quantify the se-
mantic deviation of the hidden state hk relative to
the grounded contextual subspace. To this end, we
define a contextual deviation indicator, denoted as
E, which aggregates the cosine distances between
the current hidden state and the modality-specific
context vectors:

E = (1− ST ) + (1− SV ) = 2− ST − SV (2)

where ST and SV represent the cosine similari-
ties of hk with the textual context CT and visual
context CV , respectively. A higher value of E indi-
cates weaker joint alignment with the two modality-
specific context anchors. We therefore use E as
a contextual-deviation risk indicator for interven-
tion triggering, rather than as a calibrated binary
classifier that necessarily identifies hallucination.

      
          
      

Figure 3: Distribution of the contextual deviation indi-
cator E across different transformer layers for LLaVA-
1.5-7B. The deviation is significantly more pronounced
in the intermediate layers.

As illustrated in Figure 3, we quantify the aver-
age E values across all layers using the LLaVA-1.5-
7B model on the CHAIR benchmark. We observe a
clear hierarchical aggregation effect: the semantic
deviation is not uniformly distributed but is instead
concentrated within specific depths of the trans-
former stack. Specifically, the indicator E remains
relatively low in the early and final layers but ex-
hibits a significant peak in the intermediate stages.
This suggests that the middle layers serve as a criti-
cal transition zone where multimodal features are

fused, and it is within this zone that the hidden
states are most susceptible to derailment.

4.1.1 Top-K Deviating Layers Selection
Based on the observed layer-wise distribution of
E, we implement a selective intervention strategy
rather than applying corrections to the entire net-
work. While this process involves identifying a sub-
set of layers, our approach is fundamentally driven
by the magnitude of semantic divergence rather
than a fixed layer count. Empirically, for models
like LLaVA-1.5-7B, we identify the critical middle
layers where the average deviation E exceeds a
specific sensitivity threshold. In our experimental
setup, this criterion corresponds to layers 6 through
26, which we designate as the active execution zone
for our proposed intervention.

Within these selected intermediate layers, we
further refine the intervention to be token-adaptive
by introducing a trigger threshold τ . For each gen-
erated token, the Norm-Preserving Rotation is acti-
vated if and only if the current deviation indicator
satisfies E ≥ τ . This dual-level selection mecha-
nism ensures that the intervention is both spatially
targeted at susceptible layers and dynamically trig-
gered for specific tokens, effectively rectifying the
generation trajectory only when a significant se-
mantic derailment is detected. Such a design main-
tains the model’s original representational integrity
for factual tokens while precisely capturing and
correcting those undergoing contextual deviation.

4.2 Layer-Specific Hidden State Mitigation

4.2.1 Norm-Preserving Rotation (Top-K
Deviating Layers)

For the intermediate layers identified in the selec-
tion phase, we execute a geometric intervention
termed Norm-Preserving Rotation to explicitly rec-
tify the deviating hidden states. Our objective is
to steer the derailed representation hk back toward
the grounded contextual subspace while preserving
its inherent representational intensity.

First, we define a grounded semantic plane P
formed by the textual and visual context vectors:

P = span{CT , CV } (3)

This plane characterizes a factual subspace within
the high-dimensional hidden space, providing a
grounded reference for rectifying the deviating hk
through rotation. Within this coplanar space, we es-
tablish a reference target direction, Ctarget, which



represents the ideal grounded orientation for the
current token. The orientation of Ctarget is dy-
namically determined by balancing the textual and
visual anchors:

Ctarget = Norm((1− α) · CT + α · CV ) (4)

where Norm(·) denotes the vector normalization
operation, and α ∈ [0, 1] is a hyperparameter that
adjusts the relative proximity of the target direction
toward the visual versus textual context.

Subsequently, we perform a rotation to move the
hidden state hk toward Ctarget. To ensure that the
intervention only modifies the semantic direction
without disrupting the model’s activation magni-
tude, we implement a norm-preserving rotation.
The updated hidden state hnew is formulated using
the principle of spherical linear interpolation:

hnew = ∥hk∥ · Norm (Slerp(hk, Ctarget;β)) (5)

where β ∈ [0, 1] controls the rotation intensity. A
larger β signifies a stronger correction that pulls
hk closer to the grounded plane. By maintaining
∥hnew∥ = ∥hk∥, we guarantee that the calibration
does not inadvertently weaken the feature’s signal
strength before it enters the LayerNorm and the sub-
sequent FFN. This precise directional correction
ensures that the generation trajectory is re-anchored
to the factual multimodal context.

4.2.2 Representational Smoothing
(Subsequent Layers)

While the rotation mechanism effectively recti-
fies peak semantic deviations in the middle layers,
applying aggressive directional changes in the fi-
nal layers of the Transformer stack may interfere
with the stabilization of the probability distribu-
tion over the vocabulary. Therefore, for the layers
subsequent to the active execution zone, we transi-
tion from rotation to a Representational Smoothing
strategy.

In this stage, rather than forcing a geometric
redirection, we aim to enhance the coherence of
the corrected trajectory by incorporating historical
semantic information. For each layer k in the later
stages, the hidden state is updated via a weighted
interpolation with the representation from the pre-
ceding layer:

hk = γhk−1 + (1− γ)hk (6)

where γ ∈ [0, 1] is the smoothing factor. This op-
eration facilitates a more consistent representation

update, allowing the calibrated semantic signals
from the intermediate layers to propagate reliably
to the final prediction head. This dual-stage inter-
vention, which combines rotation for correction
and smoothing for stability, ensures a robust and
grounded generation process throughout the entire
network depth.

5 Experiments

5.1 Experimental Setups

Models. To comprehensively evaluate the effec-
tiveness and generalizability of our proposed ROT
framework, we conduct experiments across mul-
tiple mainstream Large Vision-Language Models
with varying architectures and parameter scales.
Specifically, we select the widely adopted LLaVA-
1.5 series, including LLaVA-1.5-7B and LLaVA-
1.5-13B (Liu et al., 2024c). Furthermore, to val-
idate our method on state-of-the-art models, we
incorporate the Qwen-VL family, utilizing both
Qwen2-VL-7B (Wang et al., 2024b) and the highly
capable Qwen2.5-VL-32B (Bai et al., 2025).

Baselines. We compare ROT against standard
Greedy Decoding and a comprehensive suite
of strong inference baselines. These include
contrastive-based methods such as VCD (Leng
et al., 2024), attention-penalty methods like
OPERA (Huang et al., 2024), and recent ad-
vanced mitigation strategies including RITUAL
(Woo et al., 2024), Vissink (Kang et al., 2025),
SID (Huo et al., 2024), and TAME (Tang et al.,
2025). Additionally, we compare our method with
LVLMs-Saliency (Zhang et al., 2026), a recent
gradient-aware sampling approach.

Benchmarks and Metrics. To evaluate the ef-
fectiveness of our approach in mitigating object
hallucinations, we conduct experiments on three
widely adopted benchmarks: CHAIR (Rohrbach
et al., 2018), POPE (Li et al., 2023), and MME (Fu
et al., 2026). Following standard evaluation proto-
cols, we primarily evaluate the hallucination rate at
the sentence level CS and instance level CI for the
CHAIR benchmark, where lower scores indicate
better hallucination mitigation.

5.2 Main Results

Mitigation of Object Hallucination. We first
evaluate the hallucination mitigation performance
on the LLaVA-1.5-7B model, as detailed in Table



Table 1: Performance comparison of ROT against various state-of-the-art training-free baselines on LLaVA-1.5-7B
across CHAIR, POPE, and MME benchmarks.

CHAIR POPE MME
Method

CS ↓ CI ↓ Recall↑ length↑ Acc↑ F1↑ Exist.↑ Pos.↑ Color↑ Total↑

Greedy 54.4 15.7 75.2 82.7 85.5 85.9 175.67 114.00 151.00 440.67
VCD (Leng et al., 2024) 51.1 14.7 75.2 82.3 85.0 85.3 184.67 128.67 153.00 466.34
OPERA (Huang et al., 2024) 47.0 14.6 74.5 77.1 85.2 84.2 180.67 111.67 123.33 415.67
RITUAL (Woo et al., 2024) 45.2 13.2 74.3 80.3 84.3 85.2 187.50 125.00 164.17 476.67
Vissink (Kang et al., 2025) 52.4 14.5 75.1 83.4 86.5 86.0 190.00 138.33 155.00 483.33
SID (Huo et al., 2024) 44.2 12.8 73.0 80.4 85.8 85.6 183.90 127.80 155.90 467.60
TAME (Tang et al., 2025) 41.3 12.4 74.4 79.9 85.7 85.4 193.00 139.00 164.67 496.67
LVLMs-Saliency (Zhang et al., 2026) 35.6 8.2 75.4 79.5 87.5 87.0 190.00 133.33 175.00 498.33
ROT (Ours) 33.0 6.7 75.6 85.1 86.6 86.3 195.00 143.33 168.33 506.66

Table 2: Generalization performance of ROT across
various LVLM architectures and parameter scales on
CHAIR and the POPE benchmark (including its adver-
sarial, popular, and random subsets).

CHAIR POPE

Adversarial Popular RandomMethod
CS ↓ CI ↓ Acc↑ F1↑ Acc↑ F1↑ Acc↑ F1↑

Base Model: LLaVA-1.5-7B
Greedy 54.4 15.7 80.4 81.7 86.2 86.4 89.9 89.6
VCD 51.1 14.7 81.2 82.1 85.7 85.9 88.0 88.1
MemVR 50.4 14.3 79.8 81.8 86.3 85.9 89.4 89.6
ROT 33.0 6.7 82.3 82.6 87.2 86.6 90.2 89.8

Base Model: LLaVA-1.5-13B
Greedy 41.4 12.7 83.8 84.4 86.1 86.8 87.5 88.4
VCD 44.7 13.1 81.9 81.8 85.7 85.1 87.4 86.6
MemVR 42.2 11.5 81.2 82.4 87.1 85.3 88.2 88.5
ROT 30.8 4.3 85.0 84.5 87.7 86.9 89.5 88.6

Base Model: Qwen2-VL-7B
Greedy 24.2 8.0 85.9 84.8 87.6 86.4 89.3 88.6
ROT 21.4 4.9 87.3 86.2 89.2 88.5 90.5 89.9

Base Model: Qwen2.5-VL-32B
Greedy 43.6 9.5 85.8 84.6 86.9 85.6 88.5 87.1
ROT 30.9 8.7 86.5 85.5 87.4 86.4 89.3 88.1

1. On the CHAIR benchmark, our ROT frame-
work achieves remarkable quantitative improve-
ments, establishing a new standard for training-free
interventions. Compared to the standard greedy
decoding, ROT drastically reduces the sentence-
level hallucination metric CS from 54.4 to 33.0
and the instance-level metric CI from 15.7 to 6.7.
Even when compared to the highly competitive,
second-best method, LVLMs-Saliency, our geomet-
ric intervention proves superior, further depressing
CS by an absolute margin of 2.6 points and CI

by 1.5 points. Transitioning to the POPE bench-
mark, ROT continues to deliver robust quantitative
gains. It elevates the Accuracy from the greedy
baseline of 85.5 to 86.6 and boosts the F1-score
from 85.9 to 86.3, decisively outperforming widely
adopted baseline strategies such as OPERA, VCD,
and TAME. On the comprehensive MME bench-
mark, ROT surpasses all evaluated methods and

achieves a state-of-the-art total score of 506.66.
This validates that correcting the semantic trajec-
tory directly in the hidden space is a highly effec-
tive mechanism for anchoring generation to factual
visual evidence across diverse evaluation protocols.

Generalization Across Architectures and Scales.
To demonstrate the universal applicability and scal-
ability of ROT, we extend our evaluation across
diverse model families and parameter sizes, encom-
passing LLaVA-1.5-7B, LLaVA-1.5-13B, Qwen2-
VL-7B, and Qwen2.5-VL-32B, as presented in Ta-
ble 2. Across all tested architectures, ROT con-
sistently and significantly suppresses hallucinated
outputs on the CHAIR benchmark. Quantitatively,
the intervention achieves an average relative reduc-
tion of 26.4% in CS and an impressive 42.7% in CI

across the four models. Beyond CHAIR, we com-
prehensively assess factual grounding using the
POPE benchmark. Across the four diverse mod-
els and all testing subsets, our method guarantees
steady improvements, yielding consistent Accuracy
lifts of up to 2.0 absolute points relative to their
respective greedy decoding baselines. Exhibiting
robust efficacy even on massive, highly optimized
models like Qwen2.5-VL-32B underscores that the
semantic deviation of hidden states is a fundamen-
tal issue across LVLMs, and our geometric inter-
vention provides a scalable, architecture-agnostic
solution.

5.3 Ablation Study

To validate the efficacy and necessity of the core
components within our proposed framework, we
conduct a comprehensive ablation study on the
CHAIR benchmark. We isolate the two primary
mechanisms of our approach: the Norm-Preserving
Rotation in the intermediate layers (denoted as w/o



Rotation) and the Representational Smoothing in
the subsequent layers (denoted as w/o Smoothing).
The evaluation is performed on both LLaVA-1.5-
7B and Qwen2-VL-7B architectures, with the quan-
titative results presented in Table 3.

Removing the rotation mechanism causes se-
vere performance degradation. On LLaVA-1.5-7B,
omitting rotation drastically increases CI from 6.7
to 12.4 and CS from 33.0 to 40.5. This confirms
that merely applying passive smoothing is insuffi-
cient; actively redirecting the hidden state toward
the grounded factual plane is essential to funda-
mentally correct semantic deviations.

Similarly, disabling the smoothing mechanism
notably increases hallucination rates, degrading
LLaVA-1.5-7B’s CI from 6.7 to 8.3. This indicates
that while rotation effectively anchors the semantic
direction, the absence of subsequent smoothing
allows the calibrated hidden states to destabilize
in deeper layers, triggering secondary ungrounded
fluctuations.

Ultimately, the full ROT framework significantly
outperforms both incomplete variants. The norm-
preserving rotation provides crucial geometric cor-
rection at peak deviation, while smoothing reliably
preserves this structural integrity to the output head,
confirming their strong synergy in mitigating mul-
timodal hallucinations.

Table 3: Ablation study of ROT components on LLaVA-
1.5-7B and Qwen2-VL-7B models across the CHAIR
benchmark.

LLaVA-1.5-7B Qwen2-VL-7B
Method

CS ↓ CI ↓ CS ↓ CI ↓

Greedy 54.5 15.7 24.2 8.0
ROT 33.0 6.7 21.4 4.9
w/o Rotation 40.5 12.4 23.4 6.6
w/o Smoothing 38.2 8.3 21.9 5.2

5.4 Case Study

To intuitively demonstrate the mechanism and ef-
fectiveness of our proposed method, we present a
qualitative case study from the CHAIR benchmark
using the LLaVA-1.5-7B model, as illustrated in
Figure 4.

In this example, given an image of a person skate-
boarding, the baseline model generates a descrip-
tion containing ungrounded objects, specifically
hallucinating a bench situated near the ramp and a
clock on the wall. By analyzing the internal repre-
sentations at the moment of generation, we find that

In the background, there is a bench situated near the 
ramp, and a clock can be seen ...

The scene takes place in a park, with a fence visible in 
the background ...

Low Similarity

High Similarity

Baseline

ROT (Ours)

×

√

ST = 0.36, SV = 0.20

ST = 0.41, SV = 0.24

ST = 0.54, SV = 0.36

Figure 4: Qualitative comparison and hidden state simi-
larities. The baseline model hallucinates a bench and a
clock, which exhibit distinctly lower ST and SV com-
pared to the factual token fence generated by ROT.

these hallucinated tokens exhibit notably low con-
textual similarities. Specifically, the token bench
presents an ST of 0.41 and SV of 0.24, while the
token clock further drops to an ST of 0.36 and SV

of 0.20. These values indicate that the hidden states
of these tokens have deviated significantly from the
grounded textual and visual context.

In contrast, our ROT framework dynamically de-
tects this deviation and applies the norm-preserving
rotation to steer the representation back toward
the grounded semantic plane. As a result, the
model successfully identifies the factual object in
the scene, generating the token fence with signifi-
cantly higher similarities (ST = 0.54, SV = 0.36).
This case demonstrates that ROT effectively re-
anchors the generation trajectory to the visual ev-
idence, replacing ungrounded hallucinations with
accurate, grounded descriptions.

6 Conclusion

In this paper, we introduce ROT, a novel training-
free framework designed to mitigate object hallu-
cinations in LVLMs. Our approach is motivated
by the empirical discovery that hallucinated tokens
exhibit a significant directional deviation in the
hidden semantic space, rather than a simple over-
reliance on language priors. To address this, we
propose a layer-specific intervention strategy con-
sisting of two key components: a norm-preserving
rotation that explicitly corrects the semantic tra-
jectory in the most deviating intermediate layers,
and a representational smoothing mechanism that
ensures stability in subsequent layers. Extensive
experiments across multiple benchmarks, including
CHAIR, POPE, and MME, demonstrate that ROT
consistently reduces hallucination rates and out-
performs various state-of-the-art baselines while
maintaining the model’s fundamental multimodal
capabilities. Our findings underscore the impor-



tance of geometric calibration in the hidden space
as a robust and efficient solution for grounded gen-
eration.

7 Limitations

Despite the effectiveness of the ROT framework,
several limitations remain to be addressed in future
work. First, the construction of the grounded se-
mantic plane is derived solely from the local textual
and visual contexts provided within the model’s at-
tention mechanism. While effective, this approach
does not incorporate external structured knowledge
or global scene graphs, which could potentially of-
fer a more comprehensive reference for resolving
complex hallucinations. Second, the identification
of the critical deviating layers and the selection
of the trigger threshold τ are currently based on
empirical observations from representative model
families. While ROT demonstrates strong general-
ization across different scales (7B to 32B), these
configurations might require adaptive fine-tuning
or automated search strategies when applied to
ultra-large-scale models with significantly different
depth-wise representational dynamics.
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A Algorithm of the ROT Framework

To facilitate a deeper understanding and ensure the
reproducibility of our proposed method, we provide
the detailed pseudocode for the ROT framework in
Algorithm 1.

The algorithm operates during the autoregres-
sive decoding phase at each generation step. It
takes the layer-wise hidden states and attention
distributions as inputs, dynamically computes the
modality-specific contexts, and applies the dual-
stage intervention (Norm-Preserving Rotation and
Representational Smoothing) based on the layer
depth and the contextual deviation indicator E.

B Evaluation Metrics Definitions

To comprehensively evaluate the hallucination mit-
igation performance, we employ three widely used
benchmarks. The detailed formulations of their
respective metrics are defined as follows:

CHAIR Metrics. The Caption Hash Algorithm
for Image Reporting (CHAIR) benchmark quan-
tifies object hallucination in open-ended image
captioning at two different granularities: the in-
stance level (CI ) and the sentence level (CS). The
instance-level metric CI calculates the proportion
of hallucinated object instances among all objects
mentioned by the model:

CI =
# of hallucinated objects

# of all objects mentioned
(7)

The sentence-level metric CS measures the propor-
tion of sentences that contain at least one halluci-
nated object:

CS =
# of sentences with hallucinated objects

# of all sentences
(8)

For both metrics, a lower value indicates a reduced
degree of object hallucination.

POPE Metrics. The Polling-based Object Prob-
ing Evaluation (POPE) frames hallucination evalua-
tion as a binary visual question answering task. We
report the standard Accuracy (Acc) and F1-score:

• Accuracy (Acc): The ratio of correctly an-
swered probing questions (both existing and
non-existing objects) to the total number of
questions.

• F1-score: The harmonic mean of Precision
and Recall. It provides a balanced measure

Algorithm 1 Dynamic Hallucination Detection and
Mitigation via ROT
Input: Current token hidden states X; Normalized
attention weights Ã; Textual token indices T ; Vi-
sual token indices V .
Parameters: Rotation execution zone (layers 1 to
Lmid); Smoothing zone (layers Lmid + 1 to L);
Trigger threshold τ ; Balance factor α; Rotation in-
tensity β; Smoothing factor γ.
Output: Calibrated hidden states for vocabulary
prediction.

1: Initialize h0 as the input embedding of the cur-
rent token.

2: for each transformer layer k = 1 to L do
3: // Forward pass through Self-Attention
4: Attn_Output, Ã ←

Self-Attention(hk−1, X)
5: hk ← hk−1 + Attn_Output ▷ Extract

post-residual hidden state
6: // Context Aggregation
7: CT ←

∑
j∈T Ãt,jX

k−1
j ▷ Textual context

8: CV ←
∑

i∈V Ãv,iX
k−1
i ▷ Visual context

9: // Layer-Specific Interventions
10: if k ≤ Lmid then ▷ Active execution zone

for Rotation
11: ST ← cos(hk, CT )
12: SV ← cos(hk, CV )
13: E ← 2− ST − SV ▷ Calculate

contextual deviation
14: if E ≥ τ then ▷ Trigger

Norm-Preserving Rotation
15: Ctarget ← Norm(α ·CV +(1−α) ·

CT )
16: hnew ← ∥hk∥ ·

Norm (Slerp(hk, Ctarget;β))
17: hk ← hnew ▷ Rectify semantic

trajectory
18: end if
19: else ▷ Subsequent layers for Smoothing
20: hk ← γ · h(prev)k−1 + (1− γ) · hk ▷

Representational smoothing
21: end if
22: h

(prev)
k−1 ← hk ▷ Cache current state for the

next layer’s smoothing
23: // Forward pass through FFN
24: hk ← LayerNorm(hk)
25: hk ← hk + FFN(hk)
26: end for
27: return hL ▷ Final hidden state for language

modeling head



of the model’s ability to correctly identify ex-
isting objects without falsely confirming non-
existent ones.

MME Metrics. For the MME benchmark, we
focus on the foundational perception subtasks (e.g.,
Existence, Position, Color). Following the official
MME scoring protocol, the score for each subtask
is derived from a combination of basic accuracy
and pair-wise accuracy. Specifically, the evaluation
utilizes pairs of positive and negative questions.
The maximum possible score for each subtask is
200, where 100 points correspond to the basic ac-
curacy across all individual questions, and the re-
maining 100 points are awarded based on strict
pair-wise accuracy (i.e., both questions regarding a
specific object must be answered correctly).

C Experimental Details

In this section, we elaborate on the concrete hard-
ware environment and the specific hyperparameter
configurations employed throughout our empirical
evaluations to guarantee reproducibility. All exper-
iments, encompassing both the standard greedy de-
coding baselines and our proposed ROT framework,
are consistently executed on a unified computing
node equipped with an NVIDIA A800 (80GB)
GPU.

The dual-stage intervention mechanism of ROT
is governed by three key hyperparameters: the con-
text balance factor α, the rotation intensity β, and
the representational smoothing factor γ. Taking
CHAIR as an example, for the LLaVA model fam-
ily, the hyperparameters for the LLaVA-1.5-7B
model are established at α = 0.44, β = 0.062, and
γ = 0.51. When scaling up to the larger LLaVA-
1.5-13B architecture, the configurations are tuned
to α = 0.45, β = 0.050, and γ = 0.55. On the
Qwen2-VL-7B model, we configure the interven-
tion framework with α = 0.50, β = 0.048, and
γ = 0.43. For the Qwen2.5-VL-32B model, the
parameters are fine-tuned to α = 0.46, β = 0.024,
and γ = 0.41.

D System Prompts

In our experiments, we design specific system
prompts to guide the Large Vision-Language Mod-
els to generate appropriate responses tailored to
the evaluation formats of different benchmarks. To
ensure fair and rigorous comparisons, these instruc-
tion templates are kept strictly identical across the

baseline methods and our proposed ROT frame-
work.

For the open-ended image captioning task in the
CHAIR benchmark, we utilize a standard descrip-
tive prompt to encourage comprehensive textual
generation:

"Please describe this image in
detail."

For the probing-based tasks in the POPE and
MME benchmarks, we instruct the model to first
briefly analyze the image content and then output
the final binary classification result. This step-by-
step instruction effectively standardizes the output
format for automated exact-match evaluation:

"Please describe the image
content concisely, and then
answer with yes or no at the end."

E Extensive Qualitative Results

To further demonstrate the robust effectiveness of
the ROT framework in mitigating object hallucina-
tions, we present additional qualitative case studies
in this section. These examples illustrate how our
geometric intervention correctly anchors the gener-
ation trajectory across diverse and complex visual
scenes.

As illustrated in Figure 5, the standard greedy
decoding hallucinates non-existent objects, specif-
ically fabricating a “bench” and a “clock”. Our
proposed ROT method effectively corrects this con-
textual deviation, completely eliminating these hal-
lucinations while successfully identifying and gen-
erating the correct factual token “fence”.

In Figure 6, the baseline model erroneously gen-
erates a “handbag” that does not exist in the visual
input. The ROT framework not only removes this
hallucinated object but also demonstrates a strong
capability to capture global visual attributes, accu-
rately describing the overall scene as “black and
white” to match the monochrome nature of the im-
age.

As shown in Figure 7, the greedy strategy suffers
from object hallucination by fabricating a “bench”
in the background. ROT successfully intercepts
this ungrounded semantic shift in the intermedi-
ate layers, yielding a concise and strictly factual
description without introducing any non-existent
instances.

Figure 8 demonstrates a more complex sce-
nario where the baseline model suffers from severe



multi-object hallucinations, incorrectly fabricating
a “truck”, “traffic lights”, and “handbags”. Con-
versely, ROT effectively suppresses this clustered
hallucination and precisely anchors the generation
to the actual visual evidence, accurately identifying
the “bridge”.

                                                              
                                                             
                                                       
                                                               
                                                        
                                                           
                                                          
           

        

          

                                                          
                                                            
                                                         
                                                            
                                                            
                                                 
                                                        
                                 

Figure 5: Qualitative Example 1. ROT successfully
removes the hallucinated “bench” and “clock”, and ac-
curately describes the “fence”.

                                                            
                                                          
                                                   
                                                       
                                                              
                                                           
                   

        

          

                                                           
                                                                
                                                               
                                                                
                                                       

Figure 6: Qualitative Example 2. ROT eliminates
the hallucinated “handbag” and correctly identifies the
“black and white” attribute of the image.

                                                    
                                                                
                                                            
                                                              
                                                      
                                                          
                                                             
                                                          

        

          

                                                             
                                                               
                                                           
                                                      
                                                               
                                                               

Figure 7: Qualitative Example 3. ROT intercepts the
semantic deviation to prevent the hallucination of a
“bench”.



                                                            
                                                        
                                                             
                                                          
                                                             
                                                           
                                                              
                                                            
                                                           
                                              

        

          

                                                        
                                                             
                                                              
                                                         
                                                             
                                                         
                                                           
                                                          
                                                               
                                            

Figure 8: Qualitative Example 4. ROT effectively sup-
presses clustered hallucinations (truck, traffic lights,
handbags) and correctly recognizes the “bridge”.
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