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Abstract

As scaling up training data has significantly improved the gen-
eral multimodal capabilities of Large Vision-Language Models
(LVLMs), they still suffer from the hallucination issue, gener-
ating text that is inconsistent with the visual input. This phe-
nomenon motivates us to systematically investigate the role of
training data in hallucination. We introduce a new benchmark,
POPEv2, which consists of counterfactual images collected
from the training data of LVLMs with certain objects masked.
Through comprehensive evaluation on POPEv2, we find that
current LVLMs suffer from training bias: they fail to fully
leverage their training data and hallucinate more frequently on
images seen during training. Specifically, they perform poorly
on counterfactual images, often incorrectly answering “Yes”
to questions about masked objects. To understand this issue,
we conduct probing experiments on the models’ internal com-
ponents, revealing that this training bias is primarily located
in the language modeling (LM) head, which fails to correctly
translate accurate visual representations into textual outputs.
Based on these findings, we propose Obliviate, an efficient and
lightweight unlearning method designed to mitigate object hal-
lucination via training bias unlearning. Obliviate identifies the
discrepancy between ground-truth labels and model outputs
on the training data as a proxy for bias and adopts a parameter-
and data-efficient fine-tuning strategy that only updates the
LM head. Extensive experiments demonstrate the effective-
ness of our approach. While only reusing the training data
and updating approximately 2% of the parameters, Obliviate
notably reduces hallucination across both discriminative and
generative tasks. Furthermore, it demonstrates strong scalabil-
ity with respect to both model size (2B to 72B) and training
data volume, and exhibits promising generalization to halluci-
nation types beyond object-level hallucination.

Code — https://github.com/RUCAIBox/POPEv2

Introduction
Recent advancements in Large Vision-Language Models
(LVLMs) have achieved remarkable performance on a variety
of multimodal tasks, e.g., visual question answering (OpenAI
2023), cross-modal reasoning (Du et al. 2025) and embodied
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(b) Target Object Selection and Masking

(c) Normal & Counterfactual VQA

Qwen2-VL: Yes, there is a laptop in the
image.

InternVL2: Yes, there is a laptop in the
image. The laptop is open and placed on
a table.

LLaVA-1.5: Yes, there is a laptop in the
image, and a woman and a young girl are
looking at it.

phone

(a) Training Images Selection

Question: Is there a laptop in the image?

+ Counterfactual Image
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Qwen2-VL: Yes, there is a laptop in the
image.

InternVL2: Yes, the woman in the image
is using a laptop to show something on
the screen to her daughter.

LLaVA-1.5: Yes, there is a laptop featured
in the image, with both a girl and a
woman sitting in front of it.

+ Normal Image

Keep Mask
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Figure 1: Data collection pipeline of POPEv2 and the gen-
erated cases from LVLMs. POPEv2 consists of normal and
counterfactual images with a masked target object.

AI (Li et al. 2024). Modern LVLMs are typically trained on
large-scale image-text pairs (Chen et al. 2024a); for exam-
ple, Qwen2-VL (Wang et al. 2024) is trained on 1.4 trillion
tokens comprising images and associated texts. While scal-
ing up training data has significantly improved the general
capabilities of LVLMs, it has not fully mitigated the halluci-
nation problem (Li et al. 2023; Rohrbach et al. 2018), where
models generate outputs that are inconsistent with the visual
input. This persistent issue hinders the broader application of
LVLMs in real-world applications. The limited effect of data
scaling on reducing hallucinations motivates us to investigate
a critical question: how well do LVLMs actually utilize
their training data? Surprisingly, we observe that LVLMs
may even hallucinate on images they have already seen dur-
ing training. As illustrated in Figure 1, when an object in a
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training image is masked out, LVLMs still answer “Yes” to a
question asking whether that object is present. This counter-
intuitive behavior raises an important issue: do LVLMs truly
acquire generalizable visual understanding from train-
ing data, or do they merely learn training biases such as
shallow associations or spurious correlations?

To probe this question, we introduce POPEv2, a bench-
mark specifically designed to evaluate the model’s reliance on
visual evidence. POPEv2 is constructed from images sampled
from the model’s training data, paired with binary questions
about object existence. For each image, we generate a coun-
terfactual version by masking the target object, creating a
minimal yet diagnostic change to test whether the model can
ground its predictions in actual visual content. Our empirical
findings reveal that existing LVLMs consistently struggle
with these counterfactual samples (see Table 1), even though
the original images appeared in training. This suggests that
current LVLMs often rely on learned biases rather than robust
visual grounding when making predictions, which fundamen-
tally contributes to the hallucination problem. To further
locate the derivation of such biases, we conduct probing ex-
periments on the hidden states from internal layers within
the LVLM. Interestingly, we find that intermediate represen-
tations already encode object-level visual information with
high fidelity. In contrast, the final language modeling head
(LM head) fails to translate these features into faithful textual
outputs. This discrepancy suggests that the primary training
bias contributing to hallucination resides in the LM head.

Motivated by these findings, we propose Obliviate, a
lightweight and efficient hallucination mitigation method
by unlearn training biases. Our key idea is to first treat the
discrepancy between the model’s generation and the ground-
truth labels on training data as a proxy for training biases.
Then, we perform gradient ascent specifically on these biased
outputs to actively reduce their likelihood, thereby promoting
unlearning. To ensure both parameter-level and data-level ef-
ficiency, we constrain the updates to only the LM head, which
is most responsible for the bias. In practice, Obliviate updates
merely 2% of the model parameters and utilizes only 1.5% of
the training data (see Table 3). Despite its simplicity, Oblivi-
ate is both effective and generalizable. Our experiments show
that it significantly reduces hallucination across LVLMs of
varying sizes (from 2B to 72B parameters), while preserv-
ing the model’s generation capabilities. Compared to strong
preference-tuning baselines, Obliviate achieves comparable
or even superior performance, with far less computational
overhead. Furthermore, Obliviate generalizes well to out-of-
domain hallucination types beyond object-level, demonstrat-
ing its potential as a practical debiasing solution for robust
multimodal understanding.

POPEv2: Challenging LVLMs with
Counterfactual Images from Training Data

To quantitatively analyze the influence of training data on
hallucination, we introduce a novel benchmark POPEv2 and
conduct an empirical study on representative LVLMs.

Data Collection Pipeline
As shown in Figure 1, the data collection of POPEv2 involves
three steps. (1) We randomly sample 500 images from the
MSCOCO 2017 training set (Lin et al. 2014), a widely-used
dataset for both image-text pretraining (Chen et al. 2024c,d)
and visual instruction tuning (Liu et al. 2023). (2) For each
image, we select a target object and generate a counterfactual
version by masking the object with a black patch, aiming to
assess whether model rely on visual evidence. (3) Following
POPE (Li et al. 2023), we construct binary questions (i.e.,
“Is there a <object> in the image?”) for both original and
counterfactual images. The final dataset includes 500 original
images, 500 counterfactual images, and 1000 questions. More
details are provided in the supplementary material.

Evaluation Setup for POPEv2

Evaluation Metrics. POPEv2 can be treated as a binary clas-
sification task. We adopt standard classification metrics for
evaluation, i.e., Accuracy, Precision, Recall, and F1 Score.
We also compute the True Negative Rate (TNR) to specifi-
cally evaluate model performance on counterfactual data:

TNR =
TN

TN + FP
, (1)

where TN and FP represent the number of true negatives
and false positives. Additionally, we introduce Prediction
Balance Offset (PBO), which measures the deviation of the
positive and negative ratio in prediction. It is computed as:

PBO =

(
Positive Predictions

Total Predictions
× 100

)
− 50. (2)

A positive PBO means the model prefers affirmative answers.

Evaluated Models. We evaluate representative open-source
LVLMs, including LLaVA-1.5-7B/13B, LLaVA-1.5-MoF,
LLaVA-NeXT-7B/13B, InternVL2-4B/8B/26B, and Qwen2-
VL-2B/7B/72B. Models except LLaVA-1.5 generally employ
different strategies to enhance visual understanding capabili-
ties, such as adopting dynamic image resolutions or integrat-
ing multiple visual encoders.

Empirical Results
We present the evaluation results of representative LVLMs in
Table 1, and summarize several interesting observations.

LVLMs Struggle with Seen Images. The evaluation results
demonstrate that LVLMs fail to achieve satisfactory perfor-
mance on POPEv2, despite having seen these images during
training. For instance, most models only attain an F1 score
of approximately 80%, including advanced models such as
LLaVA-Next and the InternVL2 series. Additionally, most
models exhibit high recall scores and a positive PBO, in-
dicating that counterfactual images tend to elicit incorrect
affirmative answers from the models. Notably, on the TNR
metric, which reflects the model’s accuracy in identifying
counterfactual images, most models do not even exceed 70%.
Furthermore, we provide additional experiments in the sup-
plementary material to analyze the influence of training data
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Model #DR #HVE
POPEv2

Accuracy Precision Recall PBO F1 Score ↑ TNR ↑
LLaVA-1.5-7B (Liu et al. 2024a) - - 72.20 65.16 95.40 + 23.20 77.44 49.00
LLaVA-1.5-13B (Liu et al. 2024a) - - 72.70 65.83 94.40 + 21.70 77.57 51.00
LLaVA-1.5-MoF-13B (Tong et al. 2024) - ✓ 71.30 65.55 89.80 + 18.50 75.78 52.80

LLaVA-NeXT-7B (Liu et al. 2024b) ✓ - 79.50 73.30 92.80 + 13.30 81.91 66.20
LLaVA-NeXT-13B (Liu et al. 2024b) ✓ - 80.10 73.41 94.40 + 14.30 82.59 65.80

InternVL2-4B (Chen et al. 2024d) ✓ - 76.90 71.52 89.40 + 12.50 79.47 64.40
InternVL2-8B (Chen et al. 2024d) ✓ - 74.50 70.32 84.80 + 10.30 76.88 64.20
InternVL2-26B (Chen et al. 2024d) ✓ - 76.10 71.43 87.00 + 10.90 78.45 65.20

Qwen2-VL-2B (Wang et al. 2024) ✓ - 91.30 93.84 88.40 − 2.90 91.04 94.20
Qwen2-VL-7B (Wang et al. 2024) ✓ - 87.00 81.25 96.20 + 9.20 88.10 77.80
Qwen2-VL-72B (Wang et al. 2024) ✓ - 79.40 72.55 94.60 + 15.20 82.12 64.20

Table 1: Performance of representative LVLMs on POPEv2 (#DR: Dynamic Resolution, #HVE: Hybrid Vision Encoder).
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Figure 2: Accuracy on counterfactual images using linear
probes trained on hidden states from different components.

on hallucination behavior. These findings collectively suggest
that current training paradigms may encode biases, caus-
ing models to rely on learned spurious correlations rather
than genuine visual evidences. Such biases, rooted in the
training process, fundamentally contribute to the persistent
hallucination problem in LVLMs.

Image Speaks Louder than Model Size. Another notewor-
thy observation is that scaling the size of the language model
backbone has a limited impact on LVLMs’ performance. For
instance, LLaVA-1.5-13B (77.57%) exhibits only marginal
gains over its 7B counterpart (77.44%), while Qwen2-VL-
72B (82.12%) underperforms compared to the significantly
smaller Qwen2-VL-2B (91.04%). In contrast, models em-
ploying dynamic resolution strategy, such as LLaVA-NeXT-
7B (81.91%) and Qwen2-VL-7B (88.10%), achieve markedly
better results than the base LLaVA-1.5 (77.44%). These find-
ings suggest that enhancing visual perception capabilities
plays a more critical role in accurately identifying counter-
factual images than simply scaling up model size.

Ground-truth Hallucinated

Logits Gap!

Frequently 
co-occur

Rarely 
co-occur

Figure 3: Average inference logits of object tokens in a cap-
tion. The ground-truth objects are remote, bed, and person.

Identifying Hallucination Bottlenecks
Based on the finding that hallucination may stem from biases
learned from the training data, we conduct probing experi-
ments to trace the hidden states within LVLMs, aiming to
identify which module primarily contributes to this issue.

Probing Experiments Setup

Hidden States within LVLMs. Typically, LVLMs consist of
a visual encoder, a projection layer, multiple stacked Trans-
former layers within the LLM, and a language modeling
head. We conduct probing experiments on the hidden states
of these modules. Given an image I and a text instruction T ,
the LVLM first converts I into image features EI using its
visual encoder V:

EI = V(I), EI = [e1, . . . , en], ei ∈ Rd, (3)

where n is the sequence length and d is the hidden size of the
image features. The projection layer W maps EI to image
embeddings H0

I compatible with the LLM’s hidden space:

H0
I = W · EI , H0

I = [h1, . . . , hn], hi ∈ Rm, (4)
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where m is the hidden size of the LLM M. These image
embeddings H0

I are concatenated with text embeddings H0
T

and processed sequentially by each layer of M, producing
layer-wise hidden states {H1, . . . ,HL}. Finally, at the last
layer L, the hidden state of the final token HL

last is passed
to the language modeling head (LM head) to predict the
next-token probability distribution.

Probing Method. Probing methods are widely used for ana-
lyzing the information encoded in the hidden states of neural
networks (Alain and Bengio 2017). Here, we utilize a sim-
ple yet effective linear probing model consisting of mean
pooling and a linear layer with parameters θ ∈ R2×m. We
train probes using the hidden states of the model to classify
whether an image contains a specific object class. Specifi-
cally, we set the image input I as a series of images that either
contain or do not contain the target object class, and the text
instruction as “Is there a <object> in the image?” for the
LVLM. Then, we attach linear probes to: (1) image features
EI from the visual encoder; (2) image embeddings from the
projection layer H0

I ; and (3) text and image hidden states of
each layer in the LLM {H1, · · · , HL}. During the training
phase, we provide hidden states from normal images and test
the trained probes on counterfactual images. We also directly
use the probabilities of the “Yes” and “No” tokens to measure
the accuracy of the direct generation results of LVLMs. More
details are presented in the supplementary materials.

Analysis on Linear Probing Results
The probing results are presented in Figure 2. From these
results, we summarize the following findings:

Hidden States Encode Object Existence. Linear probes
trained on the LVLM’s hidden states (for both text and image
features) achieve high classification accuracy on counterfac-
tual questions (>95%), demonstrating that these hidden states
encode rich object-level information, including both masked
and unmasked objects. Notably, within the LLM, the accu-
racy of probes trained on image-derived features gradually
decreases with depth (from 100% to 94.92%). In contrast,
probes trained on textual features show improved accuracy
after passing through just a single transformer layer and main-
tain higher accuracy in deeper layers. We attribute this to the
causal self-attention mechanism in LLMs, where visual in-
formation is progressively integrated into subsequent text
tokens. Overall, even with a fixed-resolution visual encoder,
the hidden states of LVLMs already contain sufficient visual
signals to support simple object-level perception.

Training Bias Lies in LM Head. Despite the richness of
visual information in the hidden states, there exists a notable
gap between the probing accuracy and the actual genera-
tion performance (from 94.92% to 80.79%). This suggests
that the LM head, which is responsible for producing output
text, fails to fully leverage the object-level signals present in
the hidden representations. Therefore, we conclude that the
training bias responsible for hallucination in LVLMs mainly
stems from the LM head. To make this bias more observable,
we analyze the average logits assigned by the LM head to
various object tokens during caption generation, as shown in

Figure 3. Interestingly, although these objects are all absent
from the image, the logits vary significantly depending on
their co-occurrence frequency with the ground-truth object
(e.g., higher logits for “TV” and “laptop” given the presence
of “remote”). This discrepancy illustrates a form of object-
level co-occurrence bias: the LM head tends to favor objects
that are statistically associated with the image content, even
if they are not visually present.

Methodology
Building on previous findings that hallucination in LVLMs
stems from training biases embedded within the LM head, we
propose a targeted debiasing framework, termed Obliviate
(Object Hallucination Mitigation via Efficient Training Bias
Unlearning). Obliviate is designed to efficiently mitigate such
bias by unlearning hallucinated patterns, while preserving
the model’s general capabilities. The full pipeline is depicted
in Figure 4. Notably, our method requires no additional anno-
tations and exclusively fine-tunes the LM head, resulting in a
highly data- and parameter-efficient solution.

Formalizing and Collecting Training Bias
We begin by defining training bias as the discrepancy be-
tween the model’s outputs and the annotated ground-truth
labels on the training data. This deviation reveals the incor-
rect or spurious patterns acquired by the model throughout
its training process. In our setting, we focus specifically on
how such bias contributes to hallucinations. Therefore, we
treat hallucinated sub-sequences as concrete manifestations
of this bias and target them for unlearning.

To this end, we curate an unlearning dataset by collecting
biased predictions from training data. Specifically, we select
image captioning instructions from the original LVLM train-
ing corpus and denote the collection as D = {(Ii, xi, yi)}Ni=1,
where Ii is the image, xi is the corresponding text instruc-
tion, and yi is the ground-truth caption. We then let the
LVLM re-infer on the same input pairs and collect its predic-
tions Y ′ = {y′1, . . . , y′N}. By comparing the objects within
the ground-truth and inference outputs, we select the sub-
set consisting of hallucinated inference results. However,
hallucinated captions often contain both accurate and hal-
lucinated content. Directly unlearning the entire sentence
may degrade the model’s ability to generate correct descrip-
tions. An intuitive approach is to only unlearn the halluci-
nated objects. However, due to the auto-regressive generation
pattern of LVLMs, objects are often generated along with
relevant context or follows, e.g., “the room also contains a
...”. Such context elicits the generation of hallucinated ob-
jects, and should also be unlearned. Therefore, we extract
sub-sentences that include hallucinated objects as the unit of
unlearning. Specifically, we split each predicted caption into
sub-sentences using delimiters such as commas and periods.
In addition, correctly generated objects are also treated as
delimiters to prevent including factual content in the unlearn-
ing process. For each hallucinated object, we retain only the
sub-sentence corresponding to its first occurrence to avoid re-
peated penalization. Finally, we obtain the unlearning dataset
DHallu = {(Ii, xi, yi, y

′
i, {δi,1, · · · , δi,j , · · · })}Mi=1, where

δi,j is the j-th hallucinated sub-sentence from y′i.
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LVLM 

𝒙𝒊: What do you think is going on in this snapshot?

𝒚𝒊: The image features a cozy bedroom, with a large
bed taking up most of the space in the room. Directly
behind the head of the bed, there is a …

𝒚𝒊$: The image features a cozy bedroom … In
addi@on to the bed, there is a chair located
near the leA side of the room, and a dining
table can be seen in the background … The
room also contains a clock on the wall …

(a) Re-inference Training Data

(b) Biased Sequence Collection
𝜹𝟏: <, there is a chair>

(c) Efficient Bias Unlearning

𝜹𝟐: <, and a dining table>

𝜹𝟑: <The room also contains a clock> 

🔥
LM 

Head Obliviate   

LLM❄

Projector❄

Visual Encoder
❄

Figure 4: The whole pipeline of proposed Obliviate. We first use the LVLM to re-inference its training data, and then collect
the biased sub-sequences within the hallucinated output. Next, we fine-tune the LM head of the LVLM to unlearn the bias by
combining the debiased loss and the auto-regressive loss.

Efficient Training Bias Unlearning

Based on the collected biased inference results, we draw
inspiration from the concept of machine unlearning (Liu et al.
2024c), which aims to selectively remove specific knowledge
or patterns learned by a model. Such approaches provide
an efficient way to mitigate targeted bias while preserving
the model’s general capabilities. Specifically, we devise the
following loss function to forget the biased sub-sentences:

LDB =

N∑
i=1

|δi,j |∑
j=1

log p(δi,j |Ii, xi, y
′
i,<δi,j ), (5)

where y′i,<δi,j
denotes the tokens before the sub-sentence

δi,j in the inference result y′i. However, training only on the
unlearning objective will undermine model’s original genera-
tion abilities. Therefore, we add the classic auto-regressive
loss on the ground-truth output as the regularization term:

LAR = −
N∑
i=1

|yi|∑
j=1

log p(yi,j |Ii, xi, yi,<j), (6)

where yi is instructions collected from both the D and other
general visual instructions from the training dataset of the
model. Finally, we combine the two loss functions for opti-
mizing the parameters of the LM head θLM , denoted as:

argmin
θLM

LAR + αLDB , (7)

where α is the hyperparameter to adjust the unlearning degree.
In this way, we not only force the LM head to unlearn the
bias but also guide it to acquire accurate knowledge from the
ground-truth. As a result, Obliviate is a data- and parameter-
efficient method that requires no additional annotations and
updates only 2% of the model’s parameters.

Experiment
Experiment Setup

Implementation. We select the LLaVA-150K (Liu et al.
2023) as Y . We then let the target model inference on caption
instructions from Y to obtain Y ′. Following Rohrbach et al.
(2018), we extract hallucinated objects from each caption and
construct δ to be unlearned. We adopt Obliviate on multiple
LVLMs of varying sizes from 2B to 72B, including LLaVA-
1.5-7/13B, LLaVA-Next-7/13B, Qwen2-VL-2B/7B/72B. For
LLaVA-1.5 series, we collect 12,000 hallucinated caption
instructions unlearning and another 36,000 visual reasoning
samples from LLaVA-150K for the calculation of LAR. For
the other models, the number of used unlearning and learning
instructions is set to 2,000 and 8,000, respectively.

Benchmarks. Aside from our constructed POPEv2, we also
select other hallucination evaluation benchmarks for evalu-
ation. We first select POPE (Li et al. 2023), which detects
hallucination by asking models whether the image contains
a certain object. For generative evaluation benchmarks, we
select Object HalBench (Rohrbach et al. 2018) and MMHal-
Bench (Sun et al. 2024). Object HalBench counts the hallu-
cination objects and sentences in model-generated captions.
MMHal-Bench adopts GPT-4 to evaluate fine-grained hal-
lucination regarding counting and spatial relationships. We
also include LLaVA-Bench (Liu et al. 2023) for evaluating
the open-ended generation abilities of models.

Baselines. We compare our method with other hallucina-
tion mitigation methods. (1) Decoding-based methods, e.g.,
VCD (Leng et al. 2024), VDD (Zhang et al. 2024) and
OPERA (Huang et al. 2024). (2) Preference learning meth-
ods, e.g., HA-DPO (Zhao et al. 2023) and POVID (Zhou et al.
2024). These methods collect human preference data and
adopt alignment algorithms like DPO (Rafailov et al. 2023)
to align the model with human preference.
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Model
POPEv2 Object HalBench MMHal-Bench

LLaVA Bench↑
PBO F1 score ↑ TNR ↑ Resp. ↓ Mention ↓ Info. ↑ Resp.↓

LLaVA-1.5-7B + 23.20 77.44 49.00 46.7 25.1 2.19 0.59 61.50
+ Obliviate − 1.10 82.91 84.20 34.7 18.3 2.20 0.55 63.50
LLaVA-1.5-13B + 21.70 77.57 51.00 44.7 22.8 2.53 0.56 69.30
+ Obliviate + 3.20 81.20 77.40 33.0 16.3 2.60 0.54 72.80
LLaVA-NeXT-7B + 13.30 81.91 66.20 17.7 11.5 2.58 0.58 62.40
+ Obliviate + 2.90 83.38 80.00 16.3 10.1 2.80 0.55 73.50
LLaVA-NeXT-13B + 14.30 82.59 65.80 19.7 13.2 2.91 0.53 63.30
+ Obliviate + 10.60 82.82 70.40 19.0 11.5 3.10 0.46 74.60
Qwen2-VL-2B − 2.70 91.04 94.20 18.0 10.2 3.08 0.44 74.40
+ Obliviate + 0.30 91.92 91.60 16.3 10.6 3.57 0.36 75.20
Qwen2-VL-7B + 9.20 88.10 77.80 15.7 9.8 3.55 0.35 84.60
+ Obliviate + 0.90 91.38 90.40 15.3 9.4 3.72 0.33 86.20
Qwen2-VL-72B + 15.20 82.12 64.20 15.4 9.7 3.64 0.34 109.3
+ Obliviate − 2.70 87.36 90.40 15.2 8.2 3.75 0.32 110.3

Table 2: Evaluation results of applying Obliviate on representative LVLMs. The better results are denoted in bold.

Method #Param VRAM GPU
Hours POPEv2

LLaVA-NeXT7B - - - 81.91
+ SFT 6.7 B 77 GB 26 80.44
+ LoRA 0.02 B 52 GB 26 77.59
+ Obliviate 0.13 B 28 GB 10 83.38

Table 3: Comparison of computational efficiency between
different training strategies on LLaVA-NeXT-7B.

Experiment Results
We present the performance of Obliviate on various LVLMs
in Table 2, compare it to other baselines in Table 4, and
evaluate its generalization capabilities in Table 5.

Effectiveness across Various Model Families. On POPEv2,
Obliviate consistently improves F1 Score and TNR, substan-
tially reducing discriminative hallucinations. For example,
LLaVA-1.5-7B’s TNR increases from 49.00% to 84.20%,
indicating enhanced perception accuracy on counterfactual
images and mitigation of training bias. The absolute PBO also
decreases across all models, reflecting reduced response ten-
dencies. On generative hallucination benchmarks like Object
HalBench and MMHal-Bench, Obliviate effectively lowers
hallucination rates while improving answer informativeness;
for instance, LLaVA-Next-13B’s hallucination rate drops
from 19.7 to 19.0, and its informativeness score rises from
2.91 to 3.10. Furthermore, on open-ended LLaVA-Bench,
models with Obliviate consistently outperform vanilla mod-
els. Notably, Obliviate is effective across model sizes ranging
from 2B to 72B. Qwen2-VL-7B with Obliviate even sur-
passes the larger Qwen2-VL-72B on most benchmarks.

Comparison with Baselines. We compare Obliviate with
other hallucination mitigation methods on LLaVA-1.5-7B
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Figure 5: The effect of scaling caption data on the perfor-
mance of LLaVA-1.5-7B on Object HalBench.

and observe clear advantages. Unlike decoding-based ap-
proaches such as VCD and VDD, which impose constraints
during inference and often yield limited gains or even perfor-
mance drops on generation tasks, Obliviate consistently deliv-
ers stronger improvements. For example, it reduces the rate
of hallucinated objects on Object HalBench from 25.1 to 18.3
and achieves a lower response error rate on MMHal-Bench
(0.55), demonstrating its ability to mitigate hallucinations
while preserving generation quality. Compared to preference
learning methods like HA-DPO and POVID, Obliviate is also
more cost-effective, as it does not require expensive human
preference data or RL-style optimization, yet achieves com-
parable or even superior performance. On POPEv2, Obliviate
achieves the highest F1 Score (82.91%) and TNR (84.20%)
and matches the best LLaVA-Bench score (63.80), underscor-
ing its effectiveness across different tasks.

Generalization Capabilities. We further evaluate the gener-
alization ability of Obliviate on hallucination types beyond
basic object hallucination. Specifically, we use the percep-
tion set of MME (Fu et al. 2023), which covers diverse
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Model
POPEv2 POPEadv Object HalBench MMHal-Bench

LLaVA Bench↑
PBO F1 Score ↑ TNR ↑ F1 Score ↑ Resp. ↓ Mention ↓ Info. ↑ Resp.↓

LLaVA-1.5-7B + 23.20 77.44 49.00 77.57 46.7 25.1 2.19 0.59 61.50

+ VCD + 24.10 78.49 49.20 81.33 47.4 25.2 2.12 0.59 62.70
+ VDD + 20.30 78.30 50.80 82.22 46.7 25.2 2.22 0.56 63.20
+ OPERA + 19.10 79.28 58.60 81.88 45.1 22.3 2.15 0.57 60.30

+ HA-DPO + 20.40 78.41 53.60 82.05 39.9 19.9 1.98 0.60 63.50
+ POVID + 16.80 80.53 62.80 82.81 48.1 24.4 2.08 0.56 62.20

+ Obliviate − 0.30 82.91 84.20 84.50 34.7 18.3 2.20 0.55 63.80

Table 4: Performance of representative hallucination mitigation methods and Obliviate.

Model
MMEperception ROPE

Count Position Color OCR Sum Wild Homo. Adv. Average

LLaVA-NeXT7B 115 125 115 92.5 1273.26 30.72 66.69 45.34 47.58
+ Obliviate 121.67 141.67 153.33 152.5 1364.59 30.85 66.88 45.51 47.75

LLaVA-NeXT13B 116.67 115 155 82.5 1279.42 27.62 63.23 44.97 45.27
+ Obliviate 135 126.67 141.67 97.5 1352.64 28.29 64.86 45.03 46.06

Table 5: Evaluation results on the perception set of MME.

perception challenges such as counting, positioning, color,
and OCR, and the ROPE (Chen et al. 2024b) benchmark,
which focuses on multi-object hallucination. As shown in Ta-
ble 5, Obliviate consistently improves baseline models across
nearly all perception sub-tasks. For example, on LLaVA-
NeXT-7B, it achieves significant gains in Position (+16.67)
and Color (+38.33), raising the overall Sum score by 91.33
(1273.26 → 1364.59). Similar improvements are observed on
Qwen2-VL-7B, where the Sum score increases from 1682.23
to 1691.68 with consistent gains across all categories. On
the ROPE benchmark, Obliviate reduces hallucination across
Wild, Homogeneous, and Adversarial settings for both 7B
and 13B models. For instance, LLaVA-NeXT-13B improves
its average score from 45.27 to 46.06, demonstrating stronger
robustness against complex multi-object hallucinations.

Further Analysis

Computational Efficiency. Since Obliviate only updates
the LM head of LVLMs, it offers clear advantages in com-
putational efficiency. To demonstrate this, we compare full-
parameter supervised fine-tuning (SFT), LoRA (rank = 8),
and Obliviate on LLaVA-NeXT-7B. As shown in Table 3.
Obliviate achieves the best performance with the least mem-
ory and training time. Although LoRA has fewer trainable
parameters, its VRAM consumption is nearly twice as high
due to storing intermediate activations and gradients across
layers. In contrast, Obliviate only computes gradients at the
LM head, resulting in a simpler computation graph and much
lower memory cost. Notably, both SFT and LoRA degrade
model’s performance, likely because unlearning across all
layers disrupts the model’s generation patterns. In contrast,
Obliviate targets only the LM head, effectively reducing hal-
lucinations without harming generation quality.

Impact of Scaling Caption Data. We further investigate
whether increasing the amount of caption data can enhance
the performance of our method. To this end, we construct
datasets containing 1k, 2k, 4k, and 8k hallucinated captions
sampled from LLaVA-150K to fine-tune LLaVA-1.5. We
then evaluate the resulting models on Object HalBench and
present the results in Figure 5. The results indicate that as
the volume of caption data increases, model hallucinations
are further mitigated, demonstrating the strong scalability of
our approach. We attribute this improvement to the fact that a
larger number of hallucinated captions exposes the model to
more biased generation patterns, enabling it to better unlearn
these patterns and thereby reduce hallucinations.

Conclusion
In this work, we systematically examined the role of training
data in hallucination for LVLMs by the proposed benchmark
POPEv2 and revealed that LVLMs exhibit a clear training
bias: they hallucinate more frequently even on images seen
during training. Through probing experiments, we identified
that this bias is mainly rooted in the LM head, which fails to
translate accurate visual representations into correct textual
outputs. To mitigate this issue, we introduced Obliviate, a
lightweight and parameter-efficient unlearning method that
targets training bias by only fine-tuning the LM head with
biased inference results derived from the original training
data. Extensive experiments demonstrated that Obliviate sig-
nificantly reduces hallucination across different tasks, while
maintaining scalability across model sizes and data volumes.
Beyond object-level hallucination, our method also shows
promising generalization to other hallucination types, provid-
ing a new perspective on leveraging training data to enhance
the reliability of LVLMs.
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