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Abstract (a) Hallucination of MLLM

Multimodal Large Language Models (MLLMs) frequently
suffer from hallucination issues, generating information
about objects that are not present in input images during
vision-language tasks. These hallucinations particularly
undermine model reliability in practical applications re-
quiring accurate object identification. To address this chal-
lenge, we propose TL-DPO, a preference learning approach
that mitigates hallucinations by focusing on targeted areas
where they occur. To implement this, we build a dataset
containing hallucinated responses, correct responses, and
target information (i.e., objects present in the images and
the corresponding chunk positions in responses affected by
hallucinations). By applying a preference learning method
restricted to these specific targets, the model can filter out
irrelevant signals and focus on correcting hallucinations.
This allows the model to produce more factual responses by
concentrating solely on relevant information. Experimental
results demonstrate that TL-DPO effectively reduces hal-
lucinations across multiple vision hallucination tasks, im-
proving the reliability and performance of MLLMs without
diminishing overall performance.

1. Introduction

Multimodal Large Language Models (MLLMs) have
achieved remarkable performance in multimodal tasks by
leveraging extensive training and fine-tuning on large-scale
image-text pairs, which has significantly enhanced their
contextual understanding and instruction-following abilities
[2, 4, 8, 13]. However, during the integration of text and
vision modalities, a new type of hallucination issue has
emerged, where the model generates object information that
does not exist in the images or creates inaccurate spatial rep-
resentations [1, 3, 6, 7, 17].

To address these issues, recent studies have introduced
preference-based learning methods, most notably Rein-
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Figure 1. Visualization of attention maps for hallucination mit-
igation shows how preference learning influences model’s atten-
tion. (a) illustrates hallucinations caused by focusing on incor-
rect objects or missing relevant ones. Ideally, as in (b), preference
learning would guide attention to the correct objects, but in reality,
there is a risk of overfitting to text rather than object-based infor-
mation, as shown in (c). Additional analysis is in Appendix A.

forcement Learning from Human Feedback (RLHF), to im-
prove alignment across modalities and correct hallucina-
tions [12, 14-16, 18]. However, the problem of object-level
hallucinations within images remains unresolved [11, 17].
Although preference-based learning has contributed to re-
ducing distribution gaps across modalities and enhancing
factuality, its global feature-centric learning poses limita-
tions in addressing object-level hallucinations.

While humans tend to correct only specific areas when
they misdraw a region in an illustration or use an incorrect
word in writing, previous approaches to addressing halluci-
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Figure 2. Target learning paradigm. (Left) Correcting hallucinations in image-based QA requires identifying the hallucinated object, the
hallucination, and the correct (e.g., identifying incorrect and correct times for a clock-related hallucination). (Right) Training on specific
hallucinated parts and their corrections is easier than learning from whole responses, and focusing on relevant image regions simplifies

learning compared to using the entire image.

nation issues in the literature have often suggested “redraw-
ing everything.” In this study, we examine the necessity of
directly addressing the image hallucination problem, as hu-
mans would, by investigating whether existing preference-
based learning aligns with our expectations for hallucina-
tion correction. As shown in 1, existing preference learning
methods have often learned signals unrelated to hallucina-
tions (e.g., irrelevant chunks or regions in the image), lead-
ing to unintended side effects.

Based on these observations, we hypothesize that the
reason for the lack of effective hallucination correction in
preference learning is due to learning from irrelevant sig-
nals. Consequently, we propose a novel approach, termed
“target learning”, which focuses exclusively on the image
regions where hallucinations occur and the specific chunks
in the responses that contain hallucinations, separating these
as the primary targets for learning. Additionally, we provide
a logical explanation showing how target learning enhances
both the efficiency and effectiveness of the learning process.

To correct hallucinations in MLLMs, this study in-
troduces TL-DPO (Target-Learning Direct Preference
Optimization), a learning method that identifies image re-
gions and response chunks associated with hallucinations
as targets, while categorizing unrelated parts as irrelevant
signals, thereby focusing solely on the target elements dur-
ing training. In TL-DPO, a new loss function is employed
to focus on targets, enabling selective learning by distin-
guishing them from irrelevant signals. This approach not
only guides multimodal models to generate outputs without
hallucinations but also mitigates other incorrect behaviors.

To sum up, our contributions are as follows:

1. We identify the learning of irrelevant signals as the pri-
mary reason for the failure of conventional preference
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learning in correcting hallucinations. To address this, we

propose target learning, which explicitly excludes irrel-

evant signals, and provide a solid theoretical foundation

for this approach.

We introduce TL-DPO a novel method for implement-

ing Target Learning. To support this method, we expand

the existing dataset by constructing a preference-based

image dataset that includes the target

. We validate the effectiveness of the proposed method
through experiments on various benchmark models,
demonstrating reduced hallucinations.

2. Preliminaries

In language generation, a language model (LM) generates
a response y based on a prompt containing a question z,
where both = and y consist of sequences of tokens. Di-
rect Preference Optimization (DPO) [10] builds upon the
reinforcement learning (RL) objective used in RLHF (Re-
inforcement Learning from Human Feedback) [9].
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where D represents the human preference dataset, r(z,y)
denotes the reward function, and m.f(- | x) is the reference
model, typically chosen as the language model after super-
vised fine-tuning. Here, 7y denotes the model being ad-
justed through reinforcement learning. This objective func-
tion incorporates Kullback-Leibler (KL) divergence con-
straints at the token level, improving the regulation of KL
divergence.



DPO derives a connection between the reward model and
the optimal policy by applying reverse KL divergence, al-
lowing the reward function to be expressed in relation to
the model’s policy. This is captured as:

mo(y | z)

2.2
Wref(y | {E) ( )

r(z,y) = Blog + Blog Z(x),
where Z(z) is a normalization term called the partition
function. To effectively capture human preferences, DPO
uses the Bradley-Terry model to compare pairs of possi-
ble responses, assigning a probability to each preferred re-

sponse y; over another response ys given the prompt x:

exp(r(z, y1))
exp(r(z,y1)) + exp(r(z, y2))
(2.3)
This formulation is refined by substituting the reward ex-
pression into the comparison model, leading to a loss func-
tion based on the negative log-likelihood:

Per(yr = y2 | o) =

Lppo (Tg; Trer) = _E(m,yw,yl)ND[log o(u(z, yw, u1))],
(2.4)
where o(+) is the sigmoid function and u(z, ¥, y1) quanti-
fies the relative preference between the more favorable re-
sponse ¥y, and the less favorable response y;. Specifically,
w(x, Y, Y1) is defined as:

U(JZ, ywvyl) = r(m,yw) - T(xvyl)' (2.5)

The gradient of this loss, critical for model updates, is:

Vo Lopo(T; Tref) =

2.6
~Eayo yyep [0(~t(@, o 10))Vou], O

where v acts as a shorthand for u(x, ., ;). This formula-
tion enables DPO to iteratively refine the policy by focus-
ing on minimizing the divergence while aligning with hu-
man preference through straightforward pairwise compari-
son, enhancing the overall quality of the model’s responses
without complex reward model sampling.

3. Target Learning Problem

Although conventional preference learning has been effec-
tive in improving the overall output quality of models, as
shown in 2, it may also result in learning elements that are
not designated as targets in preference learning. This is due
to a limitation, as represented in 1, where the optimiza-
tion process prioritizes global features, often overlooking
chunks where hallucinations occur in responses or localized
object information that has caused hallucinations.

In 3.1, we redefine conventional preference learning as
a problem focused solely on target learning. We formalize
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this as a target learning approach and logically demonstrate
in 3.2 that the target learning approach achieves greater ef-
ficiency than conventional preference learning by excluding
irrelevant signals.

This approach rejects hallucinated values in target
chunks where hallucinations occur, guiding the model to
favor corrected values. In the human preference learning
stage, a reward model 7 is trained on target chunks, enabling
the model to output hallucination-free chunks and reducing
the probability of generating hallucinated chunks. This re-
ward model can assign rewards across various chunks, re-
flecting the presence of hallucinations as human preference.
Once the reward model is established, it provides feedback
in an additional fine-tuning stage, guiding a policy model
7y based on human preferences regarding the presence or
absence of hallucinations.

3.1. Target optimization

In this section, we first reformulate the RLHF [9] objective
(constrained reward maximization problem) in terms of the
target. The objective function of DPO in Eq. 3.1 operates at
the sentence level. In contrast, we propose a new objective
function designed to work on alternative target generation
in the context of image goals:

mAX Byt oy (o) (2, Y")
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where 3 represents the subset of targets corresponding to
the full target set 7. This objective function is designed
to enable the model to learn more effectively toward spec-
ified targets in image generation, while regulating the KL
divergence with the reference model’s policy. This balance
enhances the model’s stability and maintains the quality of
generated outputs.

In this work, we design the MLLMs to enable preference
learning by comparing chunks within the response where
hallucinations occur and the localized objects that cause
them, to correct hallucinations. For this, we set the assump-
tion that human preference differences regarding hallucina-
tions occur only in signals related to hallucinations, with no
differences in unrelated signals like below:

Assumption

Assumption 3.1 For hallucination-related response y, the
reward for response satisfies Y r; = Y r, where r; repre-
sents the reward funtion for the target in response 7*.

Following, in the preference learning problem deal-
ing with hallucinations, we can see that the value of the
Bradley-Terry model remains the same when unrelated sig-
nals are removed:

Lemma



Lemma 3.2 Given a reward function r(z, y), assuming As-
sumption 3.1, we can establish the equivalence between the
Bradley-Terry model to the 2.2.

Lemma 3.2 ensures that, under Assumption 3.1, the pref-
erence reward for a response remains the same even when
non-target tokens are excluded, preserving the overall re-
ward r(x, y). Here, r(x, y) represents the overall reward for
the response y given the prompt x. Therefore, when consid-
ering text generation as a target-level generation problem,
r(z,y') can be viewed as the reward for the generated text
aligned with the target, rather than the entire sentence.

Using Lemma 3.2, we can limit the calculation scope to
the target itself. This strategy can also be applied in DPO by
restricting the comparison of text generations to the target.
This concept is summarized in the following theorem.

Theorem 3.3 Under Assumption 3.1, preference learning
remains equivalent when non-target tokens are excluded.

That is, the reward function and policy updates for target-
restricted DPO align with those of the original DPO. For-
mally, let my denote the policy in DPO and r(z,y) the re-
ward function. When Assumption 3.1 holds, for any prompt
x and response y:

EZJNﬂ'e [T’(Z‘,y)] = Eytfvﬂ'e [r(xvyt)] )

Thus, the policy gradient update for target-restricted
DPO follows the same form as for the original DPO:

(3.2)

VoEytnm, [T(fﬂvyt) - ﬁDKL(W9|7Tref)]

The proof of theorem 3.3 is provided in the Appendix B.
Theorem ?? provides a structured approach for modeling
human preference probability within a KL-constrained set-
ting by using the Bradley-Terry model. In this framework,
the optimal policy 7, is designed to align closely with hu-
man preferences by directly modeling the relative prefer-
ence between two target outputs, ¥/, and y! , conditioned on
the prompt x .

(3.3)

3.2. Efficiency in Target Learning

In 3.1, we were able to modify the existing Bradley-Terry
model to the target level, transforming the preference ob-
jective (eq.3.1) into a target-level problem. Intuitively, as
shown in 2, focusing on correcting the target rather than the
entire sentence is more efficient. This approach enables the
model to learn the relationship between the specific region
in the image where the fact is located and the fact itself,
rather than the relationship between the entire image and
the fact. This section emphasizes that the proposed target
learning approach is theoretically more efficient than tradi-
tional preference learning methods that focus on the overall
output. Traditional preference learning can indeed enhance
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the general quality of model outputs; however, it also tends
to include elements outside of the designated target. This
inefficiency arises as non-target elements in the image are
often learned, resulting in a need for more extensive data
during the learning process.

Proposition 1. Efficiency comparison in target learning
Let H,; and Hy; be the hypothesis spaces to learning meth-
ods without target(pl) and with target(tl), respectively. The
number of samples required to achieve the same generaliza-
tion error € and confidence level 1 — § satisfies my < myy.

By proving the above proposition in the Appendix B, it
is shown that the target learning approach can achieve the
same level of generalization performance with fewer sam-
ples compared to conventional holistic learning methods.
This improvement in efficiency is expected to yield a more
effective hallucination mitigation effect in real.

4. Methods

To address the tendency of conventional Preference Learn-
ing to ignore images and learn from undesired signals, this
study proposes a new learning approach in 4.1 and 4.2 to
mitigate these issues. The primary objective is to resolve the
object hallucination problem in MLLMs through targeted
learning. Considering the complexity of data construction
and model training, we have chosen Direct Preference Op-
timization (DPO) over traditional RLHF (RL with Human
Feedback) methods to restrict model preferences. DPO, a
simpler and more efficient approach that does not require
reinforcement learning, serves as our fundamental strategy.
We extend this strategy to the multimodal domain to elimi-
nate hallucinations and enhance the reliability and accuracy
of multimodal model outputs. We construct a TL dataset
that includes incorrect responses, correct responses, and the
positional information of targets with bounding boxes (De-
tails in Appendix C). This dataset is subsequently used to
train the TL-DPO model. Models trained using this method
show a substantial reduction in hallucinations in tasks in-
volving detailed descriptions and dialogue.

4.1. Generation of Target-Object-Inclusive Prefer-
ence Datasets

In this study, we utilize the Visual Genome (VG) dataset
as the main source to create hallucinated and corrected
samples. For each given image and related question, we
use a baseline model to generate an initial response, then
identify instances where hallucinations occur to produce
the hallucinated response y;, and its corrected version y,.
Throughout this process, we record the positions of hal-
lucinated elements in the original response and the corre-
sponding corrected elements, allowing us to define halluci-
nated segments y/! and their corrected counterparts y’. Ad-
ditionally, we incorporate bounding box information from
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Figure 3. Overview of TL-DPO. To correct hallucinations, TL-DPO (right) applies learning only to hallucinated target chunks, correcting
only erroneous information and learning factual information. (left) It applies a masked condition to the target object where hallucination
occurs utilizing bounding box information from the image dataset, training the model to extract accurate information from the desired part
of the image. TL-DPO combines these two learning objectives to correct erroneous responses extracted from the desired image regions
and transform them into correct responses.(Details in Appendix D)

the VG dataset to identify the specific objects within the
image that contribute to the hallucination, resulting in the
hallucination-related object information m!. Consequently,
the structured dataset contains the hallucinated response y,
along with its hallucinated segment y}, the corrected re-
sponse y, with its corrected segment y’., the full image m;,
and the specific hallucination-triggering object within the
image m!. This comprehensive setup facilitates detailed
analysis and targeted correction of hallucinations in gener-
ated responses. Detailed explanations are provided in Ap-
pendix C.

4.2. Proposed Loss in TL-DPO

Target Generation Loss When learning from hallucina-
tions, the model may unintentionally learn irrelevant infor-
mation, which we address by applying target loss. Given
a pretrained MLLM that is prone to hallucinations, our
goal is to minimize the likelihood of generating halluci-
nated responses by using pairs of erroneous and corrected
responses, yi,y., obtained through generative data aug-
mentation. To this end, we define a preference optimization
expression for erroneous and corrected response pairs.

For example, as shown in 2, suppose the erroneous re-
sponse yp, is “The clock reads approximately 11:20”, and
the corrected response ¥, is “The clock reads approximately
15:26”. Here, y!, represents the hallucinated information
in y5, , and y% denotes the corrected information in y,. that
replaces y}, with the correct answer. In this example, the
erroneous information ny is ”11:20”, and the correct infor-
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mation y’. is ”15:26”.

Assuming that irrelevant information does not affect the
Reward difference, the DPO formula3.1 can be formulated
as follows :

L= —E(%yﬁ?yz)ND[log o(u(z, yﬁ, y}i))], 4.1)

Here, ¢ denotes a target, y! is a target from the cor-
rected response, and y! is a target from the hallucinated
response. 1’ represents the set of targets and wu is defined
in eq.2.5. In summary, while the standard DPO objective
maximizes o (r(z, y.) —r(z, yrn)), TL-DPO maximizes the
target-specific reward o (r(z, y£) —r(z, y},)), leveraging the
fact that not all positions reflect the reward in TL-DPO.

Target Condition Loss In this study, we propose target-
conditional preference optimization to guide the model to
utilize target object information. The key idea is to extend
the approach proposed in mDPO[14] by leaving the target
object in the image as a variable, allowing the model to de-
termine preference labels based solely on target object in-
formation. For example, as shown in 2, let’s assume that the
given image m; is of a clock tower, and m! represents the
specific part of the image that caused the hallucination y},.
In m!, the object in the image that caused the hallucination
is masked. In this example, yﬁ is 711:207, mi is the clock
face showing the time, and /! is the image where the clock



Hallucination Benchmark Comprehensive Benchmark
Method CHAIR_s | CHAIR.i | POPE | MMHal | SciQA- * MM-Vet | MMBench | LLaVA-
(€)) Q) M M IMG ™ M Bench(T)
LLaVA-1.5 66.8 12.7 85.9 242 66.8 30.5 63.0 63.4
+VLfeedback 56.3 11.4 83.72 | 2.62 66.2 31.2 63.9 62.1
+Human-Preference | 54.0 9.3 81.50 | 2.53 65.8 31.1 60.4 63.7
+RLHF-V 44.6 7.9 86.20 | 2.59 67.1 30.9 63.6 65.4
+POVID 352 8.3 86.9 2.08 67.5 30.5 63.2 64.8
+HA-DPO 37.2 10.0 86.9 1.97 70.3 30.7 64.0 66.2
+HALVA 46.6 23.1 87.0 2.25 70.5 32.1 66.1 67.2
+ TL-DPO 20.1 5.2 86.95 | 2.72 70.3 32.2 67.8 71.2

Table 1. Main results on the Hallucination Benchmark and Comprehensive Benchmark. We report CHAIR-s, CHAIR-i, POPE,
and MMHal scores under the Hallucination Benchmark, and SciQA-IMG, MM-Vet, MMBench, and LLaVA-Bench scores under the
Comprehensive Benchmark. The best results for each metric in each group are presented in bold. Additionally, we provide additional
results using various preference data and learning objectives for reference.

Hallucination Benchmark Comprehensive Benchmark
Method CHAIR_s | CHAIR.i | POPE | MMHal | SciQA- o+ MM-Vet | MMBench | LLaVA-
() () ™ ™ IMG M M Bench(T)
LLaVA-1.5 66.8 12.7 85.90 | 2.42 66.8 30.5 63.0 63.4
+ TL-DPO 20.1 5.2 86.95 | 2.72 70.3 32.2 67.8 71.2
Qwen VL Chat 48.2 9.1 87.07 | 2.89 68.2 41.2 60.6 67.6
+ TL-DPO 314 7.8 85.28 | 2.89 64.8 38.5 59.7 64.0
LLaVA-Next 29.08 8.08 84.8 2.56 70.3 40.2 63 72.7
+ TL-DPO 25.1 6.72 87.1 3.12 72.1 40.1 63.1 72.6
Llama3 5.5 10.1 82.8 3.19 83.9 57.6 85.8 65.8
+ TL-DPO 7.1 9.71 87.1 3.86 87.2 53.8 87.3 58.5
InternVL-2.5(8B) | 18.4 8.7 86.5 3.3 96.3 62.8 68.6 82.5
+ TL-DPO 7.6 4.1 87.0 3.6 97.1 68.1 80.0 87.2

Table 2. Comparative results of different MLLMs with and without TL-DPO. Results are provided for baseline models (LLaVA-1.5,
DocOwl, Qwen VL Chat, LLaVA-Next, Llama3, InternL.V-2.5) both with and without TL-DPO for comparison, with the improved scores

highlighted in bold.

face showing the time is masked. Therefore, given prefer-
ence data pairs (m;, q,y,) and (m}, g, y,), if the unmasked
target m; is more appropriate for ¢ and y,. than the masked
target !, we reconstruct the loss function in equation 4.1
by adding the following conditions.

Lc = _E(mhmﬁ,m,yr)wD [IOg U(U* (mia mﬁ, Zz, yr)]v (42)

With additional target conditions, u*(m;,m!, z,y,) is
defined as an extension of 2.5 as follows:

u* (mi7 ﬁliz?a Z, yr) - T(Tnia Z, yr) - 7'(7%27 T, yr)' (43)

The challenge here is to ensure that responses based
on masked information from hallucination-inducing object
parts are less preferred than responses that use all available
information to provide a correct answer. To achieve this,
our study applies masking using the bounding box of the
hallucination-inducing object. This setup encourages the

4205

MLLM to utilize the object’s image in order to respond ac-
curately.

The objective of TL-DPO is a combination of the target
generation loss (eq.4.1) and target condition loss (eq.4.2):

Lrr-ppo =L+ L. 4.4)

S. Experiment Results

5.1. Experiment Settings

5.1.1. Implementation Details

We applied TL-DPO, to LLaVA-v1.5-7B to validate the
model’s performance. Model training was conducted with
a batch size of 32 for 3 epochs, using a learning rate of
0.00001, a cosine learning rate scheduler, and a warm-up
ratio of 0.1. The 8 value for preference optimization was
set to 0.1. Following previous research, we tuned the model
using LoRA, setting the o value to 128 and the rank to 64.
TL-DPO, and the standard TL-DPO, share the same config-
uration settings.



Hallucination Benchmark Comprehensive Benchmark
Method CHAIR_s | CHAIR.i | POPE | MMHal | SciQA- " MM-Vet | MMBench | LLaVA-
€)) €3) M M IMG M M Bench(?)
LLaVA-1.5 66.8 12.7 8590 | 2.42 66.8 30.5 63.0 63.4
+ target condition | 32.4 8.6 84.40 | 2.58 67.0 31.3 61.2 66.5
+ target generation | 14.6 6.1 89.64 | 2.70 68.2 32.1 62.4 68.7
TL-DPO (both) 20.1 5.2 86.95 | 2.72 70.3 32.2 67.8 71.2

Table 3. Ablation Results on TL-DPO with target generation or target condition removed. Both components contribute to correcting
hallucinations, but the combined approach achieves the best overall performance (highlighted in bold).

5.1.2. Training Data

Training Data: Based on the VG dataset ([5]), responses to
given queries were generated using a baseline model. GPT-
4 was then used to classify the responses as correct or in-
correct, with the incorrect responses forming a hallucina-
tion dataset. Subsequently, incorrect responses were paired
with the corrected answers from GPT-4 to create a prefer-
ence dataset. Detailed generation methods are provided in
the Appendix C.

5.1.3. Evaluation Benchmark

To validate performance, we used eight multimodal LLM
benchmarks, focusing on hallucination issues. MMHal-
Bench and Object HalBench assess response and object-
level hallucinations, with Object HalBench measuring rates
at both CHAIR, (response) and C'HAIR; (object) lev-
els. POPE evaluates preference alignment based on human
feedback, while SciQA-IMG and MM-Vet assess scientific
and veterinary-specific Q&A accuracy, respectively. MM-
Bench offers a general multimodal evaluation of factual ac-
curacy, and LLaVA-Bench focuses on mitigating visual hal-
lucinations in LLaVA models. Together, these benchmarks
provide a comprehensive framework for evaluating MLLM
performance in diverse multimodal contexts.

5.2. Main results

Table | summarizes the experimental results on two bench-
mark categories: the Hallucination Benchmark and the
Comprehensive Benchmark. In the Hallucination Bench-
mark, our method, TL-DPO, consistently achieves the low-
est hallucination scores, showing significant reductions
across key metrics. Specifically, TL-DPO, records scores
of 20.1in CHAIR,,5.2in CHAIR;, and 2.72 in MMHal,
significantly outperforming all other methods. These reduc-
tions indicate that TL-DPO, effectively mitigates hallucina-
tions related to target objects, addressing a major limita-
tion of conventional MLLM-based models. By selectively
masking or generating content centered on target object in-
formation to enhance factual consistency, TL-DPO, demon-
strates outstanding performance in effectively controlling
hallucination-prone elements in model outputs.

Similarly, in the Comprehensive Benchmark, TL-DPO,
leads in overall scores, achieving 70.3 in SciQA-IMG,
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What are the main
elements in this
image? Describe
them thoroughly.

The image shows a homeless man

@\. sitting on a bench in a public place
\'? with a sign that reads ‘The Lord
DPO

Jesus Christ Will Come Back’. x

The image shows an elderly man
sitting on a bench in a public place

with a sign that reads ‘The Lord

Jesus Christ Will Return’.

Figure 4. Qualitative Results from MMHalBench. An MLLM
trained with standard DPO often rephrases image content into ap-
proximate meanings, leading to hallucinations resembling the cor-
rect answer (e.g., responding with “Come Back” instead of “Re-
turn” in OCR tasks). In contrast, an MLLM trained with TL-DPO
gives accurate answers grounded in the actual objects in the image.
Additional results are in the Appendix E.

and the highest values in MM-Vet (32.2), MMBench
(67.8), and LLaVA-Bench (71.2). These high scores con-
firm TL-DPO’s ability to maintain balanced performance
across a wide range of vision-language tasks while re-
ducing hallucinations. By combining target learning and
preference-aligned data, TL-DPO, achieves these results
without sacrificing performance on general metrics, demon-
strating robustness and adaptability across different task set-
tings. This contrasts with methods such as VLfeedback,
Human-Preference, RLHF-V, and POVID, which struggle
to achieve the same balance between accuracy and hallu-
cination reduction. Additionally, results from HALVA and
HA-DPO show further improvements in hallucination re-
duction but at the cost of comprehensive performance met-
rics.



5.3. Generalization Across Models

Table 2 shows the performance improvements across both
the Hallucination Benchmark and Comprehensive Bench-
mark for the LLaVA-1.5, Qwen VL Chat, LLaVA-Next,
Llama3, and InternVL-2.5 models enhanced with TL-
DPO. For LLaVA-1.5, TL-DPO, significantly reduces the
CHAIR, score from 66.8 to 20.1 and the CH AI R; score
from 12.7 to 5.2, while also improving metrics such as
POPE and MMHal. Almost all baseline models also benefit
from TL-DPO, integration, showing substantial reductions
in CHAIR, and CHAIR; scores and consistently im-
proved or maintained performance on comprehensive met-
rics such as MM-Vet, SciQA-IMG, and MMBench. These
results confirm that TL-DPO, enhances robustness and gen-
eralization across a range of MLLM models, not only
LLaVA, effectively reducing hallucinations while maintain-
ing strong overall performance. However, while improve-
ments are evident in the Hallucination Benchmark, certain
metrics in the Comprehensive Benchmark show slight de-
clines, suggesting room for further optimization in future
work.

5.3.1. Ablation study

In this study, we propose a target learning approach that fo-
cuses on learning specific targets, adding a masking method
to the target’s location on the image to enable the model
to learn the target while utilizing information from the im-
age. Table 3 presents the ablation study results for TL-
DPO ’s two methods: target condition and target generation,
both individually and combined. Applying only the target
condition already shows substantial improvements in hal-
lucination metrics (e.g., reducing CHAIR, from 66.8 to
32.4) while maintaining stable performance on comprehen-
sive benchmarks. Applying target generation also enhances
the results, achieving lower hallucination scores (CH AI R,
14.6) and higher comprehensive metrics (POPE 89.64). The
combined TL-DPO achieves the best performance across
most benchmarks, demonstrating the effectiveness of in-
tegrating target condition and target generation for target-
focused learning.

6. Related Works

Factuality and Hallucinations With recent advances in
MLLMs, research on errors and hallucinations in model-
generated sentences has been actively pursued. MLLMs,
trained on large datasets, can produce linguistically coher-
ent sentences across various topics, but they often present
information that does not align with factual accuracy. Such
hallucinations are considered particularly problematic in
applications where factual accuracy is crucial, such as in-
formation retrieval, medicine, and law. Key causes of hal-
lucinations include data bias in the training process, noise
within the training data, and information gaps between
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pre-training and fine-tuning stages. As a result, various
approaches have been proposed for factual verification in
sentence generation. These approaches include evaluating
model outputs through reliability scores and reducing hal-
lucination potential by integrating with external knowledge
bases.

Preference Alignment in MLLMs Aligning large mod-
els with human preferences has become a critical issue due
to safety and ethical considerations in real-world applica-
tions. Preference alignment can be broadly categorized into
two approaches: feedback-based alignment, which includes
feedback generated by both humans and Al, and alignment
through prompt guidance. Initial research on preference
alignment for MLLMs has recently been conducted. Specif-
ically, methods have been proposed to distill preferences
to enhance relevance and accuracy based on MLLMs’ vi-
sual context. These methods collect human preferences
to adjust model behavior by modifying hallucinated con-
tent at the segment level. While these initial results are
promising, they heavily rely on traditional preference data
generation processes for LLMs, where both preferred and
non-preferred responses are generated, but neither is nec-
essarily guaranteed to be accurate. In contrast, our pro-
posed method directly corrects hallucination issues through
a preference learning approach that leverages target infor-
mation. This approach specifically targets hallucinations by
utilizing information from the image objects that previously
caused hallucinations, guiding the model to provide correct
responses and effectively overcoming the limitations of ex-
isting methods.

7. Conclusion

In conventional MLLM preference learning, a significant
amount of information had to be acquired to correct hallu-
cinations in image-related responses. To address this issue
and mitigate object hallucinations in MLLMs, we propose
TL-DPO, a learning method that utilizes a dataset contain-
ing target object information. This approach uses genera-
tive data augmentation to selectively alter the correct an-
swer phrases, generating pairs of hallucinated and correct
responses along with target information for the target ob-
jects. These pairs are used to train MLLMs through the pro-
posed TL-DPO, enabling the model to accurately respond
with information about the target objects and to effectively
locate the correct target objects. Our extensive research
demonstrates the effectiveness of TL-DPO in mitigating
various forms of object hallucinations, including halluci-
nations related to existence and attributes, visual illusions,
and hallucinations caused by complex charts. Unlike tradi-
tional fine-tuning-based solutions, TL-DPO effectively mit-
igates hallucinations across diverse vision-language tasks
while maintaining or even enhancing performance in gen-
eral vision-language tasks.
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