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Abstract

Recent studies have shown that large vision-language
models (LVLMs) often suffer from the issue of object hal-
lucinations (OH). To mitigate this issue, we introduce an
efficient method that edits the model weights based on an
unsafe subspace, which we call HalluSpace in this paper.
With truthful and hallucinated text prompts accompanying
the visual content as inputs, the HalluSpace can be identi-
fied by extracting the hallucinated embedding features and
removing the truthful representations in LVLMs. By orthog-
onalizing the model weights, input features will be projected
into the Null space of the HalluSpace to reduce OH, based
on which we name our method Nullu. We reveal that Hal-
luSpaces generally contain prior information in the large
language models (LLMs) applied to build LVLMs, which
have been shown as essential causes of OH in previous
studies. Therefore, null space projection suppresses the
LLMs’ priors to filter out the hallucinated features, result-
ing in contextually accurate outputs. Experiments show
that our method can effectively mitigate OH across differ-
ent LVLM families without extra inference costs and also
show strong performance in general LVLM benchmarks.
Code is released at https://github.com/Ziwei-
Zheng/Nullu.

1. Introduction
Recent advancements in large language models (LLMs) [1,
35, 40] have spurred rapid developments in large vision-
language models (LVLMs), such as GPT-4V [1], Gem-
ini [39], LLaVA [31] and mPLUG-Owl2 [48]. By inte-
grating a vision encoder and fine-tuning on multimodal
instruction-following datasets, LVLMs exhibit a strong abil-
ity to interpret and convert complex visual patterns into co-
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Figure 1. An illustration of Nullu. (a) In the editing phase, Nullu
will ① Extract hidden features of truthful (T.) and hallucinated
(H.) inputs. ② Explore a low-rank HalluSpace v in the feature
space by contrasting the differences between T. and H. features.
③ Edit the model weights by projecting them to the null space of
v. (b) In the inference phase, using the edited weights equals to
project input features into the safe subspace, away from the hallu-
cinated areas, leading to contextually accurate outputs.

herent linguistic representations. Whereas, the widespread
use of these LVLMs has shed light on their limitations—
object hallucinations (OH).

Object Hallucination (OH) refers to the phenomenon
where LVLMs generate text that inaccurately represents the
actual objects in the accompanying image [4, 20, 23, 27,
29]. Considering the wide application of LVLMs in dif-
ferent fields, hallucinations in generated content can lead
to misinformation or even harmful decisions. Therefore,
mitigating OH is crucial for AI safety and trustworthi-
ness. Recent works propose to address OH by either per-
forming fine-tuning in an end-to-end manner [20, 22, 29]
or using post-processing methods to modify model out-
puts [9, 23, 50, 53], which show effectiveness in mitigating
OH for modern open-source LVLMs.
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Despite significant efforts, the underlying causes of OH
within the models remain unexplored. This study inves-
tigates this issue by systematically examining the intrin-
sic distinctions between truthful and hallucinated responses,
focusing on feature spaces. Our empirical results on open-
source LVLMs reveal a low-rank subspace in the model pa-
rameter space, which we term “HalluSpace”, representing
the distinction between truthful and untruthful feature dis-
tributions, and can be a factor triggering OH.

Building on this finding, we mitigate OH by projecting
the features away from the detected HalluSpaces. Namely,
we project the original model weights to the null space
of HalluSpaces, based on which we build a novel method
called Nullu (shown in Figure 1). Our method first applies
Principal Component Analysis (PCA) to extract the low-
dimensional subspaces (HalluSpaces) from the difference
matrix between truthful and hallucinated features. Then,
by orthogonalizing model weights with respect to the Hal-
luSpaces, Nullu effectively nullifies OH representations for
inputs, filtering out these untruthful features and resulting
in contextually more accurate outputs.

We also found that these HalluSpace are closely tied to
the priors in LLMs, which is primary causative factors of
OH in [23]. Therefore, projecting model weights to the
null space of HalluSpace offers a distinct but straightfor-
ward approach to reducing these priors. Furthermore, we
establish connections between Nullu and Direct Preference
Optimization (DPO) [36], showing that both of these two
methods attempt to achieve a similar goal to avoid OH.

Through comprehensive experiments, we demonstrate
the effectiveness of Nullu in mitigating OH without com-
promising the models’ general performance. Notably, Nullu
needs no additional fine-tuning procedure and, introduces
no extra inference costs compared to most post-hoc based
methods [9, 23, 50], making Nullu much more efficient in
alleviating OH. Our main contributions are as follows:
1. We propose a novel method named Nullu for OH mitiga-

tion. By extracting HalluSpaces and orthogonalizing the
model weights, Nullu can effectively mitigate OH with
no extra inference cost. Our method demonstrates the
feasibility and effectiveness of mitigating OH by editing
weight based on representation learning.

2. We show that HalluSpaces appear to form a prior closely
related to the priors in LLMs causing OH. Therefore,
our method coincides with previous studies debiasing
LVLMs to reduce OH at outputs. Moreover, we show
the connection between Nullu and DPO, which can pro-
vide nuanced insights, broadening the understanding of
potential causes behind unsafe behaviors within LVLMs.

3. Experiments show that using Nullu achieves consistent
improvements with zero-extra costs on the evaluated
tasks across different open-source LVLMs, demonstrat-
ing the effectiveness and efficiency of Nullu.

2. Related Work
2.1. Large Visual-Language Models (LVLMs)
Based on the development of LLMs, such as LLaMA [41]
and Vicuna [10], large vision-language models (LVLMs)
have made significant advancements in recent years.
Early works, such as BLIP [24, 25] and BERT-based
VLMs [12, 34], have successfully adapted LLMs to visual
tasks, demonstrating notable generative capabilities and in-
context learning abilities. These advancements typically in-
volve connecting a vision encoder to an LLM through var-
ious fused modules, such as linear projection [31] or a Q-
former [54]. With the adoption of visual instruction tuning
techniques, LVLMs [31, 52] have further enhanced their
abilities, enabling language generation models to perform
complex image understanding and reasoning tasks, result-
ing in a series of modern well-performed LVLMs, such as
LLaVA [30, 31], Mini-GPT4 [54], mPLUG-Owl [47, 48],
Shikra [6], InternVL [8] and Qwen-VL [2, 3]. However,
despite these successes, recent LLMs and LVLMs still face
security issues [21, 44, 51], such as hallucination [4],

2.2. Mitigation of Object Hallucination
Object hallucination occurs when the model generates se-
mantically coherent texts misaligned with actual objects
in the accompanying image [19, 37, 45, 46]. Various ap-
proaches have been proposed to address this issue. Consid-
ering a possible cause of hallucination lies in data biases
and the knowledge gap between visual and linguistic in-
formation, recent studies propose to fine-tune the LVLMs
for robustness [17, 29], cross-modality matching [20, 22]
or preference alignments [7, 38]. While these methods are
effective, they are notorious for the demands of substantial
computational resources for training and fine-tuning.

Researchers also propose post-processing methods to
avoid high computational costs, which apply new strate-
gies or external tools to modify the response. LURE [53]
trains a reviser to edit the possible hallucinated words in
the responses. Other methods incorporate an external vi-
sual model improved answers [5, 9, 49]. Moreover, recent
studies have revealed that the LVLMs are often affected
by the strong LLM’s priors and visual uncertainty, lead-
ing to less attention to the visual contexts and resulting in
OH [13, 18, 23, 33, 50, 55].

Compared to these works, Nullu mitigates OH by a new
editing strategy that contrasts the truthful and hallucinated
features, resulting in an effective and efficient solution for
OH issues.

2.3. Feature steering
In the LLM and LVLM fields, some works use a similar
approach of measuring the “contrast” between the internal
features of positive and negative samples and then modify-
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Figure 2. An overview of Nullu, which identifies the HalluSpaces to edit model weights for LVLMs. (a) The paired truthful and hallucinated
samples. (b) Nullu first calculates the difference matrix of hidden features for the paired samples and then conducts the SVD to find the
main directions of the difference as the HalluSpace. Then Nullu projects the original MLP’s weights to the null space of the HalluSpace.
This procedure will be repeated for a series of layers, {ℓ}, in the LLM of an LVLM.

ing features at inference time using this “contrast” to ad-
just the model’s behavior. E.g., ITI [26], ActADD [42],
and VTI [32] shift the features via an obtained direction
for truthfulness, detoxification, and OH mitigation, respec-
tively. Our method projects the features for editing. Al-
though recent work [43] also proposes the null space pro-
jection strategy for editing, its target is the detoxification of
LLMs, which differs from ours.

3. Method

The framework of Nullu is illustrated in Figure 2. We first
describe how to construct the data pairs of truthful and hal-
lucinated text prompts, then introduce how Nullu extracts
the HalluSpace to edit the model weights. We further pro-
vide an in-depth analysis by decoding the HalluSpaces, and
discuss the connection between Nullu and DPO.

3.1. Data-pair construction
We begin with constructing paired vision-language inputs
as shown in Figure 2 (a). The two inputs have the same
image but different text prompts, where one contains the
truthful ground truth, x−

i , that accurately describes the ob-
jects in the image, and the other contains hallucinated de-
scriptions, x+

i . The whole dataset can be represented by
D = (x+

i , x
−
i )

N

i=1.
As stated in [53], the hallucinatory descriptions can

be generated by modifying the accurate descriptions using
GPT-3.5. These adjustments are guided by factors related
to object hallucination, including co-occurrence, object un-
certainty, and object position. Then, we can obtain the data
pair whose sample contains an image with a GT descrip-
tion and the same image with a hallucinated description by

substituting the objects in the GT description with the most
likely hallucinated ones.

3.2. Nullu
Exploring HalluSpaces. At each model layer ℓ in the
LLM of the LVLM, where ℓ ∈ L0 . . . L, we compute em-
bedding features, denoted as x+

i,ℓ and x−
i,ℓ for the halluci-

nated and truthful features, respectively. We then average
each sample over the token dimension and stack these em-
bedding features into matrices X+

ℓ , X−
ℓ ∈ RN×D, where

D is the embedding dimension. Then the difference matrix
Eℓ at ℓ-th layer can be calculated by:

Eℓ = X+
ℓ −X−

ℓ , Eℓ ∈ RN×D. (1)

We conduct the principal component analysis for Eℓ via sin-
gular value decomposition (SVD). As shown in Figure 2 (b),
this matrix contains the underlying differences between the
truthful and hallucinated embeddings in the feature space.
Therefore, by exploring the structure of Eℓ, we can find the
main directions as a low-rank approximation of Eℓ, based
on which we can effectively eliminate the hallucinated fea-
tures. Formally, the SVD can be conducted by

Eℓ = UℓΣℓV
⊤
ℓ , Uℓ ∈ RN×N , Vℓ ∈ RD×D, (2)

where Σℓ is the diagonal matrix containing the singular val-
ues with the descending sort.

Next, we pick the right singular vectors with top-k sin-
gular values, vℓ

1,v
ℓ
2, . . . ,v

ℓ
k, which are the first k column

vectors of Vℓ. These directions represent the main dif-
ference between the truthful and hallucinated features and,
therefore, can be considered the directions in model weight
spaces that trigger the hallucinated descriptions. Therefore
Vℓ,k = [v1, ...,vk] ∈ RD×k is the target HalluSpace.
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Figure 3. The relation between Nullu and other debiasing methods [23, 50]. The inference procedure of (a) ours and (b) VCD [23]. (c)
The statistics of the word frequency in outputs of Nullu (①), with LLM priors (②), LLaVA (③) and VCD (④).

Usually, with a k ≪ D, the HalluSpace can be well de-
fined, which means the hallucinated descriptions are possi-
ble within a low-rank dimensionality. We then show how to
edit the model weights to mitigate OH in LVLMs.

Editing the model weights. As the Vℓ,k represents the
main different directions between the truthful and untruth-
ful data distributions, we can effectively remove the hallu-
cination information from the model features by projecting
them to the null space of HalluSpace, which can be achieved
by orthogonalizing the model weights with respect to Vℓ,k.
The null space of Vℓ,k can be presented by (I−Vℓ,kV

⊤
ℓ,k)

1.
Therefore, we project the original weights of MLP at ℓ-th

layer W org
ℓ to the null-space of Vℓ,k with

W ed
ℓ = (I − Vℓ,kV

⊤
ℓ,k) W

org
ℓ . (3)

With the W ed
ℓ , Nullu can effectively mitigate OH while gen-

erating responses. As the new weights can be reloaded into
the model, there is no extra cost during inference, making
our method computationally efficient.

Algorithm 1 Nullu

Input: Paired data D, LVLM M, target layers {ℓ}, rank
number k.
Output: Edited LVLM Med.
for ℓ in {ℓ} do

Calculating X+
ℓ and X−

ℓ ▷ Hidden features
Eℓ = X+

ℓ −X−
ℓ

Eℓ = UℓΣℓV
⊤
ℓ

Vℓ,k = [v1, ...,vk] ▷ Selecting Top-k
W ed

ℓ = (I − Vℓ,kV
⊤
ℓ,k) W

org
ℓ ▷ Editing ℓ-th MLP

end for

Nullu. We summarize Nullu in Algorithm 1. Our method
contains two key parameters: the indices of layers needed
to be editing {ℓ} and the selected top-k singular vectors.
Although we do not have a theoretical argument for the best

1The proof can be found in supplementary materials.

values, we explore their effects experimentally and deter-
mine optimal values via a standard hyper-parameter sweep.

3.3. Decoding information in HalluSpace
We provide a case study to explore how the proposed Nullu
mitigates OH. We conduct the analysis experiments on
CHAIR [37] with LURE [53], which provides the ground
truth and possible hallucinated responses with each visual
input. The introduction of the dataset is provided in Sec-
tion 4. We use LLaVA-1.5-7B [30] for our evaluation.

Mapping the subspace back to vocabulary. Following
previous works [16, 43], to explore the information be-
hind the learned vectors vi ∈ RD, a common approach
is to decode the embeddings with Ov ∈ R|V|, where
O = [o1, . . . ,o|V|]

⊤ ∈ R|V|×D and V denotes the vocabu-
lary. We then sort Ov in ascending order, find the top-m in-
dices, and use the corresponding words to interpret v. The
following analysis is performed at each layer ℓ, while we
will drop ℓ to avoid the notational burden.

Using Nullu, we can extract the V at different layers and
then decode it via Ov to explore the internal information
behind V . For better interpretation, we only select the most
representative results2, containing high-frequent words like
“background” and “middle”, shown in Supplementary ma-
terials. As far as we know, projecting the model weights
orthogonally to V can reduce the semantic information of
the decoded words during responding. However, why does
such a procedure mitigate OH?

Debiasing LVLM from LLM prior. Recent studies [23]
have revealed that hallucinated responses of LVLMs can be
attributed to the strong LLMs’ priors. Therefore, following
the settings in [23], we collect the outputs of LLaVA-1.5
with normal inputs (③) and visually distorted inputs (②),
as shown in Figure 3 (b). The statistical results of word
frequency of ② and ③ show that LLMs indeed bias on some
words. And techniques proposed to calibrate the outputs by

2The complete decoding results of V and the reason why we select the
most representative results are provided in Supplementary materials.
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reducing these detected LLM priors [23] (resulting in the
results ④), or, enhancing the visual information [18, 33, 55]
during inference to remove these priors in LLMs.

Interpreting HalluSpaces. From the results of ② in Fig-
ure 3 (b) and the results in Table 1 in Supplementary mate-
rials, we see that the decoded words from HalluSpace over-
lap with the high frequent words when with the distorted vi-
sual inputs (②), indicating that HalluSpace V might contain
similar latent information as LLM’s prior. Moreover, by
visual contrastive decoding, we see that these LLM’s “pre-
ferred” words are reduced (see ④), which has a similar trend
to Nullu (①). Therefore, we indicate that Nullu projects the
features to the null space of the HalluSpace V , achieving a
similar function of reducing LLM prior in LVLMs. By edit-
ing the LVLMs with Nullu, the lower CHAIRS (the metric
to evaluate hallucination, the lower, the better) indicates that
OH is effectively mitigated by Nullu. Therefore, we can
consider Nullu as a new way that achieves debiasing from
the model parameter aspect.

3.4. How Nullu works?
The analysis is performed for each layer ℓ, and to avoid the
notational burden, we will drop ℓ and focus on each layer
separately. We also suppose the number of tokens as 1; the
generated features can then be calculated as fi = xiW

org,
where W org ∈ RD×Do , and xi ∈ R1×D, fi ∈ R1×Do .

Based on the heuristic in [43], an embedding vector in
any transformer layer can be decomposed into interpretable
components. We suppose that the generated features fi can
be separated into three different elements:

fi ⇒ f̂iB̂︸︷︷︸
truthful contexts

+ f̃iB̃︸︷︷︸
hallucinated biases

+ ui︸︷︷︸
noise

, (4)

where we suppose B̂ ∈ Rk̂×Do contains the truthful direc-
tions and B̃ ∈ Rk̃×Do contains k̃ hallucinated directions,
and ui represents typical randomness unaccounted for by
the statistical model. f̂i ∈ R1×k̂, f̃i ∈ R1×k̃ are “latent
factors”. Therefore f̃iB̃ can represent the hallucinated fea-
tures for the i-th input.

However, with the W ed and combining the hypothesize
in Eq. (4), the edited features can be calculated as

f ed
i = xi(I − VkV

⊤
k )W org

= f̂iB̂ + (f̃iB̃ − (xiVk)(V
⊤
k W org)) + ui. (5)

As the Vk gives the best k-rank approximation of the differ-
ence between the truthful and untruthful features via SVD,
our approach can remove the hallucinated features and en-
hance the truthful answers for accurate responses.

Relation to DPO Following previous studies in [43], we
exhibit the conceptual connection between DPO [36] and

Nullu by studying a simple logistic model πW for the out-
put given x as inputs. The conditional probability can be

πW (y|xi) = Z−1
W exp

(
o⊤
y Wxi

)
(6)

where oy is the output decoding vector for any y ∈ V , ZW

is the normalization factor. Similar expression holds for x+
i

and x−
i . With some calculations, the gradient with respect

to W of the DPO loss can be represented as

∇WLDPO = − β

N

N∑
i=1

(
oy+

i
(x+

i )
⊤ − oy−

i
(x−

i )
⊤)

=− β

N

N∑
i=1

(
oy+

i
(x+

i − x−
i )

⊤︸ ︷︷ ︸
feature difference

+(oy+
i
− oy−

i
)(x−

i )
⊤︸ ︷︷ ︸

output difference

)
.

(7)

The gradient in (7) contains a feature difference term.
Therefore, the gradient update can be interpreted as an at-
tempt to eliminate feature differences to avoid hallucinated
responses. For Nullu, it tries to approximate such differ-
ence via SVD and also attempts to eliminate it by null space
projection, which shows the connection between Nullu and
DPO. See Supplementary Materials for more details.

4. Experiments
In this section, we conduct experiments to evaluate the ef-
fectiveness of our method in mitigating OH. Experimental
analyses and a case study are also provided.

4.1. Datasets and baselines
We use the widely used CHAIR [37] and POPE [27], and
randomly sampled 500 images from the validation split
of MSCOCO [28] for evaluations following previous set-
tings in [9, 18, 49]. We repeat the experiments three times
for each metric with different random seeds. Moreover,
MME [15] and LLaVA-Bench [30] are applied as extensive
benchmarks tailored to assess the overall performance after
editing. The detailed descriptions and implementations can
be found in Supplementary Materials.

CHAIR. CHAIR is a tailored tool created to evaluate the
occurrence of OH in an image description by determining
the proportion of the mentioned objects that are absent in
the ground-truth label set. For metrics, CHAIRS measures
proportion of the hallucinated sentences over all sentences,
and CHAIRI measures proportion of the hallucinated ob-
jects over all generated objects. Lower scores indicate less
OH. We also report BLEU as an assessment of the text gen-
eration quality. For implementation, we use LURE [53]
as the paired data for Nullu. We prompt all methods with
“Please describe this image in detail.”.

POPE. The POPE dataset presents a streamlined ap-
proach to assess object hallucination. With POPE, LVLMs
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Method LLaVA-1.5 MiniGPT-4 mPLUG-Owl2

CHAIRS ↓ CHAIRI ↓ BLEU↑ CHAIRS ↓ CHAIRI ↓ BLEU↑ CHAIRS ↓ CHAIRI ↓ BLEU↑
Greedy 20.40±2.80 7.08±0.33 15.72±0.10 32.40±2.20 12.20±0.42 14.57±0.11 22.90±0.90 8.62±0.11 15.01±0.24
Beam Search [14] 19.50±2.30 6.84±0.79 15.99±0.14 30.10±0.30 11.87±0.37 15.35±0.24 20.30±0.70 7.62±0.19 15.43±0.05
DoLa [11] 20.20±2.80 6.75±0.54 15.68±0.10 31.90±3.30 12.15±0.89 14.54±0.12 22.40±1.80 8.36±0.04 15.13±0.21
OPERA [18] 17.50±0.50 6.07±0.32 16.02±0.02 29.70±0.30 11.96±0.29 14.82±0.05 20.07±2.07 7.18±0.39 15.41±0.12
VCD [23] 20.30±1.10 7.28±0.10 14.53±0.01 29.00±2.80 12.64±1.19 14.42±0.01 22.80±0.80 8.68±0.17 15.14±0.13
Woodpecker [49] 23.85±4.62 7.50±0.01 17.05±0.00 28.87±2.20 10.20±0.85 15.30±0.01 26.33±1.98 8.43±0.80 16.43±0.00
LURE [53] 19.48±2.35 6.50±0.38 15.97±0.01 27.88±2.25 10.20±0.85 15.03±0.11 21.27±0.06 7.67±0.16 15.65±0.15
HALC [9] 16.90±2.10 5.72±0.55 16.02±0.04 25.20±2.00 9.42±0.41 14.91±0.13 18.80±1.20 7.00±0.01 15.33±0.24

Nullu 15.20±0.60 5.30±0.03 15.69±0.04 21.40±1.00 8.99±0.36 14.81±0.06 15.60±1.20 5.77±0.01 15.45±0.01

Table 1. CHAIR evaluation results on MSCOCO dataset of LVLMs (LLaVA-1.5, MiniGPT-4 and mPLUG-Owl2) with different methods
for mitigating OH. Lower CHAIRS and CHAIRI indicate less OH. Higher BLEU generally represent higher captioning quality. We use
64 as the max token number in this experiment. Bold indicates the best result of all methods.

are queried to answer whether a specific object exists in the
image. It encompasses three sampling settings: random,
popular, and adversarial, each distinct in constructing neg-
ative samples. Besides the basic evaluation method, we fur-
ther use offline POPE (OPOPE) [9], which keeps the ob-
ject sampling and yes/no query strategy from POPE but re-
places the live interactions with offline checks. Specifically,
instead of querying the model with “Is there a {} in the
image?”, where “{}” is the queried object, we first ask the
examined LVLM to give its detailed descriptions of the im-
age and then check if the sampled positive/negative objects
exist in the captions when computing the OPOPE scores.

MME and LLaVA-Bench. The Multi-modal Large
Language Model Evaluation (MME) benchmark comprises
ten perception-related and four cognition-related tasks. We
use all tasks to test the edited models comprehensively.
Moreover, LLaVA-Bench is a collection of 24 images,
where each image is paired with a detailed, manually
crafted description and carefully selected questions. Both
of these datasets are used to assess the capability of LVLMs
to tackle more challenging tasks.

LVLM Baselines. We evaluate the effectiveness of our
Nullu on three popular LVLMs, including LLaVA-1.5 [31]
with Vicuna [10], MiniGPT-4 [54] with Llama2 [41] and
mPLUG-Owl2 [48]. See supplementary materials for more
implementation details.

4.2. Results on CHAIR
We provide the experimental results in Table 1, from which
we see that Nullu consistently outperforms the evaluated
methods. For the metric, CHAIRS (CS) can be more crit-
ical, since a caption containing many correct objects with
one Hallucinated Object is still an error with CS. A signifi-
cant improvement in CS indicates that Nullu addresses more
last hallucinated object. Moreover, although Nullu achieves
moderate gain compared to HALC with CI, it’s over 10×
faster than HALC.

Figure 4. (a) The throughput (tested on NVIDIA RTX 4090) v.s.
CHAIRS . (b) Performance with different max token numbers.

Moreover, we compared our method to a series of base-
line models on LLaVA-1.5 with different numbers of max
tokens, and the results are shown in Figure 4 (b). Results
show that more output tokens lead to more hallucinations in
the responses. While the proposed Nullu still outperforms
the baseline model by maintaining a low ratio of hallucina-
tion with longer responses and more generated objects.

A unique advantage of Nullu is that it can re-
parameterize the edited weights to the original model and,
therefore, introduces no extra inference costs. However,
most post-hoc OH mitigation methods need to modify the fi-
nal inference procedure by either debiasing the LLM biases
with double-inference [23] or even using multiple adaptive
inference procedures [9] and therefore introduce plenty of
extra costs during inference. We test the inference speed
of DoLa [11], VCD [23], and HALC [9] along with the
original LLaVA-1.5 with greedy and beam search decoding
strategies. The results are shown in Figure 4 (a). Compared
to LLaVA-1.5 with greedy decoding strategy, Nullu can de-
crease the CHAIRS by over 5% with the same throughput.
Although HALC performs well in mitigating OH, it also in-
troduces many extra inference procedures, which slow the
inference speed. Compared to OPERA, Nullu can achieve
7× faster speed while outperforming OPERA in CHAIRS .
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Method LLaVA-1.5 MiniGPT-4 mPLUG-Owl2

Accuracy↑ Precision↑ F score↑ Accuracy↑ Precision↑ F score↑ Accuracy↑ Precision↑ F score↑
Greedy 79.14±0.89 91.98±0.82 90.45±0.86 71.22±1.27 93.72±1.02 90.04±1.23 76.46±0.92 88.85±1.15 87.29±1.15
Beam Search [14] 79.41±0.69 92.52±0.55 90.96±0.59 71.65±1.15 94.70±0.60 90.97±0.85 76.76±1.02 90.28±0.80 88.56±0.87
DoLa [11] 78.98±0.56 91.66±0.81 90.15±0.79 71.28±1.15 93.92±0.83 90.22±1.04 76.07±1.09 88.54±1.25 86.95±1.27
OPERA [18] 79.29±0.32 92.25±0.07 90.71±0.11 70.48±1.63 94.41±1.11 90.66±1.42 75.49±1.29 91.23±1.06 89.11±1.17
VCD [23] 78.01±0.75 91.33±0.88 89.69±0.89 70.83±1.83 92.31±0.88 88.76±1.29 75.49±1.27 88.75±1.56 87.02±1.57
HALC [9] 77.87±0.22 93.17±0.39 91.25±0.38 71.17±0.89 94.88±0.15 90.95±0.42 74.93±1.09 90.20±0.90 88.12±0.99

Nullu 79.52±0.04 93.46±0.03 91.79±0.04 71.92±0.39 95.96±0.65 92.07±0.65 77.09±1.37 92.83±0.29 90.80±0.52

Table 2. The OPOPE evaluation results on MSCOCO dataset of LVLMs with different methods for mitigating OH. Higher accuracy,
precision, and F score indicate better performance. Bold indicates the best result of all methods.

4.3. Results on POPE

Experimental results on POPE under the random, popular,
and adversarial settings are summarized in the Supplemen-
tary Materials. Here, we mainly provide the results using
OPOPE metrics, shown in Table 2. All the numbers are av-
eraged results of the three sampling methods. Generally,
OPOPE is more challenging than POPE since VLMs first
need to describe a whole image and then find a specific ob-
ject from the response, where the object can often be miss-
ing. The results show that Nullu also performs better than
all evaluated methods regarding accuracy, precision, and F
score metrics. The experimental results demonstrate the ef-
fectiveness of Nullu in OH mitigation and show its broad
applicability on different open-source LVLMs.

4.4. Results on MME

We present the results of LLaVA-1.5-7B as a representa-
tive to evaluate the general ability of the edited model.
From Figure 5, we see that implementing Nullu leads to
a consistent enhancement in perception- and recognition-
based tasks. Moreover, it is interesting that using Nullu
can enhance the LVLM in text-related tasks, such as OCR
and Code Sense Reasoning. This may be attributed to the
fact that Nullu achieves similar optimization attempts with
DPO [36], potentially improving LVLMs’ general capaci-
ties. See more discussions and numerical results in Supple-
mentary materials.

Figure 5. MME full set evaluation results on LLaVA-1.5.

4.5. Ablation Studies and Further Analysis

Effects of editing layers {ℓ} and rank k. Nullu con-
tains two key parameters: the indices of layers needed to
be edited {ℓ} and the selected top-k singular vectors. We
test different values of these hyper-parameters with LLaVA-
1.5-7B on CHAIR (shown in Table 3). The editing layers
can affect overall performance; therefore, we use {ℓ} =
{16, .., 32} in all experiments. Moreover, we further found
that the performance of Nullu with a certain k for building
HalluSpace achieves the best performance, indicating that
the HalluSpace can be with a low-rank structure.

{ℓ} CS CI BLEU k CS CI BLEU

16-32 15.2 5.30 15.7 2 20.2 7.22 15.3
24-32 16.2 5.58 15.1 4 15.2 5.30 15.7
28-32 18.2 6.27 15.1 8 17.8 5.92 15.2
31-32 16.4 5.59 15.1 16 17.2 6.27 14.8

Table 3. Ablation study of the hyper-parameters in Nullu.

Does HalluSpace represent the hallucination biases?
Ideally, if HalluSpace effectively represents these biases,
the difference vectors from test samples should have big
projected components when mapped onto HalluSpace. To
evaluate this, we select 100 test samples from CHAIR
where Nullu successfully mitigates OH issues. We compute
difference vectors ei for each sample between the raw and
edited LLaVA features. Moreover, we generate 100 random
vectors ri as a comparison baseline. All these vectors are
normalized to avoid the effects of norms. Moreover, we
use σi to represent the projected components. Figure 7 (a)
shows the distribution of vectors on a normalized sphere.

Given V4 (rank-4), each projected component σi resides
within R4. We then calculated σi for all selected and ran-
dom samples, averaging ||σ|| across samples. Figure 7 (b)
presents these results, showing that the average ||σ|| of dif-
ference vectors across layers is significantly larger (10×)
than that of random vectors. Since the selected test sam-
ples were successfully edited to avoid OH, this evidence
indicates that HalluSpace captures directions in the feature
space associated with hallucinations in LVLMs.
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Figure 6. Illustration of hallucination correction by our proposed Nullu with two samples from LLaVA-Bench using LLaVA-1.5-7B.
Hallucinated objects from the original model are highlighted in red.

Figure 7. (a) The illustration of experiments. (b) The mean of ||σ||
of 100 test and random vectors at different layers.

Model Method Accuracy↑ Detailedness↑

LLaVA-1.5 Original 5.89 5.02
Nullu 6.53 5.59

MiniGPT-4 Original 4.11 4.07
Nullu 5.63 4.87

mPLUG-Owl2 Original 5.96 4.52
Nullu 6.26 4.72

Table 4. Results of GPT-4V-aided evaluation on LLaVA-Bench
following the setting in [23]. Both metrics are on a scale of 10.

GPT-4V Aided Evaluation on LLaVA-Bench. Follow-
ing [23, 49], we leverage LLaVA-Bench [30] to qualita-
tively evaluate the performance using GPT-4V Aided Eval-
uation. The prompt used for evaluation and an evaluation
case are provided in Supplementary Materials. Results in
Table 4 show consistent improvements using Nullu for each
model, demonstrating our method’s effectiveness in both
OH mitigation and general model ability improvement.
Case Study on LLaVA-Bench Figure 6 demonstrates two
case studies on LLaVA-1.5-7B given identical prompts and
images. The results show that the original LLaVA wrongly

describes the object “chair”, then it hallucinates the fre-
quently co-occurring objects such as “dining table” and
“bowl”. A similar issue also happens in the second exam-
ple, where the model wrongly generates “pedestrians” due
to the possible descriptions of the “traffic”. In contrast, im-
plementing Nullu can mitigate these hallucination issues ef-
fectively. We further test Nullu in an online setting, where
we edited the features with the learned V before a hallu-
cinated word, and we found that null space projection ef-
fectively fixed the hallucinated word “person” to a correct
word “mountain”. More results can be found in our Supple-
mentary Materials.

5. Conclusion and Future Work
In this paper, we proposed a novel method, Nullu, to address
OH in modern LVLMs. Nullu extracts HalluSpaces, which
are low-rank subspaces of the differences between truth-
ful and hallucinated features, and further edits the LVLMs
weights to mitigate OH. Empirical results show that using
the edited model weights reduces the priors in the LLMs,
which has been proven as an essential factor for OH. Ex-
periments demonstrate that Nullu can significantly mitigate
OH with no extra inference cost, making it much more ef-
ficient than many existing methods and maintaining strong
performance in general LVLM benchmarks.

Considering the connection between Nullu and DPO,
Nullu can potentially be an alternative but effective way for
safety alignment, providing a more efficient and straightfor-
ward way to improve LVLMs trustworthiness.
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