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Abstract

Large Vision-Language Models (LVLMs) have demonstrated
remarkable capabilities in multimodal understanding and
generation by integrating visual and textual data. However,
these models frequently exhibit object hallucination prob-
lems: generating outputs that are inconsistent with the in-
put image. Existing improved methods for mitigating hallu-
cinations still suffer from two key limitations: dynamic ap-
proaches based on logits or attention mechanisms risk sup-
pressing valuable linguistic priors, whereas static methods
that employ fixed intervention vectors lack the flexibility to
adapt to diverse images and questions. To address these is-
sues, we propose RFI (Rectified Flow Intervention), a novel
approach that harnesses the linear trajectory design of rec-
tified flow for input-specific adaptation and employs gradi-
ent correction to ensure coherent generation, effectively com-
bining the adaptability of dynamic methods with the sta-
bility of static ones. RFI dynamically predicts latent-space
intervention vectors while requiring only a single forward
pass in LVLMs per question, achieving computational ef-
ficiency (1.09x latency overhead for 100 new tokens). Ex-
tensive experiments show RFI significantly reduces hallu-
cinations, achieving superior performance compared to ex-
isting advanced methods, highlighting its effectiveness as a
lightweight plug-and-play method for reducing LVLM’s hal-
lucination in practical applications.

Code — https://github.com/purepasser-by/RFI.

Introduction
The rapid advancement of large vision-language models
(LVLMs) (Liu et al. 2023; Zhu et al. 2023) has significantly
enhanced multimodal understanding and generation capabil-
ities. These models leverage cross-modal attention mecha-
nisms and instruction-tuning techniques to generate contex-
tually relevant responses.

Despite significant advancements in LVLMs, the persis-
tent issue of hallucination (Zhu et al. 2024; Deng, Chen, and
Hooi 2024; Liu et al. 2024c) continues to hinder their practi-
cal deployment. Hallucination manifests when LVLMs gen-
erate texts that misrepresent visual contents, such as men-
tioning non-existing objects, or fabricating object attributes.

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Figure 1: Comparison between VTI (Liu et al. 2024d) and
RFI (Ours). VTI applies static intervention via fixed vectors,
whereas RFI leverages rectified flow to predict input-specific
intervention vectors. RFI dynamically adjusts hidden states
while preserving essential language priors, effectively miti-
gating hallucinations in an context-sensitive manner.

Although linguistic priors inherited from LLMs can con-
tribute to such errors, LVLM hallucinations can arise from
driven by cross-modal misalignment, where visual inputs
fail to adequately constrain generation. As shown in Fig-
ure 1, this is exemplified by an image of “Einstein playing
guitar” leading the model to erroneously infer “Einstein was
a musician,” overgeneralizing from weak visual evidence
under strong language priors.

Extensive research efforts have been devoted to halluci-
nation mitigation, yielding a rich diversity of methodolo-
gies (Han et al. 2022; Wu et al. 2022; Chen et al. 2023;
Yin et al. 2024; Sun et al. 2023; Liu et al. 2024a). We
observe that prior approaches can be broadly categorized
into two paradigms: dynamic and static interventions, each
with distinct limitations in addressing the underlying causes
of hallucination. (1) Dynamic approaches primarily address
hallucination by mitigating linguistic prior dominance over
visual signals, employing strategies like early-exit mecha-
nisms (Zhou et al. 2024; Chuang et al. 2024) and visual con-
trastive decoding (Leng et al. 2023). However, these meth-
ods risk a fundamental trade-off: while reducing hallucina-
tion, they often yield overly conservative outputs (Huang
et al. 2024) or fail to disentangle cross-modal misalign-
ments (Favero et al. 2024), as visual and linguistic features
remain entangled in high-dimensional space. Worsely, ex-
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cessive suppression may introduce new hallucinations while
impairing useful priors: a counterproductive “robbing Peter
to pay Paul” effect (Chen et al. 2024). (2) Static interven-
tion approaches, such as VTI (Liu et al. 2024d), ICT (Chen
et al. 2024), and Nullu (Yang et al. 2025a), assume halluci-
nation arises from systematic biases in joint vision-language
feature space and precompute fixed correction vectors or
weight edits to shift features away from hallucination-prone
regions. While computationally efficient, these methods lack
adaptability: they generalize poorly to novel scenarios (Gun-
jal, Yin, and Bas 2024), often under-correcting or over-
penalizing semantic patterns. Critically, weight-editing may
discard useful feature dimensions along with hallucinatory
components (Yue, Zhang, and Jin 2024), and fixed vectors
fail to generalize across diverse samples (Wang et al. 2025b).
This limitation arises because static interventions inherently
cannot address input-specific variations (as we analyze the-
oretically in Section Preliminary).

The shortcomings of existing approaches necessitate a so-
lution that combines the precision of static methods with the
adaptability of dynamic approaches. Rectified flow, which
extends flow matching (Lipman et al. 2023) via build-
ing a linear trajectory between the source and the tar-
get, emerges as an ideal framework, addressing both re-
quirements through its foundational properties. Where static
methods falter by applying uniform interventions to diverse
inputs, rectified flow’s linear trajectory design (Liu, Gong,
and Liu 2022) enables input-specific adaptation through
input-conditioned path optimization. Conversely, while dy-
namic methods compromise output quality through aggres-
sive feature suppression, rectified flow maintains generation
coherence via gradient-aware flow matching (Lipman et al.
2023) that preserves linguistic integrity.

In light of these considerations, we propose a novel
method named RFI (Rectified Flow Intervention), which
innovatively incorporates the rectified flow model to dy-
namically generate intervention vectors tailored for each
input pair of image and question. Specifically, RFI lever-
ages paired hidden states from hallucinated and correct re-
sponses to train a rectified flow model, learning to transform
the joint distribution of questions, images, and their erro-
neous latent representations toward fact-grounded answer
spaces. During inference, this model dynamically predicts
input-conditioned intervention vectors, which are then ap-
plied to the LVLM’s hidden states to mitigate hallucinations
and steer generation toward reliable outputs. As illustrated
in Figure 1, while RFI generates input-specific intervention
vectors to guide the model in latent space, VTI’s static vec-
tors remain susceptible to multimodal misalignment, leading
to incorrect occupational inferences (e.g., concluding musi-
cian from playing guitar).

Our key contributions can be summarized as follows:

• We propose RFI, a novel method that leverages the recti-
fied flow to dynamically predict intervention vectors for
reducing hallucinations in LVLMs, capable of adapting
to diverse input.

• We design a plug-and-play intervention framework that
implements steering of latent space to dynamically cor-

rect hallucinations without fine-tuning the base LVLMs.
• Comprehensive experiments on LLaVA-v1.5 and Qwen-

VL demonstrate that RFI significantly reduces hallucina-
tions, outperforming existing intervention baselines.

Related Work
Large Vision-Language Models
The remarkable success of Large Language Models
(LLMs) (Grattafiori, Dubey, and et al. 2024; Brown et al.
2020; Chiang et al. 2023; GLM et al. 2024; Bai et al. 2023a)
has catalyzed significant advancements in Large Vision-
Language Models (LVLMs). Early foundational works such
as BLIP (Li et al. 2022, 2023a) and BERT-based VLMs (De-
vlin et al. 2019; Liu et al. 2019) demonstrated the feasi-
bility of adapting LLMs for visual tasks through innova-
tive architectural designs. Modern LVLMs typically em-
ploy a dual-encoder framework, combining visual encoders
(e.g., CLIP (Radford et al. 2021)) with powerful LLMs
through various fusion mechanisms, including linear projec-
tion layers and query-based transformers (Zhu et al. 2023).
The introduction of visual instruction tuning (Liu et al.
2024b, 2023) has further enhanced these models’ capabil-
ities, enabling sophisticated image understanding and rea-
soning. This progress has yielded a new generation of high-
performing LVLMs including LLaVA (Liu et al. 2024b),
MiniGPT-4 (Zhu et al. 2023), mPLUG-Owl (Ye et al. 2024),
and Qwen-VL (Bai et al. 2023b), which achieve state-of-the-
art performance on multimodal benchmarks. However, these
models inherit critical limitations from their LLM founda-
tions, particularly the tendency to generate hallucinated con-
tent that misaligns with visual inputs (Jing and Du 2025; Bai
et al. 2025; Wang et al. 2025c).

Hallucinations in LVLMs
Recent advancements in mitigating hallucinations within
LVLMs can be broadly categorized into dynamic and static
approaches.

Dynamic methods focus on real-time adjustments during
inference, leveraging mechanisms such as attention steer-
ing, contrastive decoding, or iterative correction. For in-
stance, (Wang et al. 2025d) introduces attention-steerable
contrastive decoding to dynamically suppress hallucinatory
outputs by contrasting candidate predictions. Similarly, (Li
et al. 2025a) employs a training-free dynamic visual search
to enhance fine-grained understanding without additional
parameters. (Wang et al. 2025a) proposes dynamic cor-
rection decoding, where the model iteratively refines its
predictions by revisiting visual inputs. (Park et al. 2025)
mitigates perceptual hallucinations via selective and con-
trastive decoding, dynamically filtering implausible outputs.
(Chen et al. 2024) performs cross-level trusted intervention
during inference to correct object hallucinations. (Huang
et al. 2024) penalizes over-trust in generated text through
retrospection-allocation, dynamically adjusting confidence
during response generation.

Static methods, in contrast, involve architectural modifi-
cations, latent space interventions, or training-based opti-
mizations that operate independently of inference-time dy-
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namics. (Yang et al. 2025a) projects hallucinatory outputs
into a “HalluSpace” for offline mitigation, while (Liu et al.
2024d) employs latent space steering to align visual and tex-
tual representations. (Li et al. 2025b) reduces hallucinations
by steering visual information at the token level. (Yang et al.
2025b) adopts modular attribution and intervention to de-
compose and rectify hallucinations. (Lyu et al. 2025) in-
troduces hallucination-induced optimization during training.
(Liu, Zheng, and Chen 2024) enhances visual reliance with-
out fine-tuning by reweighting image-text alignment. (Wan
et al. 2025) demonstrates that a single-layer intervention
suffices to mitigate hallucinations, suggesting a lightweight
static solution.

Preliminary
Limitations of Fixed Intervention
Fixed interventions inherently fail to address input-specific
variations, which we now prove by demonstrating contradic-
tory descent directions across samples.

Let hx ∈ Rd be the hidden state produced by the model
for an input x. Denote the deterministic downstream map-
ping by g : Rd → Y . Hallucination is measured through a
non–negative loss

L(x, v) = ℓ
(
g(hx + v), yx

)
, v ∈ Rd,

where yx is the reference output that contains no hallucina-
tion. A fixed intervention adds the same vector v to all hid-
den states. We ask whether there exists a non–zero v such
that

L(x, v) ≤ L(x, 0) ∀x. (1)

First–order condition. A first–order Taylor expansion
around v = 0 gives
L(x, v) = L(x, 0) +

〈
∇hL(x, 0), v

〉︸ ︷︷ ︸
=: △(x,v)

+O(∥v∥2).

Write gx := ∇hL(x, 0). Condition (1) requires
⟨gx, v⟩ < 0 ∀x, (2)

for sufficiently small ∥v∥.
Proposition 1. If there exist two samples x1, x2 such that
⟨gx1 , gx2⟩ < 0, then no non–zero vector v satisfies (2).

Proof. Assume by contradiction that v ̸= 0 obeys (2). Then
⟨gx1

, v⟩ < 0 and ⟨gx2
, v⟩ < 0, so their product is positive.

However,
⟨gx1

, v⟩ ⟨gx2
, v⟩ = ∥v∥2

〈
gx1

, v̂
〉〈
gx2

, v̂
〉

≤ ∥v∥2

2

(
∥gx1∥∥gx2∥+ ⟨gx1 , gx2⟩

)
< 0,

where v̂ = v/∥v∥ and the final inequality uses ⟨gx1
, gx2
⟩ <

0. This contradicts the positivity of the product, proving the
claim.

Discussion. If the gradient covariance Cov[gx] is full-rank
(a typical scenario under a diverse data distribution), there
must exist samples whose gradients are negatively corre-
lated, activating Proposition 1. Consequently, a single fixed
intervention can at most minimise expected hallucination
loss, not guarantee per-sample reduction.

Rectified Flow
Rectified Flow (Liu 2022) is a flow matching model (Lip-
man et al. 2023) that constructs a linear trajectory between
source and target distributions. Given a source distribution
psource and target distribution ptarget, it learns a vector field
that transports samples along straight paths with minimal
curvature.

For paired samples x ∼ psource and y ∼ ptarget, the linear
interpolation path is defined as:

zt = ty + (1− t)x, t ∈ [0, 1], (3)
where z0 = x and z1 = y. The derivative of this path gives
the ideal vector field direction:

dzt
dt

= y − x, (4)

The model trains a neural network vϕ : [0, 1]×Rd → Rd

to approximate this ideal field by minimizing:

min
ϕ

∫ 1

0

Ex,y

[
∥(y − x)− vϕ(t, zt)∥22

]
dt. (5)

After training, new samples are generated by solving the
ODE:

dzt = vϕ(t, zt)dt, (6)
using numerical solvers (e.g., Euler (Euler 1845) or Runge-
Kutta (Kutta 1901) methods).

Task Formulation
Given the textual input X , visual input V , a LVLM fθ,
and a rectified flow model Rϕ, the concatenated input q =
concat(X,V ).

After forwarding q, the hidden state of the last token at
layer l (i.e., h(l)

q ) is extracted. The hidden state is then passed
to the rectified flow model, which outputs the intervention
vector as:

δ(l) = Rϕ(h
(l)
q ). (7)

The intervention vector δ(l) is purified via SVD through
projection onto the top-k principal truth directions, yielding
δ
(l)
proj. The purified vector is then injected with scaling factor

α into the representation at decoder layer l:

h(l)
q ← h(l)

q + αδ
(l)
proj. (8)

Upon completion of autoregressive generation by the
LLM, the original decoder layer representations are restored.

Methodology
Overview
As illustrated in Figure 2, our method comprises two key
components: rectified flow training and intervention infer-
ence. (1) Rectified Flow Training: we first construct a
dataset composed of positive-negative sample pairs to train
the rectified flow model, enabling it to learn the trajectory
from input queries to optimal intervention vectors. (2) In-
tervention Inference: given an input query, we initially for-
ward it through the LVLM to extract its hidden states. The
last token’s hidden state is then fed into the pretrained rec-
tified flow to sample the corresponding intervention vector.
This vector is subsequently injected into the decoder’s hid-
den layers to steer the generation process.
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Figure 2: Overview of RFI. (Left) The training dataset for rectified flow is constructed using positive and negative sample pairs.
Specifically, we concatenate (1) images with questions, (2) images with questions and correct answers, and (3) masked images
with questions and hallucinated answers. These inputs are processed through LVLM to obtain the hidden states of the last token.
From further computation, we obtain the source distribution q and target distribution δ for the rectified flow model. (Right) The
LVLM’s initial hidden states condition the trained rectified flow model to sample an intervention vector, which is then purified
via singular value decomposition (SVD) and applied to modulate hidden states throughout generation.

Rectifed Flow Training

For a given visual input V , to generate the perturbed im-
age Ṽ , we create m distinct randomly masked variants of V ,
each with a small black rectangular occlusion. The final Ṽ
is computed as the average of all masked versions.

For a given textual input X , concatenated input q =
concat(X,V ) and q̃ = concat(X, Ṽ ), we consider a cor-
rect answer sample Ap and a hallucinated answer sample
An. We then construct two sequences by concatenating the
respective components, resulting in Sp = concat(q, Ap) and
Sn = concat(q̃, An).

We first feed q into the LVLM and retrieve the hidden
state of the last token at layer l, denoted as h

(l)
q . Subse-

quently We feed Sp and Sn into the LVLM respectively and
extract the hidden states at layer l corresponding to the last
token. This process yields the hidden states h

(l)
p associated

with the correct answer and h
(l)
n corresponding to the hal-

lucinated answer. We then compute the intervention vector
δ(l) = h

(l)
p − h

(l)
n .

We have now obtained the key input-output variables h(l)
q

and δ(l) that are essential for training the rectified flow
model.

Upon completing the construction of the dataset including
collecting the concatenated input representation distribution
πq and the intervention vector distribution πδ , we are set to
commence the training process. The rectified flow training

process for h(l)
q ∼ πq and δ(l) ∼ πδ follows:

zt = tδ(l) + (1− t)h(l)
q , (9)

which describes a linear interpolation between the query
representation h

(l)
q and the intervention vector δ(l), where

t ∈ [0, 1] is a continuous parameter that governs the inter-
polation. For values of t in between, zt traces a straight-line
trajectory in the latent space, transitioning gradually from
the source distribution πq to the target distribution πδ .

This deterministic path suggests a target direction for the
velocity field vϕ(t, zt), which ideally should match the dis-
placement δ(l) − h

(l)
q . To enforce this alignment, we mini-

mize the expected squared error between the predicted ve-
locity and the target displacement over all time steps and
input pairs, resulting in the following loss functional:

min
ϕ

∫ 1

0

E
h

(l)
q ,δ(l)∼πq⊗πδ

[∥∥∥(δ(l) − h(l)
q

)
− vϕ(t, zt)

∥∥∥2
2

]
dt.

(10)

Intervention Inference
After obtaining the trained rectified flow model, we can
straightforwardly apply it to inference in LVLM. Given a
test sample with textual input X , visual input V , and their
concatenated input representation q = concat(X,V ), let fθ
denote the LVLM andRϕ the rectified flow model. The rec-
tified flow can be seamlessly integrated into the inference
pipeline to refine the latent representations.
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First, we feed the concatenated input q into the LVLM
fθ for a forward pass to obtain the hidden state of the last
token at the l-th layer, denoted as h

(l)
q . Subsequently, we

perform flow sampling using the rectified flow model Rϕ

to compute the initial intervention vector δ(l), formulated as
δ(l) = Rϕ(h

(l)
q ).

However, the intervention vector δ(l) obtained from rec-
tified flow sampling may contain noise and artifacts. To ex-
tract its most salient components, we employ Singular Value
Decomposition (SVD) for denoising and projection. The
core projection operation can be formalized as:

δ
(l)
proj = UkΣkV

⊤
k = Projk(δ

(l)), (11)

where Projk(·) denotes the rank-k projection operator that
preserves only the top-k singular components of the inter-
vention vector. This projection effectively separates signal
from noise by discarding smaller singular values that typ-
ically correspond to noisy or redundant dimensions in the
latent space.

We subsequently define a wrapper module that encapsu-
lates the hidden state processing pipeline, integrating the
SVD. The core transformation is implemented as h

(l)
q ←

h
(l)
q + αδ

(l)
proj, where α serves as a scaling parameter that

regulates the intervention intensity. This parametric formu-
lation allows for balanced integration of the refined flow cor-
rections while maintaining the stability of the original repre-
sentations.

During the generation process, given a sequence length N

and the current time step t (where t ∈ {1, . . . , N}), let O(l)
t

denote the output tuple of the replaced forward pass at the l-
th layer. We formally define the modified output as follows:

O
(l)
t := (h

(l)
t + αδ

(l)
proj,O

(l)
t,\0), (12)

where h(l)
t represents the original hidden state at time step

t. The notation O
(l)
t,\0 denotes all elements of the original

output tuple O except the first (i.e., the hidden states).

Experiments
Experimental Settings
Datasets. (1) POPE (Li et al. 2023b) evaluates object hal-
lucination in LVLMs using balanced Yes/No questions (50%
existing/50% non-existing objects) from MSCOCO (Lin
et al. 2015), A-OKVQA (Schwenk et al. 2022), and
GQA (Hudson and Manning 2019). It employs standard
VQA prompts (e.g., “Is there a [object] in the image?”) to
assess object recognition accuracy across 500 MSCOCO im-
ages. (2) MME (Fu et al. 2024) provides a comprehensive
evaluation of LVLMs through 14 subtasks covering percep-
tual and cognitive abilities. It specifically measures halluci-
nations at object (existence, counting) and attribute (posi-
tion, color) levels, using accuracy as the primary metric for
standardized multimodal assessment.

ICT VTI DeCo RFIVCD

LLaVA-v1.5 Qwen-VL

Figure 3: Comparison of RFI with baseline methods on the
MME benchmark. The radar chart illustrates improvements
across various evaluation categories, including existence,
position, count, color, and commonsense QA (CSQA).

Baselines. We adopt the widely-implemented LLaVA-
v1.5 (Liu et al. 2024b) and Qwen-VL (Bai et al.
2023b) architectures as our baseline LVLMs, both employ-
ing 7B-parameter language models. We compared four ad-
vanced baselines, including dynamic logit adjustment and
fixed-vector intervention: (1) VCD (Leng et al. 2023), (2)
DeCo (Wang et al. 2025a), (3) VTI (Liu et al. 2024d) and
(4) ICT (Chen et al. 2024).

Implementation Details. We employed the dataset
from (Liu et al. 2024d), which comprises 100 images
from COCO (Lin et al. 2015) along with both correct
and hallucinated captions. Then we performed random
masking operations on these images to generate negative
samples of images for our training corpus. For training the
rectified flow model, we followed the methodology outlined
in (Wang et al. 2025b; Lipman et al. 2023). Notably, the
hidden states of different VLMs may affect the convergence
behavior of the rectified flow model; accordingly, we train
the rectified flow for 25 epochs on LLaVA-v1.5 and 40
epochs on Qwen-VL, respectively. All experiments were
conducted on a single NVIDIA RTX A5000 GPU.

Main Results

Results on POPE. Table 1 presents the results of LLaVA-
v1.5 and Qwen-VL on nine subsets of the POPE dataset.
Our method yields two key conclusion: (1) Our ap-
proach achieves an average F1-score improvement of 7.59%
(LLaVA-v1.5) and 6.90% (Qwen-VL), consistently outper-
forming all baselines. RFI demonstrates statistically signifi-
cant improvements across all POPE subsets (random, pop-
ular, and adversarial), outperforming baseline methods in
every category. This consistent performance gain confirms
RFI’s capability to generate effective and input-specific in-
tervention vectors that adapt to diverse data distributions. (2)
The rectified flow model attains robust generalization with
merely 100 out-of-distribution sample pairs and seconds-
level training time. This demonstrates its parameter-efficient
nature while maintaining competitive intervention effective-
ness.
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Dataset Setting Category Method LLaVA-v1.5 Qwen-VL
Accuracy F1 Score Accuracy F1 score

COCO

Random

– Regular 83.29 81.33 84.37 82.67
Dynamic VCD 87.73 87.16 88.63 87.81
Dynamic DeCo 88.80 89.26 89.53 89.31

Static VTI 89.50 88.89 86.73 85.59
Static ICT 90.11 90.03 89.46 89.20

– RFI 90.73 (↑ 7.44) 90.40 (↑ 9.07) 89.70 (↑ 5.33) 88.89 (↑ 6.22)

Popular

– Regular 81.88 80.06 84.13 82.06
Dynamic VCD 85.38 85.06 87.12 86.40
Dynamic DeCo 84.66 85.86 87.10 86.75

Static VTI 87.36 86.69 85.67 84.48
Static ICT 87.50 87.60 88.16 87.33

– RFI 88.73 (↑ 6.85) 88.21 (↑ 8.15) 87.93 (↑ 3.80) 87.51 (↑ 5.45)

Adversarial

– Regular 78.96 77.57 82.26 80.37
Dynamic VCD 80.88 81.33 84.26 83.90
Dynamic DeCo 78.43 81.19 82.07 82.49

Static VTI 82.57 82.11 83.13 82.16
Static ICT 84.43 83.74 84.96 84.42

– RFI 84.90 (↑ 5.94) 84.68 (↑ 7.11) 85.11 (↑ 2.85) 84.49 (↑ 4.12)

AOKVQA

Random

– Regular 83.45 82.56 86.67 85.59
Dynamic VCD 86.15 86.34 89.22 89.01
Dynamic DeCo 84.60 86.48 88.50 88.13

Static VTI 86.23 86.96 87.22 87.10
Static ICT 89.20 89.41 89.46 89.03

– RFI 91.23 (↑ 7.78) 91.15 (↑ 8.59) 89.70 (↑ 3.03) 89.30 (↑ 3.71)

Popular

– Regular 79.90 79.59 85.56 84.63
Dynamic VCD 81.85 82.82 87.85 87.81
Dynamic DeCo 80.40 81.34 88.23 87.89

Static VTI 80.66 82.61 87.94 87.56
Static ICT 85.73 85.34 88.13 87.83

– RFI 87.57 (↑ 7.67) 87.90 (↑ 8.31) 90.23 (↑ 4.67) 89.80 (↑ 5.17)

Adversarial

– Regular 74.04 75.15 79.57 79.50
Dynamic VCD 74.97 77.73 81.27 82.38
Dynamic DeCo 74.00 74.91 80.37 81.31

Static VTI 70.66 75.79 80.56 80.96
Static ICT 79.60 80.43 81.94 82.44

– RFI 80.17 (↑ 6.13) 82.00 (↑ 6.85) 82.50 (↑ 2.93) 83.09 (↑ 3.59)

GQA

Random

– Regular 83.73 82.95 80.97 79.01
Dynamic VCD 86.65 86.99 85.59 85.33
Dynamic DeCo 84.80 86.67 79.03 78.81

Static VTI 87.10 87.94 85.89 85.17
Static ICT 89.60 89.44 86.38 86.96

– RFI 89.73 (↑ 6.00) 89.67 (↑ 6.72) 90.23 (↑ 9.26) 89.76 (↑ 10.75)

Popular

– Regular 78.17 78.37 75.99 74.84
Dynamic VCD 80.73 82.24 81.83 82.23
Dynamic DeCo 77.10 77.36 75.93 73.72

Static VTI 77.66 80.79 82.33 81.89
Static ICT 84.70 84.78 82.63 82.22

– RFI 85.00 (↑ 6.83) 85.30 (↑ 6.93) 88.37 (↑ 12.38) 88.04 (↑ 13.20)

Adversarial

– Regular 75.08 76.06 75.46 74.33
Dynamic VCD 76.09 78.78 80.01 80.75
Dynamic DeCo 73.13 74.47 75.13 74.68

Static VTI 72.33 77.24 80.46 80.09
Static ICT 81.50 82.27 80.83 80.60

– RFI 81.90 (↑ 6.82) 82.78 (↑ 6.72) 83.97 (↑ 8.51) 84.23 (↑ 9.90)

Table 1: Main results on POPE tasks. Baselines are categorized as Static or Dynamic. We evaluate accuracy and F1 Score across
MSCOCO, A-OKVQA, and GQA datasets using LLaVA-v1.5 and Qwen-VL. Bold values indicate the best performance.
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Figure 4: Ablation study of the hyper-parameters in RFI.

Results on MME. Figure 3 presents the results on the
MME benchmark, where we following (Leng et al. 2023)
evaluation step, focusing on the hallucination subset of
MME. The experimental results demonstrate that RFI
achieves consistent improvements across all evaluation met-
rics, outperforming the baseline method ICT by 27.91 points
on LLaVA-v1.5 and 47.48 points on Qwen-VL. RFI exhibits
substantial performance gains on non-hallucination metrics
for both model architectures, indicating its dual capability
in effectively mitigating visual hallucinations while simul-
taneously enhancing general multimodal reasoning perfor-
mance. Our method shows slightly lower performance than
ICT in counting tasks, likely due to the latter’s finer-grained
object-level method.

Ablations and Analysis
Effects of Layer l and Intensity α. RFI contains two
key parameters: the target layer index l requiring interven-
tion and the intervention intensity α. We evaluate these hy-
perparameters with LLaVA-v1.5 and Qwen-VL on the ran-
dom subset of COCO from the POPE benchmark. To in-
vestigate the impact of these parameters, we fixed one of
the parameters and calculate the F1 score. Figure 4 (left)
demonstrates that both models achieve peak performance at
approximately layer 15, with performance degradation ob-
served when deviating from this optimal depth. This phe-
nomenon suggests layer 15 serves as a critical fusion point
for cross-modal integration, where earlier layers may lack
sufficient feature abstraction while deeper layers could suf-
fer from over-fusion or information distortion. Figure 4
(right) illustrates the performance across α values. Empir-
ical findings show that the suppression of hallucinations is
maximized when α values approach 5.0 in LLaVA-v1.5 and
2.0 in Qwen-VL, suggesting greater parameter sensitivity in
the latter model.

Inference Latency. Table 2 compares the inference la-
tency of LLaVA-v1.5 before and after applying our RFI
method across varying new token lengths, where each con-
figuration was evaluated through 20 independent trials. Re-
markably, at 100 new tokens, RFI introduces only a 1.09x
overhead, demonstrating the exceptional efficiency of our
approach. This lightweight overhead is achieved through
just one additional forward pass for hidden state extraction
and a single rectified flow sampling operation.

New Tokens LLaVA-v1.5 + RFI Ratio
5 0.28 ± 0.005 0.53 ± 0.005 1.89x
25 0.81 ± 0.007 1.07 ± 0.007 1.32x
50 1.47 ± 0.006 1.73 ± 0.007 1.17x
75 2.14 ± 0.014 2.40 ± 0.031 1.12x

100 2.79 ± 0.015 3.05 ± 0.020 1.09x

Table 2: Comparison of the latency (s) of LLaVA-v1.5 be-
fore and after applying RFI in generating tokens of varying
lengths on an NVIDIA A5000 GPU. “±” represents the stan-
dard deviation.
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Figure 5: Visualization of initial and intervened hidden
states in LLaVA-v1.5 at layer 15 using t-SNE.

Analysis of Input-Specific Intervention. As shown in
Figure 5, the visualization of 20 randomly sampled COCO
instances demonstrates that the input-specific intervention
vectors induce systematic and directional shifts in the hid-
den states of LLaVA-v1.5 at the 15-th layer, as evidenced
by the coherent displacement patterns between the initial
(blue) and intervened (orange) points and the mean inter-
vention direction (red) in the t-SNE space. The locally con-
centrated arrows in high-density regions suggest targeted
modifications to task-relevant features, while globally pre-
served dispersion indicates maintained representational di-
versity without collapse. While the mean intervention (red)
demonstrates the dominant transformation pattern, individ-
ual cases exhibit significant directional variation. This con-
trasts with static intervention methods, as RFI dynamically
adapts to input content, achieving fine-grained control. Cru-
cially, the coexistence of aligned and opposed interventions
implies our method captures nuanced error-specific correc-
tions beyond fixed intervention.

Conclusion
We propose RFI, a novel method that leverages rectified
flow to dynamically predict latent-space intervention vec-
tors. Requiring only a single forward pass in LVLMs per
question, RFI achieves computational efficiency. Extensive
experiments demonstrate that RFI significantly outperforms
existing baselines in hallucination reduction.
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