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Abstract. Despite the remarkable capabilities of Large Vision-Language
Models (LVLMs), they remain highly susceptible to hallucinations. Exist-
ing inference-time mitigation strategies largely rely on visual attention as
a diagnostic proxy. However, we demonstrate that this approach is insuf-
ficient in certain cases due to the “anchoring trap,” where parameterized
linguistic priors override correct visual grounding. In this paper, we pio-
neer a representation geometry perspective, identifying hidden states as
a complementary diagnostic signal beyond visual attention. We model
the evolution of hidden states across layers and generation steps as con-
strained sequences governed by a static visual subspace and a dynamic
linguistic subspace within a high-dimensional Euclidean space. We reveal
that hallucinations inherently stem from abrupt structural deviations,
specifically, the spontaneous departure of latent representations from the
visual subspace and their subsequent drift into the linguistic domain.
To quantify this phenomenon, we propose the Geo-Semantic Turbulence
Index (GSTI) to adaptively monitor visual misalignment and semantic
volatility. Building upon GSTI, we introduce Orthogonal Residual-Based
Intervention (ORBIT), an architecture-agnostic, plug-and-play mecha-
nism that recalibrates divergent representation sequences by employing
a closed-loop intervention encompassing residual extraction, visual re-
anchoring, and norm-preserving injection of suppressed visual evidence.
Extensive experiments across diverse LVLM architectures demonstrate
that ORBIT significantly mitigates hallucinations and enhances general
vision-centric performance with exceptional computational efficiency.
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1 Introduction

LVLMs have emerged as a scalable paradigm toward Artificial General Intel-
ligence (AGI), leveraging visual encoders and modality connectors to ground
language models in visual contexts [2}|6]23/28]. Despite their remarkable multi-
modal understanding capabilities, LVLMs suffer from a pervasive vulnerability
to hallucinations, generating textual responses that contradict the provided vi-
sual evidence. This unfaithfulness introduces critical bottlenecks for deployment
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Please describe this image in detail.
The image features a wooden desk with a chair placed in front of it. On the desk,
there are several books arranged in a neat row, creating an organized and

professional appearance. Above the desk, a chalkboard is visible, providing a space for

the center and the other towards the right side.

(a) Visual Token (b) Non-Visual Token (c) Hallucinated Token (d) ORBIT Correction
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Fig. 1: Illustration of the “anchoring trap” and the representation geometry
of LVLM hallucinations. Top: Despite the visual attention correctly localizing on
the single apple, the model hallucinates the token “two”. Bottom: (a)-(b) At a fixed
generation step t, faithful visual and non-visual hidden states evolve stably across
layers within their respective geometric subspaces (visual subspace and linguistic
subspace) of the Euclidean latent space. (c) The hallucinated token exhibits an
abrupt structural deviation, where its cross-layer sequence spontaneously detaches
from the visual subspace (defined by the principal components of visual features) and
drifts into the linguistic domain. (d) Our proposed ORBIT successfully recalibrates
the divergent representation sequence back toward the visual subspace, restoring
grounding and mitigating the hallucination.

in high-stakes environments, such as healthcare and autonomous systems ,
where misaligned outputs can precipitate severe consequences. To mitigate these
issues, early efforts predominantly adopted training-centric paradigms, such as
curating high-fidelity instruction-tuning datasets or integrating negative feed-
back via preference optimization . However, these retraining strate-
gies incur prohibitive computational costs. More critically, they risk degrading
the models’ general capabilities, as distribution shifts in the curated data can in-
terfere with previously internalized linguistic priors. Driven by these limitations,
recent research has pivoted toward inference-time interventions, which offer a
lightweight and effective alternative to enforce multimodal faithfulness without

requiring any parameter updates .

Existing inference-time interventions have evolved from black-box logit ma-
nipulations to interpretable attention-based mechanisms, positing that halluci-
nations arise from misaligned visual attention. However, as illustrated in Fig.
hallucinations persist even when visual attention is precisely localized on se-
mantically relevant regions. This observation demonstrates that attention serves
as an unreliable monitoring proxy. Sole reliance on attention maps induces an
“anchoring trap,” where the generated content is overridden by parameterized
linguistic priors despite correct visual grounding. Consequently, uncovering the
fundamental mechanisms underlying hallucinations in LVLMs and de-
veloping principled solutions remain critical open challenges.
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In this work, we investigate hidden states as a complementary diagnostic sig-
nal beyond visual attention. From the perspective of representation geometry,
we formulate the evolution of hidden states during LVLM inference as sequences
within a high-dimensional Euclidean space. Specifically, the cross-layer progres-
sion of each token is characterized by its relationship with two functional geo-
metric structures: a static visual subspace and a dynamic linguistic subspace.
As illustrated in Fig. [I} hallucinations stem from abrupt structural deviations
in these latent representation sequences. The hidden states spontaneously de-
part from the visual subspace, which provides stable perceptual grounding, and
drift into the linguistic subspace, driven by statistical token co-occurrences. To
quantify this phenomenon, we introduce the Geo-Semantic Turbulence In-
dex (GSTI), which adaptively monitors the cross-layer evolution of each token
by measuring Visual Deviation (the extent of displacement from the visual sub-
space) and Semantic Volatility (the magnitude of semantic shifts). Building upon
this metric, we propose Orthogonal Residual-Based Intervention (OR-
BIT) by employing a closed-loop intervention encompassing residual extraction,
visual re-anchoring, and iso-norm injection to recalibrate divergent representa-
tion sequences and mitigate hallucinations. ORBIT is architecture-agnostic and
functions as a plug-and-play module for various LVLMs. Extensive evaluations
integrating ORBIT into Qwen2.5-VL [2] and LLaVA-1.5 23] demonstrate sig-
nificant performance gains over SOTA inference-time interventions across hallu-
cination mitigation and numerous vision-centric benchmarks, while maintaining
high computational efficiency.

In summary, our main contributions are detailed as follows: (1) We pioneer a
fundamental investigation into LVLM hallucinations through the lens of repre-
sentation geometry. We demonstrate that existing attention-based monitoring is
unreliable due to the “anchoring trap” and reveal that hallucinations inherently
stem from abrupt structural shifts in hidden states, specifically, the spontaneous
departure of representation sequences from stable visual subspaces and their
subsequent drift into linguistic subspaces. (2) We introduce the Geo-Semantic
Turbulence Index (GSTI) to dynamically monitor cross-layer token evolution by
quantifying visual deviation and semantic volatility. Building upon this metric,
we propose Orthogonal Residual-Based Intervention (ORBIT), an architecture-
agnostic, plug-and-play mechanism that recalibrates divergent sequences during
inference by employing a closed-loop intervention encompassing residual extrac-
tion, visual re-anchoring, and iso-norm injection of suppressed visual evidence.
(3) We extensively validate ORBIT by integrating it into leading architectures,
including Qwen2.5-VL and LLaVA-1.5. Comprehensive evaluations across di-
verse benchmarks demonstrate that our method consistently outperforms SOTA
inference-time interventions in both hallucination mitigation and general vision-
centric tasks, achieving significant performance gains while maintaining excep-
tional computational efficiency.
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2 Related Work

2.1 Hallucination in LVLMs

Although LVLMs have demonstrated impressive capabilities in multimodal un-
derstanding and generation, they remain susceptible to hallucination, defined
as the generation of textual content inconsistent with the provided visual evi-
dence [|12}22]. Early mitigation efforts primarily focused on data- and training-
centric approaches. These methods involve the construction of higher-fidelity
instruction-tuning corpora [23] and the incorporation of stronger negative feed-
back signals through preference optimization or RLHF-style alignment for multi-
modal outputs |26]. While effective in specific scenarios, retraining-based strate-
gies are often computationally expensive to implement. Furthermore, they may
compromise general capabilities due to distribution shifts in the curated data or
interference with previously acquired linguistic behaviors. These limitations have
motivated a growing body of research on inference-time interventions designed
to enhance faithfulness without the need for parameter updates.

2.2 Inference-time Interventions

Logit-based Interventions. Recent inference-time approaches for hallucina-
tion mitigation can be broadly categorized into logit-based and attention-based
interventions. One prevalent category of methods operates directly on next-token
distributions. Representative techniques, such as VCD |21] and DoLa [7], sup-
press hallucinations through contrastive or layer-wise decoding. These methods
typically involve the construction of an auxiliary distribution designed to capture
hallucinatory tendencies, followed by a reweighting of the logits to favor more
faithful continuations. Specific strategies include the injection of perturbations
into visual inputs to induce uncertainty and the contrasting of the final layer
with earlier layers that may encode more conservative predictions [27]. Despite
empirical improvements, these strategies often rely on decoding heuristics, the
mechanisms of which are difficult to interpret. Consequently, they may be brittle
under distribution shifts and can degrade the quality of general generation when
the contrastive signal is inaccurate.

Attention-based Interventions. Subsequent research focuses on internal at-
tention patterns, operating under the hypothesis that hallucination stems from
weak visual grounding. Methods such as VAR [20] and OPERA [13| utilize
cross-attention maps as proxies for grounding and intervene during the decod-
ing process to amplify attention weights on semantically relevant visual tokens.
Compared to techniques that operate purely at the logit level, attention-based
methods provide more direct control over the image-conditioned computation
of the model. Additionally, they enhance interpretability by identifying which
regions or visual tokens influence the output. However, visual attention serves
as an unreliable diagnostic proxy due to the “anchoring trap.” Departing from
attention-centric paradigms, we model hidden states as representation sequences
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within a high-dimensional Euclidean space. Recent latent-space projection or
steering methods also intervene on internal representations to suppress unde-
sirable generation patterns |24]. Nevertheless, our goal is not to introduce a
generic projection or fixed steering direction. We reformulate hallucinations as
abrupt structural deviations, where these sequences spontaneously depart from
the visual subspace and drift into the dynamic linguistic domain. To quantify
this divergence, we introduce the GSTI for adaptive monitoring of representa-
tion evolution across layers and generation steps. Guided by GSTI, our ORBIT
mechanism employs orthogonal residuals and iso-norm injection to dynamically
recalibrate divergent representation sequences, thereby restoring visual ground-
ing and effectively mitigating hallucinations while preserving linguistic fluency.

3 Methodology

3.1 Motivation

As illustrated in Fig. |1l a critical observation of our work is that hallucinations
persist even when visual attention mechanisms ostensibly align with semantically
relevant regions. This observation underscores that while attention serves as a
necessary condition for visual grounding, it is insufficient to guarantee faithful-
ness. Sole reliance on attention maps risks a “grounding trap,” wherein the model
attends to correct visual stimuli yet generates content overridden by paramet-
ric language priors. To transcend this limitation, we investigate hallucination
through the lens of representation geometry. Specifically, for each generation
step t, we formulate the cross-layer evolution of hidden states hgl) as discrete
sequences within a high-dimensional Euclidean space. We observe that halluci-
natory errors manifest as abrupt structural deviations in these latent sequences:
hidden states spontaneously decouple from a static visual subspace, character-
ized by stable perceptual anchoring, and drift into a dynamic linguistic subspace
governed by statistical token co-occurrences. This geometric shift signifies the
critical juncture where internal priors supersede external visual evidence. Moti-
vated by this perspective, our framework is designed to detect these cross-layer
representation anomalies and perform targeted inference-time rectification.

3.2 Geometric Formulation: The Bi-Subspace Hypothesis

Let an LVLM be characterized by a visual encoder &,, a projection module
P, and an LLM backbone D. The model maps a multimodal input (I,z) to
a sequence of tokens yi.;. We model the latent space of the LLM as a high-
dimensional Euclidean space H = R?. At any generation time step ¢ and layer
[, the hidden state hgl) € H represents the semantic integration of visual per-
ception and linguistic reasoning. We propose the Bi-Subspace Hypothesis,
postulating that in a faithful generation process, the representation sequence
of hgl) evolves under the dual constraints of two distinct geometric structures:

The Static Visual Subspace (S o ): A global, time-invariant but layer-specific

vis
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linear subspace spanned by the objective visual features. It serves as the geo-
metric anchor, providing a structural constraint that ensures the representation
remains aligned with the provided visual evidence. The Dynamic Linguistic
Subspace (Sl(;;g): A Jocal, time-variant structure representing the direction
of autoregressive evolution. It encodes the syntactic momentum and linguistic

priors of the current context.

3.3 Subspace Construction via Spectral Decomposition

To operationalize the Bi-Subspace Hypothesis, we employ spectral analysis to
construct discrete approximations of ST()?S and Sg;f)g. This process translates high-
dimensional activations into quantifiable coordinate systems via singular value
decomposition (SVD). To ensure inference efficiency, we strictly decouple the

computational overhead into the Prefill and Decoding phases.

The Static Visual Subspace (Prefill Phase). While the input image I is
static, its representation undergoes a hierarchical transformation through the

network depth. Consequently, S O must be layer-specific to align with the se-

vis

mantic abstraction level of hgl).
During the prefill phase, we isolate the activations corresponding to the visual
tokens. Let H® € REsca*? denote the full sequence activation at layer [. We

extract the visual feature matrix V() by slicing H® at indices Limg:
v =HY[Z,,,] € RV (1)

where N, denotes the number of visual patches. To identify the principal di-
rections of visual variation, we perform randomized SVD [11] on the centered
feature matrix:

(VO — ) = u0s0(Q1)T. (2)

Here, the columns of U®) € R4*? constitute the orthonormal basis of the visual
subspace. To suppress high-frequency noise, we select the minimal %k such that
the cumulative explained variance exceeds a threshold 7 (set to 0.95):

" (o)?
k—min{r MEH}- (3)

The projection operator onto the static visual subspace is then defined as:

P, = UL (U1 (4)

Geometrically, Pfjli)s functions as a spectral filter, preserving components aligned

with the visual ground truth while nullifying orthogonal perturbations associated
O]

VS

with hallucination. Since V) depends solely on the input image, P
computed and cached, incurring zero latency during decoding.

is pre-
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The Dynamic Linguistic Subspace (Decoding Phase). In contrast to the

visual anchor, linguistic context is non-stationary. We model the local linguistic
S(tvl)

lang S the span of the representation sequence at generation step t.

subspace

We construct a sliding context window H((égﬁ) containing the hidden states
of the K most recent tokens. To explicitly isolate linguistic context from visual

evidence, this window strictly excludes visual tokens and system prompts:

T
HYy = 000l erF (5)
Here, K (empirically K = 5) defines the locality of the syntactic approximation.
We compute the principal directions of this local sequence via a thin SVD on
the centered window:

t,l tONT t,l T
(Hgtgc) - Hgtm)) ~ Ul(an)gzlang(Qlang) : (6)
The dynamic projection operator Pl(f”?q is constructed using the top kjung left

singular vectors Ut

lang,l:klang:
(OIS S {(X) (t,1) T
Plang - Ulang,l:klang (Ulang,lzklang) . (7>

This operator captures the instantaneous direction of the linguistic flow, allowing
us to mathematically disentangle syntax-driven momentum from novel semantic
information.

3.4 Detecting Semantic Turbulence

Building upon the Bi-Subspace formulation, we analyze the projection residuals
and evolution path of generated sequences relative to the static visual subspace.
As visualized in Fig. [1} we categorize tokens into three regimes: (a) Visual To-
kens, which necessitate strict alignment with visual representations; (b) Non-
Visual Tokens, which rely primarily on contextual priors; and (c¢) Hallucinated
Tokens, which require visual grounding but erroneously succumb to parametric
overconfidence. Empirically, we observe that visual tokens adhere closely to the
static visual subspace Séll)é Non-visual tokens maintain a stable evolution at a

higher vertical displacement relative to Sé?s (i.e., along dimensions not spanned
by the primary visual components). Crucially, hallucinated tokens initially track
the visual subspace but undergo a sudden deviation in later layers, character-
ized by an abrupt detachment followed by erratic, high-frequency directional
shifts. We formalize hallucination as a geometric shift: a critical point where
the representation sequence decouples from Silzl and drifts into a high-volatility
region. To quantify this, we introduce the Geo-Semantic Turbulence Index
(GSTTI), designed to monitor the stability of the latent sequence by monitoring

the concurrence of (1) visual deviation and (2) semantic volatility.
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Fig. 2: Overview of ORBIT. While vanilla LVLM inference (top) is prone to hallu-
cinations, ORBIT (bottom) intervenes dynamically during generation. I. Detecting
Semantic Turbulence: The GSTI continuously monitors the cross-layer evolution
of hidden states to identify abrupt structural deviations. II. Orthogonal Residual-
Based Intervention: Upon detection, ORBIT suppresses parameterized linguistic
priors via orthogonal projection, extracts faithful visual evidence, and injects the re-
calibrated state under an iso-norm constraint.

Visual Deviation (J,EL)) We quantify the extent to which the hidden state hgl)
diverges into the orthogonal complement of the visual subspace. Utilizing the
projection operator pY (Eq. EI), we define the orthogonal energy ratio:

vis

l l
50 = 10— PLob -
[TV P

where I denotes the identity matrix. Geometrically, 5t(l) € [0,1] measures the
fraction of the activation energy orthogonal to the visual subspace. As 6t(l) — 1,
the generation effectively decouples from visual constraints, becoming driven
purely by the internal priors of the LLM.

Semantic Volatility (ngl)) Hallucinations are frequently preceded by erratic
shifts in the latent space, as the model vacillates between competing tokens
without coherent visual grounding. We quantify this instability as the directional
inconsistency of the evolution path. Let vgl) = hgl) fhgl_l) denote the layer-wise
velocity vector at step t. We define the local volatility mgl) via the cosine distance
between consecutive layer-wise updates:

O =1
K(l) _ (v, vy )

t - 1 -1 :
IV 2V

(9)



ORBIT 9

A low volatility (k &~ 0) implies a consistent, directed evolution, whereas high
volatility indicates stochastic, fragmented shifts in the representation.

Geo-Semantic Turbulence Index (GSTI) (Qt(l)) To capture the interaction
between decoupling and instability, we define GSTT as a gated product governed
by the statistical significance of the visual drift:

5(5) o
oV =¢ (1.702 o T He ) (1 + ,&) : (10)

o5

where o(-) denotes the standard Sigmoid function. The gating term approximates
a Cumulative Distribution Function (CDF) of the Z-score of the visual drift,
using the scaling factor 1.702 to align the Sigmoid curve with the normal CDF |[3].
This provides an adaptive anchor mechanism:

— Anchored State: When the visual drift 5t(l) is low, the Sigmoid gate sup-
presses the volatility factor. This ensures that directional shifts are attenu-
ated when the model remains grounded in the visual subspace.

— Decoupled State: As the drift significantly exceeds the statistical mean
(6]5[) > us), the gate saturates. In this regime, the metric becomes fully
sensitive to /@El), interpreting directional inconsistency as a strong signal of
hallucination.

Online Anomaly Detection We employ an online statistical trigger by main-
taining a running estimate of the mean ,u%) and variance (Ug))2 of the GSTI
stream. An intervention is triggered solely when the turbulence constitutes a

statistical anomaly:
t,l l l I
ngig)ger =1 ‘Qt( ) > :U/EQ) +a- U.(Q)i| ’ (11>
where o = 3.0 follows the 3o rule for outlier detection. This adaptive mecha-
nism ensures that our method intervenes only during significant deviations from

the model’s localized stability baseline, minimizing false positives in fluent but
linguistically complex generations.

3.5 Orthogonal Residual-Based Intervention

Once the GSTI triggers an alarm (]Ig{lg)ger =1, see Sec. , Orthogonal Residual-
Based Intervention (ORBIT) initiates a targeted geometric rectification. The
objective is to realign the divergent representation by re-injecting suppressed
visual evidence. However, a naive additive injection of visual features risks per-
turbing the feature distribution required for coherent autoregression, potentially
degrading linguistic fluency. To resolve this, we propose a three-step intervention

protocol: Residual extraction, Visual re-anchoring, and Iso-norm injection.
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Step 1: Residual Extraction. First, we isolate the visual signal component
that the language model has failed to predict or has actively suppressed. We posit

that a hallucinated hidden state is dominated by a strong linguistic prior that
(t,1)

overshadows the visual signal. Using the linguistic projection operator P, o
we project the current hidden state h,(E ) onto the orthogonal complement of the
local linguistic subspace:

- =(I- p&h )h( ) (12)

ortho lang

The vector rfwgw represents the residual information in the current state that is
geometrically perpendicular to the local linguistic context. Ideally, this residual
encodes the suppressed visual details; however, in practice, it also contains high-

frequency noise and irrelevant artifacts.

Step 2: Visual Re—anchoring. To filter out noise and construct a valid correc-
(1)

orithe 2gainst the ground-truth visual subspace s

tion vector, we verify r s

treat rfmzw as a query vector to retrieve support from the cached visual features

V. We compute the relevance scores via dot-product attention:
<r(t,l) (l)>

ortho’ Vi

Vi

where vgl) denotes the rows of V). To ensure we only inject high-confidence
features, we apply Nucleus Sampling (Top-p) on 3, selecting the minimal set of

B = Softmax(s), (13)

S; =

indices an’q such that the aggregated probability mass Zl cgt:D Bi > p (set to
0.9). The Corrected Visual Centroid is then computed as the weighted sum of

this support set, strictly re-anchored onto the visual subspace:

el =PO [ ST av . (14)

ies(tD

vis

(t,0)

This step guarantees that the correction vector ¢,;,” is confined within the valid

visual subspace S 0

»iss effectively denoising the residual.
Step 3: Iso-norm Injection. Finally, we fuse the corrected visual centroid
&Y back into the hidden state. In deep Transformer architectures, the Euclidean

’U’Lb
norm ||h§ )H2 significantly influences LayerNorm statistics and downstream at-
tention saturation. To mitigate representational collapse, we impose an Iso-norm
Constraint, ensuring the intervention modifies the direction (semantics) rather
than the energy of the state:

Y h(l) A\ ~(t.0)
t) + ms (15)

vis ||

r (L l (
by = |[hi"]> - -
(1 = A)h$ + A&l
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where A; denotes the injection strength. Rather than employing a fixed value,
A¢ is adaptively coupled to the severity of the detected turbulence .Qt(l) via a
calibrated hyperbolic tangent function:

H(p)

Vs

where |5 ffwl)| denotes the cardinality of the selected visual token set from Nucleus
Sampling, and H (/) represents the entropy of the attention distribution over this
set. This formulation incorporates an adaptive modulation: the confidence term
(1—-H(pB)/log \Sq(jisl)D attenuates the injection when the visual correspondence
is diffuse. Consequently, ORBIT applies a potent corrective force only during
severe subspace detachment, while remaining subtle during minor fluctuations

to preserve linguistic fluency.

4 Experiments

4.1 Experimental Setups

Evaluated LVLMs. To assess the generalizability of our framework, we integrate
ORBIT into a diverse array of advanced LVLMs, spanning different parameter
scales and architectural designs. Specifically, our evaluation suite includes the
LLaVA series (v1.5-7B/13B) [23] and the Qwen series (Qwen2.5-VL-7B/32B) [2],
representing the current SOTA in open-source multimodal understanding.

FEvaluation Benchmarks. We conduct a comprehensive evaluation across three
distinct categories of benchmarks to ensure a holistic assessment: (1) Halluci-
nation Evaluation: We employ POPE [23] and CHAIR |[5] to strictly measure
object existence hallucinations and description faithfulness. (2) General Vi-
sual Question Answering: We use MME [10] and MMBench |25] to evaluate
broad multimodal reasoning capabilities. (3) Fine-Grained Perception: We
utilize CV-Bench [33] and CLEVR [15] to test precise spatial reasoning and
counting abilities, which are particularly sensitive to visual grounding. To fur-
ther assess robustness under distribution shifts, we additionally evaluate ORBIT
on MME-RealWorld [32] for high-resolution real-world visual understanding and
GEOBench-VLM [9] for satellite-imagery-oriented geometric reasoning.

Implementation Details. In this work, we adhere to the default query format for
the input data used in both LLaVA-1.5 and Qwen2.5-VL. Additionally, we set
the linguistic context window size to K = 5 (Eq. 5). Crucially, ORBIT operates
as a plug-and-play inference-time method, requiring neither parameter tuning
nor retraining of the backbone models.
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Table 1: Results on hallucination benchmarks.

LLaVA-v1.5-7B Qwen2.5-VL-7B

Method POPE CHAIR L POPE CHAIR L

F1t Acet Csl Cid ™ Fit Acet Cs) Cif %
Baseline 853 841 51.2 153 1020 884 89.0 265 7.2 984
DoLa [7] 80.4 830 568 151 974 868 875 291 85  95.2
VCD (21 852 851 50.8 148 1021 885 89.0 268 7.4  100.1
OPERA |13] 84.1 8.3 472 145 955 885 889 262 7.3 948
HALC |5] 84.0 839 504 123 970 875 87.8 287 80 965
RITUAL [29] 85.1 842 454 131 991 88.6 89.1 264 7.2 982
SID [14] 85.7 859 440 121 995 889 89.3 261 7.8 988
VAR [31] 86.1 864 442 146 1032 89.1 895 255 7.5 1015
DeGF [30] 852 84.6 465 129 973 884 889 268 81  96.9
AGLA 1] 847 854 432 140 986 87.7 881 289 83 975

ORBIT (Ours) 87.5 88.0 381 85 1003 90.3 90.8 184 5.3 98.5

4.2 Quantitative Results

OOD Robustness. Table [3]shows that ORBIT also improves robustness beyond
the in-distribution hallucination benchmarks. On both MME-RealWorld and
GEOBench-VLM, ORBIT achieves the best accuracy across LLaVA-v1.5-7B and
Qwen2.5-VL-7B. Compared with SID and VAR, which provide marginal gains or
degrade under some OOD settings, ORBIT shows more consistent improvements,
suggesting that image-conditioned hidden-state rectification is effective under
realistic visual shifts.

Performance on Hallucination Benchmarks. Table [I] summarizes the compara-
tive performance on the POPE and CHAIR benchmarks. ORBIT consistently
outperforms existing SOTA methods across all model architectures by signifi-
cant margins. A critical concern in hallucination mitigation is the “refusal trap,”
where models achieve artificially high scores by generating overly brief or eva-
sive responses. Notably, ORBIT maintains an average generation length (100.3
tokens) comparable to the baseline, confirming that the performance gains stem
from substantive semantic correction rather than defensive brevity.
Furthermore, the efficacy of ORBIT is particularly pronounced on stronger
baselines such as Qwen2.5-VL-7B. High-performance models pose a rigorous
challenge for intervention methods; prior approaches like AGLA often exhibit
diminishing returns or performance degradation (e.g., AGLA causes a drop in F1
from 88.4 to 87.7) because their heuristic thresholds conflict with the robust pri-
ors of advanced models. In contrast, ORBIT successfully achieves visual-semantic
decoupling even within this highly optimized latent space, boosting the POPE
F1 score to 90.3 and reducing the CHAIRg metric by a relative 30.5% (26.5
— 18.4). This validates our Bi-Subspace Hypothesis: even sophisticated mod-
els are susceptible to geometric misalignment, suggesting that subspace-aware
rectification is a more robust paradigm than heuristic logit suppression.
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Table 2: Results on general VQA benchmarks.

Backbone Method Visual Hallucination General VQA Vision-Centric
POPEt Csl C;/] MMEt MMB1t CV-Bt CLEVR
Baseline 85.3 51.2  15.3 1495.5 64.2 56.6 43.6
AGLA [1] 84.7 43.2  14.0 1491.0 64.0 56.5 43.4
LLaVA-v1.5-7TB SID |14] 85.7 44.0 12.1 1505.5 64.9 56.9 44.2
VAR |31] 86.1 44.2  14.6 1512.2 65.1 56.8 44.6
ORBIT (Ours) 87.5 38.1 8.5 1525.8 66.2 58.0 46.4
Baseline 85.8 246 8.2 1501.2 67.7 58.2 68.0
AGLA |[1] 85.5 239 84 1498.5 67.5 57.9 67.5
LLaVA-v1.5-13B  SID |[14] 86.1 21.1 7.0 1510.0 67.9 58.6 68.3
VAR |31] 86.3 205 7.5 1520.5 68.0 58.6 68.1
ORBIT (Ours) 88.2 16.4 6.1 1542.5 69.1 60.2 70.1
Baseline 88.4 26.5 7.2 1973.3 82.1 73.5 74.3
AGLA [1] 87.7 289 83 1965.0 82.0 73.1 74.6
Qwen2.5-VL-7B  SID |[14] 88.9 26.1 7.8 1970.5 82.2 73.4 74.3
VAR |31] 89.1 25,5 7.5 1968.0 82.4 73.6 74.2
ORBIT (Ours) 90.3 18.4 5.3 1988.2 83.8 74.6 75.5
Baseline 90.5 185 4.5 2046.5 83.5 77.0 78.2
AGLA |[1] 90.3 189 54 2035.0 83.3 76.0 77T
Qwen2.5-VL-32B  SID |[14] 90.4 183 4.3 2045.8 83.6 77.1 78.0
VAR |31] 90.7 18.0 4.3 2058.2 83.7 77.3 78.6
ORBIT (Ours) 91.2 15.2 4.1 2080.4 84.5 78.1 79.4

Table 3: OOD evaluation on high-resolution real- Table 4: latency as the num-

world images and satellite imagery. ber of visual tokens increases.
Method MME-RealWorld Acc. 1 GEOBench-VLM Acc. 1 N, Latency | Relative Cost |
‘ LLaVA-.Vl,S-'?B Qwen?.?-VL—?B LLaVA-v1.5-7B Qwen‘%.'S-VLJB 576 0.051s <1.0
goscline 29 509 »l 532 1024 0.096s 1.9
. ol . D
VAR 27.0 573 259 18 2304 0.235s x4.6
ORBIT 28.2 58.2 26.1 34.0 4096 0.421s x8.3

Impact on General Capabilities. A common in intervention methods is the “over-
correction” effect, where suppressing hallucinations inadvertently impairs the
model’s general reasoning or grounding capabilities. Table [2] extends our evalu-
ation to general VQA (MME, MMBench) and vision-centric tasks (CV-Bench,
CLEVR). ORBIT consistently improves performance across these benchmarks,
indicating that our method preserves the linguistic fluency and reasoning back-
bone of the LLM. On tasks demanding precise spatial localization and counting
(CLEVR) or fine-grained perception (CV-Bench), ORBIT achieves new SOTA
results. This confirms that ORBIT does not merely suppress the model’s output
but actively re-injects lost visual details, effectively transforming the intervention
into a constructive feature enhancement mechanism.

4.3 Ablation Studies and Efficiency Analysis

Ablation Studies. ORBIT is purposefully designed with minimal heuristic
tuning. Parameters such as n = 0.95, p = 0.9, and a = 3.0 strictly adhere to
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Table 5: Ablation study on context Table 6: Efficiency comparison.
window K.

Method CHAIR | Latency J

K Accuracy Latency Baseline 51.2 4.21s (x1.0)

1 VCD 50.8 8.88s (x2.1)

POPET CHAIR] MME?T CV-Bf OPERA  47.2  29.2s (x6.9)

3 872 388 15234 57.6  5.60 HALC 50.4  26.6s (x6.3)

5 875 381 15258 58.0  6.27 SID 440 6.40s (x1.5)

10 87.6 381 15264 57.9  8.92 VAR 442 7.11s (x1.7)

20 87.8 37.9  1520.9 584  13.22 DEGF 46.5  18.2s (x4.3)

AGLA 43.2 11.2s (x2.6)

Ours 38.1 7.73s (x1.8)

Table 7: Component ablations on LLaVA-v1.5-7B.
Variant 6 k Res. Re-anchor Iso-norm POPE F1 + CHAIRs | CHAIR; |

Baseline - = - - - 85.3 51.2 15.3
w/o GSTI - - Vv v v 86.9 41.3 10.1
w/o Visual Deviation -v v v v 87.0 40.7 9.8
w/o Semantic Volatility v' — v v 87.2 39.8 9.4
w/o Residual Extraction v/ v/ — v v 86.0 45.8 12.4
w/o Re-anchoring v/ - v 86.3 44.2 11.6
w/o Iso-norm Injection v' v v v - 86.6 42.7 10.8
Full ORBIT aas v v 87.5 38.1 8.5

established statistical conventions (the PCA energy threshold, nucleus sampling
prior, and the 3¢ outlier rule, respectively), ensuring robust generalization across
diverse architectures. Therefore, our ablation study strategically isolates K, the
context window size. As the core structural variable, K defines the receptive
field of the linguistic subspace and governs the critical trade-off between syn-
tactic approximation fidelity and computational overhead. Table [f| details this
ablation. The empirical results demonstrate that performance remains funda-
mentally robust across various configurations of K. We adopt K = 5 as the
optimal default to maximize accuracy while curbing inference latency. Further
ablation experiments are provided in supplemental materials.

Component Ablations. Table [7] isolates the contribution of GSTI and ORBIT.
Applying the correction without GSTTI still improves over the baseline but un-
derperforms full ORBIT, indicating the benefit of adaptive anomaly triggering.
Removing either visual deviation or semantic volatility hurts performance, sug-
gesting that the two signals provide complementary evidence. Among the cor-
rection modules, residual extraction is particularly important, while visual re-
anchoring and iso-norm injection further reduce hallucination by filtering noisy
residuals and preserving hidden-state scale.

Computational Efficiency. ORBIT decouples its overhead between the prefill
and decoding phases. The visual subspace is computed once during prefill and
cached. For a rank-k approximation with N, visual tokens and hidden dimension
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d, the SVD costs O(N,dk + (N, + d)k?). During decoding, projection onto the
cached visual basis costs only O(dk) per triggered layer, while the linguistic SVD
uses a small context window and costs O(dK?). Therefore, the decoding-time
overhead is lightweight and incurred only for triggered layers.

Table [ reports the prefill SVD latency under different visual-token counts.
Although the cost increases with IV, this operation is performed only once per
input and the resulting visual basis is cached before decoding. Thus, the decoding
stage only requires lightweight projections on triggered layers.

4.4 Qualitative Results

Fig.[3|illustrates a representative case demonstrating the efficacy of ORBIT. Cru-
cially, the baseline model exhibits hallucinatory behavior even when its visual
attention is accurately localized on the corresponding target region. By integrat-
ing ORBIT, such underlying semantic deviations are successfully detected and
dynamically rectified, thereby yielding factually accurate outputs.

’ Baseline I With ORBIT
What color is the fire hydrant? What color is the fire hydrant?

Red Yellow and Blue

Orthogonal Residual-Based Intervention

Fig. 3: Qualitative case study of ORBIT intervention. Left: The baseline model
hallucinates the color “Red” due to strong linguistic priors, despite accurate visual
attention on the yellow and blue fire hydrant. Middle & Right: ORBIT successfully
detects the abrupt topological shift via spikes in GSTI metrics (semantic turbulence)
and dynamically recalibrates the divergent latent trajectory. This intervention restores
visual grounding, enabling the model to correctly output “Yellow and Blue.”

5 Conclusion

In this work, we present a fundamental rethinking of hallucination mitigation
in LVLMs through the lens of representation geometry. Moving beyond the un-
reliable proxy of visual attention and the pervasive “anchoring trap,” we estab-
lish that hallucinations are intrinsically driven by abrupt geometric deviations,
where latent trajectories spontaneously decouple from stable visual subspaces
and drift into parameterized linguistic priors. To counter this, we introduce the
Geo-Semantic Turbulence Index (GSTT) for precise trajectory monitoring, along-
side Orthogonal Residual-Based Intervention (ORBIT), a plug-and-play mecha-
nism that dynamically recalibrates divergent states by re-anchoring suppressed
visual evidence. Comprehensive evaluations confirm that ORBIT significantly
suppresses hallucinations and bolsters general multimodal capabilities with ex-
ceptional computational efficiency.
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