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Abstract

Recent advancements in multimodal large language models
(MLLMs) have shown remarkable progress in video under-
standing. However, video MLLMs (VideoMLLMs) still suf-
fer from hallucinations, generating nonsensical or irrelevant
content. This issue partly stems from over-reliance on pre-
trained knowledge, sometimes neglecting the rich visual in-
formation present in the video. Additionally, many existing
methods rely on uniform frame sampling, which can overlook
critical visual cues. To address these challenges, we present
EchoBat, a novel approach that leverages audio information
as well as video temporal and logical consistency to improve
preference data construction and keyframe extraction. Our
method integrates Direct Preference Optimization (DPO) to
mitigate hallucinations by leveraging high-quality, contextu-
ally rich preference feedback. Specifically, we use GPT-40
to generate high-quality video descriptions and integrate vi-
sually relevant segments from Whisper-derived transcripts to
construct preference responses. Correspondingly, we use the
reference model itself to describe the reversed video, and
use GPT-4o to flashback the text and fill in the hallucination
to produce non-preferred responses. This strategy enhances
the model’s ability to better understand visual content and
temporal, logical relationships within videos. Furthermore,
we propose an echo-layered sampling strategy for keyframe
extraction from videos, which can provide more precise vi-
sual supervision compared to uniform sampling. Experimen-
tal results on the three latest video hallucination benchmarks
demonstrate the effectiveness of our approach.

Introduction

With the development of MLLMs, video understanding has
recently gained significant attention (Govindasamy et al.
2025). VideoMLLMs, through techniques such as trans-
fer learning, have evolved from understanding single im-
ages to understanding multiple images, and eventually to
comprehending videos. By combining visual feature en-
coders with large language models (LLMs), VideoMLLMs
can extract visual features from frame sequences using
the visual feature encoder. The model then analyzes them
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with prompt input into the LLM, ultimately generating re-
sponses and demonstrating remarkable video understanding
capabilities (Xie et al. 2023). Recently, some works have
trained VideoMLLMs on large-scale multimodal instruction
datasets, enabling these models to understand videos while
also following instructions. This marks an important step to-
wards achieving general artificial intelligence, realizing the
true potential of MLLMs, with promising applications in
fields such as autonomous driving (Huo et al. 2025; Zhang
et al. 2025) and multimodal robotics (Choi, Kim, and Lee
2025; Chirila et al. 2024; Traum et al. 2024).

However, we find that similar to MLLMs, VideoMLLMs
are still significantly affected by hallucination issues. To
address these issues, numerous approaches have been pro-
posed, including improving the range and quality of training
data, developing new alignment strategies between vision
and LLM, and optimizing training strategies. Some stud-
ies have argued that a significant portion of hallucinations
in MLLMs to the models’ tendency to rely on pre-existing
knowledge while overlooking provided visual information
(Jietal. 2023). Additionally, for VidleoMLLMs, understand-
ing videos through uniform frame sampling may cause the
omission of crucial frames that are essential for answering
the question, thereby introducing hallucinations.

Fortunately, videos inherently contain valuable extra in-
formation compared to images, such as the exact timeline
and order of scenes. This characteristic makes it easier to
design and extract preferred pairs for VideoMLLMs than
for image-text MLLMs. Based on the above findings, we
construct the preferred pairs consist of high-quality texts
with clear timelines, precise scene descriptions and audio-
assisted visual localization, while the non-preferred pairs
consist of low-quality texts with chaotic timelines, vague
scene descriptions and factual errors. In addition, we pro-
pose an echo-layered sampling algorithm to optimize the
current frame sampling algorithm, which prioritizes key
frames with high semantic relevance to the question and
large scene feature differences. For the remaining frames,
uniform sampling is used to supplement, which retains most
of the key visual information.

Taking LLaVA-video-7B as an example, the use of our
proposed EchoBat algorithm greatly reduces its hallucina-
tions, elevating LLaVA-video-7B from the worst perfor-



mance among 7B models to the best within models of the
same parameter size. Experimental results on three bench-
marks demonstrate that EchoBat effectively improves the
accuracy and hallucination resistance of the base model.
By using EchoBat to construct preference pairs of data and
training with DPO, the model achieves the best or second
best results on multiple datasets.

The contributions can be summarized as follows:

e We propose EchoBat, a new strategy for constructing
high-quality preference pairs data and extracting keyframes
from videos. With these pairs for preference alignment, hal-
lucinations in VideoMLLMs can be significantly reduced.

* EchoBat demonstrates excellent generalizability and
can be seamlessly integrated into existing VideoMLLMs to
mitigate hallucinations.

» Extensive experimental results validate the practical ef-
fectiveness of EchoBat across multiple hallucination bench-
marks. For instance, when applied to LLaVA-Video-7B,
EchoBat reduces the hallucinations by 7.9% in VideoHal-
luce. On EventHallusion, it boosts the Binary and Desc
scores by 11.3% and 17.75%, respectively, over the base
model. Notably, on the LangDominance metric in CMM
(video), EchoBat achieves performance comparable to the
closed-source GPT-40, highlighting its ability to resist Hal-
lucinations.

Related Works
Causes of hallucinations in VideoMLLMs

Hallucinations in VideoMLLMs mainly stem from three as-
pects: hallucinations from data, from the model, and from
modality alignment.

* Hallucinations from Data. The quality and distribution
of data are primary factors leading to hallucinations. For in-
stance, in factual question answering, an imbalanced data
distribution often results in erroneous answers (Liu et al.
2024). Moreover, data homogeneity the model’s ability to
adapt to different environments (You et al. 2024). The per-
formance of models like MiniGPT-4 and LLaVA highlights
that when training lacks diverse learning instructions and vi-
sual information, insufficient data can make it difficult for
models to describe local visual relationships, thereby result-
ing in hallucinations.

» Hallucinations from model. VideoMLLMs often use
CLIP as the visual encoder, which uses contrastive learning
to map visual and textual features to a shared space. Despite
strong performance in many tasks, CLIP struggles with fine-
grained visual details—e.g., limited image resolution hin-
ders detail extraction, though higher resolutions help (Jain,
Yang, and Shi 2024; Cho et al. 2022). As another compo-
nent of VideoMLLMs, LLMs significantly enhance the ca-
pability of MLLMs in handling complex tasks but also intro-
duce their inherent hallucinations into vision-language mod-
els. Factors such as biases in LLM training data and over-
reliance on prior knowledge can lead to hallucinations. In-
sufficient attention mechanisms (Lee et al. 2024) and errors
caused by random sampling during decoding (Chuang et al.
2024) can also cause hallucinations.
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Hallucinations from modality aligning. Hallucina-
tions from modality alignment: Multimodal tasks require
aligning visual features with the LLM’s embedding space,
typically via simple alignment modules like linear layers.
Their simplicity limits comprehensive multimodal integra-
tion, increasing hallucination risks (Sun et al. 2024b; Zhao
et al. 2023). For example, Q-Former—a widely used mod-
ule in models like InstructBLIP and MiniGPT-4—encodes
a fixed number of randomly initialized tokens into text-
aligned visual features. Yet limited tokens fail to fully cap-
ture information, causing loss and higher hallucination risks
(Yin et al. 2023; Chen et al. 2023).

While VideoMLLMs have demonstrated strong video un-
derstanding capabilities, research on their hallucinations re-
mains nascent. Zhang et al. (Zhang et al. 2024a) proposed
the EventHallusion benchmark and Temporal Contrastive
Decoding (TCD). Sun et al. (Sun et al. 2024a) targeted hallu-
cinations in long video processing to boost long-term video
understanding. We argue that resolving hallucinations is crit-
ical for building practical VideoMLLMs. Thus, we propose
EchoBat: a method leveraging video data to construct high-
quality preference pairs and extract key frames for enhanced
visual supervision, aiming to alleviate hallucinations.

Methodology

The overview framework of EchoBat is illustrated in Fig-
ure 1, it mainly consists of three key components: Echo-
Vision Enhancement, Video reverse non-preference, and
Echo-Layered Sampling. The framework can be used to
construct high-quality (chosen) and low-quality (rejected)
video responses to form preference pairs. In addition, the
preference pairs generated by EchoBat can be used to en-
hance model performance with direct preference optimiza-
tion (DPO).

Echo-Vision Enhancement

Current VideoMLLM:s exhibit two distinct approaches to au-
dio information processing in text generation tasks.

1) Some majority of models like Video-LLaMA (Zhang,
Li, and Bing 2023), VideoMAE V2(Wang et al. 2023), In-
ternVL (Chen et al. 2023) entirely discard the audio track,
relying solely on visual features for text generation.

2) Some emerging heterogeneous modality unifica-
tion paradigms like VITA-1.5(Fu et al. 2025), Hu-
manOmni(Zhao et al. 2025) achieve audio comprehen-
sion through cross-modal encoders. These models estab-
lish audio-visual associations via feature concatenation.
Howerver, their design objective focuses on expanding the
model’s cross-modal understanding scope, which essentially
represents a Modality Capacity Expansion approach. Rather
than leveraging audio to enhance video description text qual-
ity and mitigate hallucinations.

This study focuses on addressing hallucination issues in
video-based large models. Inspired by the bats use echo to
enhance vision, we innovatively position audio information
as a supplementary signal source for visual semantics. By
leveraging audio cues in videos (e.g., ambient sounds, voice
narration) that contain semantically rich clues highly corre-
lated with visual content, our approach effectively enhances
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rect Preference| A man in striped swim trunks stands on a waterside stone platform near concrete steps,
seemingly ready to jump. Audio reveals he slips accidentally, splashing into the water; the
camera captures the splash and ripples before he resurfaces and swims away.

Aligning VideoMLLMs using DPO

Figure 1: Overview of the proposed EchoBat framework. The text of correct answers and hallucinations are highlighted in green

and red, respectively.

the factuality, accuracy, and completeness of the generated
high-quality (chosen) Caption (CAP) text. As illustrated in
Step 1 in Figure 1, the proposed method consists of four core
processing stages:

1) Cross-modal Feature Decoupling: The audio and vi-
sual streams are decoupled using FFmpeg, followed by de-
noising and sample rate normalization preprocessing on the
audio track.

2) Temporally Aligned Semantic Extraction: The
Whisper(Cao et al. 2012) is employed for automatic speech
recognition (ASR), generating synchronized sentence-level
transcripts with corresponding timestamps.

3) Vision-Guided Semantic Filtering: Video frames are
uniformly sampled and a cross-modal alignment model
(SigLIP) is used to compute semantic similarity scores be-
tween each frame and individual audio-derived text seg-
ments as shown in eq. 1.

¢(s:,v¢) = Sigmoid (Er(s;) " Ey (vy)) (D

where s; denotes the textual representation of the i-th au-
dio sentence, v; represents the visual feature of the video
frame at time t, E7(-) and Ey (+) denote the text and image
encoders, respectively, 7' indicates matrix transposition, and
stgmoid refers to the nonlinear activation function.

Given that video captioning tasks require mining latent
semantic correlations rather than enforcing strict matching,
theoretical analysis and experimental validation led us to set
the activation threshold 7 for semantic supplementary sig-
nals at 0.4. This threshold corresponds to the median of
weakly correlated scenarios (¢(s;,v:) € [0.3,0.5)), effec-
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tively capturing cross-modal latent associations while mit-
igating noise interference. This configuration aligns with
findings by SPECTRUM (Faghihi, Zarenejad, and Beheshti
Shirazi 2024) in multimodal semantic and sentiment analy-
sis, where their study demonstrated that 7 = 0.4 achieves an
optimal trade-off for cross-modal associations.

4) Audio-Visual Text Generation: Employing a prede-
fined prompt template, GPT-40 is utilized to integrate the
filtered audio transcripts into the video captioning text based
on content coherence and timestamp alignment, ensuring
temporal consistency between generated descriptions and
video sequences. (See Appendix for detailed prompt tem-
plate specifications.)

5) Example Demonstration: For example, a video about
cooking in the kitchen.

{Visual Description}: ”A person holds a white pow-
dered container, pouring granular substance into a cooking
pot.”

{Audio Description}: "Now we need to add approxi-
mately 2 grams of salt to the boiled peas.”

{Audio-Visual merged Description} (chosen): “The op-
erator is pouring 2 grams of white salt into the pot containing
boiled peas.”

Video reverse non-preference

Extending ARA(Qu et al. 2024), we observe the degree
of VideoMLLMs on visual input through active queries.
Specifically, we define a metric based on the mutual infor-
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where P(a;;|Q;) represents the output probability of
VideoMLLMs based solely on the query input, while
P(ai;|Vi, Q;) represents the output probability when both
the query and the video are used as inputs. A higher value of
M;; indicates that more visual reasoning is required to an-
swer the query. When M;; < 0, it suggests that the answer
relies too heavily on the input query and ignores the current
visual input.

As shown in Figure 2, we conducted experiments on the
LLaVA-Video-178K dataset, sampling 10,000 questions, in-
cluding multiple-choice (MC), open-ended (OE), and cap-
tion generation (CAP) tasks. The difficulty of the questions
was rated on a scale of 0—4. By analyzing the proportion
of queries triggered by the model in forward and reverse
videos, we observed that M;; < 0 appears more frequently
and earlier in reverse videos. This indicates that the model
relies more on pre-existing prior knowledge and tends to ig-
nore the current visual input when playing the video in re-
verse. We hypothesize that this may be due to the presence
of many uncommon phenomena in reversed videos, which
also make the video timeline more difficult for the model to
comprehend.

Therefore, our pipeline for constructing low-quality (re-
jected) Caption (CAP) text comprises two key components:

1) Inverse Physical Law Modeling: We employ a base-
line VideoMLLM to generate initial descriptions D;,,;; for
reversed videos V... Since the model’s parameter space ©
lacks temporal constraints, its decoding process satisfies:

Dinit = argmax P(D|Vie,;©) st. ©Nd- L =0 (3)

D

time
where @glie denotes the set of time-reversed physical laws.
Due to the model’s deficient capability in modeling time-
reversed physical phenomena, its outputs predominantly
manifest three categories of hallucinations(Zhang, Li, and
Bing 2023): Temporal incoherence (e.g., "water flows up-
ward”), Physical law violations (e.g., “food automatically
defrosts™), and Visual attribute errors (e.g., positional shifts,
color mismatches). According to the ARA(Qu et al. 2024),
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the first two categories stem from the model’s over-reliance
on prior knowledge distribution P,,;.;o- (D) while disregard-
ing current visual evidence E,,, resulting in anomalous de-
scriptions that violate causality (e.g., "water flows from the
ground to clouds”). The third category directly reflects inad-
equate modeling of the visual evidence F,,.

2)Text Revision and Hallucination Injection: We con-
struct a deterministic hallucination transformation template
T}, using GPT-40 to map the initial description D; to the
forward time axis while injecting controlled hallucinations:

Drej = Th(Di) = GPT4o0 (Di7 ,ﬁemplate(Aa (OL, ﬂ;'}/v 6))) (4)

where )\ represents the flashback functional component. The
other parameters of the template Tiemplaie are as follows.
Where « is temporal errors, (3 is physical violations, 7 is
procedural omissions, and J is perceptual inaccuracies:

a=27%
8 =23%
v = 40%
5 =10%

Temp. errors

Phys. violations
Proc. omissions
Percep. inaccuracies

Yo o=1

a,8,7,6

We ensure the generated texts achieve an optimal balance
between grammatical correctness and semantic absurdity.
This standard adheres to the adversarial sample quality cri-
teria proposed by Ebrahimi et al.(Ebrahimi, Lowd, and Dou
2018).

3) Example Demonstration: For example, a video about
cooking in the kitchen.

{Reversed Video Description }: ”white salt particles au-
tomatically jump back from the pot of cooked peas into the
seasoning container.”

{GPT-40 Flashback Description}: "white salt particles
spontaneously move from the seasoning container into the
pot of cooked peas.”

{GPT-40 Hallucinate Filler Description} (rejected):
“white salt particles fly out from the seasoning container,
turn red mid-air, remain suspended motionless, and finally
jump into the pot of cooked peas autonomously.”

Notably, Our experiments reveal that GPT-40 demon-
strates unique capabilities in processing reversed text and
filling in the hallucination - functionalities notably absent
in current open-source models. The corresponding prompt
templates have been listed in the Appendix, which we iden-
tify as prerequisite for acquiring cap’s non-preferenced data.

Echo-Layered Sampling

Inspired by the multi-frequency pulse mechanism of bat
echolocation, we propose an Echo-Layered Sampling strat-
egy comprising three hierarchical levels:

1) Top-level: Semantic-correlated Frame Sampling (sim-
ulating high-frequency short pulses for precise target local-
ization)

2) Middle-level: Scene-transition Frame Sampling (cor-
responding to medium-frequency pulses’ environmental
scanning characteristics)

3) Base-level: Uniform Complementary Frame Sampling
(adapting low-frequency long pulses’ background cruising
function) This hierarchical sampling framework captures



Algorithm 1: Algorithm of Echo-Layered Sampling
Input: V’ Qs ]Vtargel
Output: K, T
1. Read video information:

F, fps < ReadVideo(V)
2. Semantic Sampling:

Ksem < { argmax SemanticScore(F,e)}

e€Entities(Q)

3. Scene Sampling:

Kuis {Z | AH(]:[’LL]:[Z + 1]) > Thist}’
4. Merge & Supplement:

K < UniqueMerge(Ksem, Kyis)

If | K| < Niarget then

K < K U UniformSample(F, Nirget — |K|)

5. Return result:

’C[l : Ntarget]7 {ti/fps | t; € ’C}

multi-granularity visual information, delivering more accu-
rate supervisory signals than conventional uniform sampling
while enhancing model training efficacy and suppressing
hallucinations. The detailed process is summarized in Al-
gorithm 1.

1) Input and Output Description: The proposed algo-
rithm takes as input a video V' and a natural language query
@, where V represents the video stream to be processed
and @ describes the target semantic content (e.g., “how to
make scrambled eggs”). The target number of keyframes
is set by the parameter N;qrge¢ = 64. The output consists
of a keyframe index set  C {1,...,|F|} and their corre-
sponding timestamps 7 € R, satisfying || = Nygyge¢ and

T1i] = K[i]/ fps, where fps denotes the video frame rate.
2) Semantic-correlated Frame Sampling: The
semantic-level sampling module achieves text-query-

based keyframe localization through cross-modal alignment
by first extracting a set of noun entities ¢ from the natural
language query (), then computing the semantic similarity
score SemanticScore(Fli],e) between each video frame
Fi] and entity e € ¢ using the pretrained SigLIP, and finally
retaining the most semantically similar frame for each entity
to form the initial semantic keyframe set g, while
enforcing a minimum temporal interval A, = 0.5fps to
prevent excessive clustering of semantic frames and ensure
uniform temporal distribution of keyframes.

3) Scene-transition Frame Sampling: The scene sam-
pling module supplements semantically uncovered frames
by detecting abrupt visual content changes through 3D his-
togram difference (A H) computation of consecutive frames
in LAB color space, where scene transition points are iden-
tified when AH exceeds the dynamic threshold 7 =
wg + 0.5y, with a compensation mechanism automati-
cally triggered for drastic changes (AH > 27y to increase
sampling density in adjacent intervals, ultimately generating
a visual keyframe set /C,;5 that effectively captures semanti-
cally independent but visually salient changes including shot
transitions and rapid object movements.

4) Uniform Frame Sampling: The merging and sup-
plementation module generates the final keyframes through
priority-based fusion and adaptive sampling by first combin-
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ing Ksem and Ky following semantic priority principles,
then removing duplicate frames, and subsequently perform-

7| J

Norger— K]
from remaining frames if the total count falls below Nygrget,
ultimately producing the output keyframe set K that strictly
satisfies |KC| = Nigrger With precisely aligned timestamps
T obtained by dividing frame indices by the frame rate fps
to ensure exact temporal correspondence with the original
video timeline.

We validate the reviewer’s concern that lower thresholds
cause noise infiltration: 7 0.2 allows 7.3% irrelevant
audio retention (e.g. background music misaligned as dia-
logue). 7 = 0.6 over-filters critical cues, reducing Even-
tHallusion accuracy by 4.1%. Our 7 = 0.4 achieves opti-
mal balance: 98.7% noise filtering while retaining essential
audio semantics.

Inference fairness: All benchmarks use silent videos (audio
disabled).

To ensure fair comparison with LLaVA-Video’s baseline,
we maintain N = 64 while introducing crucial dynamic
improvements through our Echo-Layered Sampling (ELS).
The system further supports dynamic scaling via adaptive
Niarger adjustment (e.g. extending to N = 128 for 10-minute
videos through A, modification). We employ the default
Niarger = 64 configuration to maintain optimal efficiency.

ing uniform supplementation at fixed intervals {

Experiments

We analyze experimental results of VideoMLLMs trained
with EchoBat on the latest video hallucination benchmarks.
These benchmarks evaluate VideoMLLMs, metrics like Per-
ception Accuracy (PA) and Hallucination Resistance (HR),
covering dimensions including Object-Relation, Temporal,
Semantic Detail, Extrinsic Fact, Entirety, and Interleaving.

We also validate each EchoBat component’s effectiveness
and provide examples showing reduced hallucinations after
training with EchoBat.

Experimental Setups

Evaluation benchmarks and metrics. For assessing
VideoMLLMs, we selected three recent benchmarks: Video-
Hallucer (Wang et al. 2024), EventHallusion (Zhang et al.
2024b), and CMM. These benchmarks represent the latest
developments in evaluating hallucinations in VideoMLLMs.

(1) VideoHallucer is the first benchmark dedicated to
evaluating hallucinations in VideoMLLMs. It categorizes
hallucinations into intrinsic and extrinsic types, utilizing
data from public datasets such as ActivityNet, VidOR,
and EDUVSUM. Evaluation is performed through binary
VideoQA.

(2) EventHallusion assesses event-related hallucinations
by analyzing models’ reliance on prior knowledge versus
video content. It incorporates rare event videos to examine
image priors and misleading descriptions of common events
to evaluate language priors. Performance is measured via bi-
nary classification and detailed description matching.

(3) CMM is a comprehensive benchmark for evaluat-
ing multimodal hallucinations across language, vision, and



VideoHallucer EventHallusion CMM
Model Size Acc. Ent Mix Mis Ovr VLCorr LD
Bas Hall Ovr Bin Det Bin Det Bin  Bin Det Prec Rec pa hr

VideoChat2 7B 297 258 78 1667 459 4767 155 2255 3276 264 970 660 88.0 345
PLLaVA 7B 75.1 555 38.1 4561 1651 5855 3.1 8137 60.64 6.05 895 930 750 52.0
ShareGPT4Video 8B 885 20.0 158 1140 0.00 67.88 5.18 686 49.14 9.82 875 855 795 58.0
Video-LLaMa-2 7B 909 127 100 307 826 576 725 41.8 4597 1762 750 860 71.0 540
HOUND-DPO 7B 834 430 295 36.1 102 161 95 64.6 33.1 102 70.0 74.0 68.0 49.0
ISR-DPO(769) 7B 889 50.7 45.1 443 122 547 104 93.7 652 129 910 850 81.0 86.0
Qwen-2.5-VL 7B 89.7 523 46.1 465 206 652 349 90.2 672 413 96.0 88.0 88.0 93.0
Gemini-1.5-pro - 83.6 423 378 6140 49.54 8342 3990 96.08 8044 4338 910 905 785 615
LLaVA-Onevision 7B  86.5 609 519 46.78 1834 5751 2331 8842 6196 34.00 940 90.0 87.0 72.0

+ EchoBat 7B 884 623 532 4728 2446 6237 2373 8892 6494 3659 945 925 885 735
LLaVA-Video 7B 87.8 542 459 5242 1747 5285 3360 9684 63.60 40.67 87.0 885 850 74.0

+ EchoBat 7B 904 585 472 5513 33.03 62.69 3775 98.89 70.77 47.89 920 89.5 89.0 76.0
GPT-40 - 75.1 742 533 8333 5872 9275 41.97 100.0 9193 48.01 875 955 83.0 84.0

Table 1: Main experimental results. The best and second best results are indicated in bold and underlined, respectively.

audio domains. In this work, we utilize its video evalua-
tion component, which employs noise injection to assess
models’ overreliance on unimodal priors and co-occurrence
frequency manipulation to quantify the impact of spurious
cross-modal correlations. The benchmark provides system-
atic evaluation through two key metrics: Perception Accu-
racy (PA) and Hallucination Resistance (HR). Our exper-
iments specifically employ the Visual-Language partition,
denoted as CMM (Video), for assessment.

Experimental details. To ensure fair comparisons, we
maintained all original hyper-parameters, frame numbers,
and frame sampling strategies for all models. Responses
are generated using greedy search. For EchoBat, we con-
structed 16438 pairs of preference data and aligned LLaVA-
Video to human preferences using Direct Preference Opti-
mization (DPO). The learning rate was set to 5¢~7, beta to
0.1, and batch size to 1. Preference data generation took 20
hours, while training LLaVA-Video using EchoBat required
8 hours. The hardware setup included 8 x A800 80GB GPUs.

Main Results

The main experimental results are summarized and pre-
sented in Table 1. From the table, we can see that EchoBat
significantly improved the reliability of the original LLaVA-
video model, achieving the most advanced reliability scores
across many evaluation benchmarks at the 7B size.
Specifically, the EchoBat significantly reduced the hallu-
cination rates of LLaVA-video on the VideoHalluce, with
relative point improvement of 7.9%. On the EventHallu-
sion, the overall Binary and Desc scores increased by 11.3%
and 17.75% respectively compared to LLaVA-Video-7B. It
is worth noting that the Desc score on the Entire subset
has been greatly improved, up to 89.1%. We believe that
this is because after training with EchoBat, the model is
more sensitive to entities in the description. On the CMM
(video), LLaVA-Video-EchoBat’s LangDominance index is
very high, remaining in the top two, and is comparable to the
closed-source model GPT-40. This index reflects whether
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the model can balance language knowledge and multimodal
input to avoid over-reliance on LLM priors. This shows that
EchoBat does suppress LLM priors through method such as
Video reverse non-preference.

Model MSVD MSR VideoChatGPT-Captioning
Acc. Acc. Corr Det Ctx Temp Cons
HOUND-DPO 80.7 702 3.0 27 33 20 2.6
ISR-DPO(709)  80.4 754 32 29 36 26 2.7
LLaVA-video 82.1 69.7 30 28 34 22 2.4
+ EchoBat 83.7 712 35 3.0 38 28 2.9

Table 2: Model performance on various datasets

In addition, We have rigorously evaluated EchoBat’s
general capabilities using general capability evaluation
benchmarks,like: General Video QA: MSVD ,MSR-VTT,
Captioning Performance: VideoChatGPT-Bench. EchoBat’s
preference optimization both reduces hallucinations and
boosts overall performance, notably achieving +16% aver-
age gains in captioning tasks—consistent with its Desc. im-
provements in LLaVA (Table 2).

Ablation Study & Analysis

We conducted a deeper analysis of EchoBat by deconstruct-
ing its components. To evaluate the efficacy of its three
modules—Echo-Vision Enhancement (EVE), Echo-Layered
Sampling (ELS), and Video Reverse Non-preference
(VRN)—we compared them against the original LLaVA-
video model on the VideoHallucer and CMM(video) bench-
marks. As shown in Table 3, demonstrate that all three com-
ponents contribute significantly to the model’s performance.

To validate the effectiveness of EVE, we compared mod-
els fine-tuned on the original LLaVA-video using only GPT-
4o responses with models aligned through a preference-pair
approach. All other settings were kept constant for a fair
comparison. To evaluate the effectiveness of ELS, we as-
sessed models with and without keyframes selection incor-
porated into the training process.



Please describe this video
in detail.

dbin

LLaVA-Video
A man in striped swim trunks, standing on a stone platform by the water near concrete steps, prepares to jump on a sunny day
(clear blue sky in background, with a large red - accented wooden boat). He jumps off the platform, flips mid - air, and splashes
into the water; the camera captures the splash and ripples. Resurfacing, he starts swimming towards the edge of the platform,
where two other individuals—one in a white shirt and shorts, the other in a white outfit—watch him. The video ends with the
man still swimming and the two onlookers remaining on the platform.

LLaVA-Video

A man in striped swim trunks, standing on a stone platform by the water and preparing to jump into a small pool, slips and
falls headfirst into the water—creating a splash. He resurfaces and starts swimming as three other individuals stand on the dock
watching; the man continues to swim in the pool while the three observers remain on the dock. )

Figure 3: Qualitative comparison between LLaVA-Video + EchoBat and LLaVA-Video. Correct answers and hallucinations are

highlighted in green and red, respectively.

VideoHallucer CMM
Modules Acc. VLCorr LD
Bas Hall Ovr pa hr pa hr
- 87.8 542 459 87.0 885 850 740
EVE 89.1 560 463 89.0 8385 875 750
EVE+ELS 90.2 58.1 469 905 89.0 880 755
EVE+ELS+VRN 904 585 472 920 895 89.0 76.0

Table 3: Ablation of LLaVA-Video with EchoBat Modules.

As shown in Table 3, the model trained with EchoBat
achieved the lowest hallucination rate and the highest ac-
curacy. We believe this can be attributed to the following
two points. 1) The EVE improves the quality of prefer-
ence data pairs. In anomalous scenarios, the model is prone
to generating preemptive hallucinations. By human prefer-
ence alignment, this phenomenon is effectively suppressed,
resulting in a significant reduction in model’s hallucinations.
2) The ELS provides stronger visual supervisory signals.
The model better understands scene changes, thereby en-
hancing its ability to answer visual questions accurately.

Furthermore, we observed that the EVE performs more
significantly in the VideoHallucer benchmark. This may be
attributed to the higher number of open-ended questions and
captions within VideoHallucer. In contrast, for the CMM
benchmark VLCorrelations index, the ELS had a greater
impact on model performance. This is likely because the
benchmark consists many of binary yes-no questions, most
of which can be answered using single or multiple frames
from the video.

Finally, we found that EchoBat demonstrated generaliz-
ability. As shown in Table 1, we also trained additional
model, including LLaVA-OneVision. Results indicate that
applying the EchoBat effectively reduces hallucinations on
various benchmarks in VideoMLLM, demonstrating the
generalizability of EchoBat.
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Example Demonstration

To intuitively display and compare the performance differ-
ences between different models, we present qualitative anal-
ysis result in Fig. 3. And we provide more results in the ap-
pendix.

In this Cap task, both models accurately describe the en-
vironment in which the activities in the video occur, but
LLaVA-Video misjudges the behavior of the character. Our
model correctly identified that the man here slipped and fell
into the water, not that he actively rotated in the air and
then dived into the water. In addition, compared with LLaVA
Video, our model was able to recognize that there were three
people on the platform (a man, a woman, and a baby), and
the model’s hallucination is partially alleviated.

Conclusion

Hallucinations remain a critical challenge for VideoM-
LLMs, limiting their reliable deployment in real-world ap-
plications. To mitigate this problem, we introduce EchoBat,
a novel strategy for constructing high-quality preference
data pairs and selecting keyframes from video. This ap-
proach enables the model to use audio information to as-
sist in understanding video content, while not preferring
flashback reverse video content that is full of hallucinations,
thereby enhancing its ability to understand the video content
and temporal logical structure of the videos. Suppressing
hallucinations driven by the model’s internal prior knowl-
edge. Additionally, the algorithm also includes an echo-
layered sampling strategy for selecting keyframes, which
provides more effective visual supervision signals. By align-
ing model behavior with human preferences using the DPO,
we effectively alleviate hallucinations in VideoMLLMs. In
future work, we aim to explore how to combine the above
methods to further enhance the understanding ability of
VideoMLLM and reduce hallucinations in long videos.
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