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Abstract

Video-language models (VideoLLMs) excel at tasks such as001
video captioning and question answering but often produce002
hallucinations—content not grounded in the video or meta-003
data—limiting their reliability. To address this, we propose004
GRAVITI (Grounded Retrieval GenerAtion framework for005
VideoLLM hallucInation miTIgation), a model-agnostic,006
training-free and API-free framework that integrates a007
dynamically constructed ad-hoc knowledge base with a008
retrieval-guided decoding process. We refer to this process009
as Grounded Retrieval Generation (GRG), where each010
generated token is conditioned on evidence retrieved from011
video features and auxiliary metadata. GRAVITI reduces012
hallucinations while remaining compatible across diverse013
VideoLLMs. Evaluated on three benchmarks—VidHalluc,014
EventHallusion, and VideoHallucer—GRAVITI improves015
overall accuracy by 6–14% and substantially lowers hallu-016
cination rates compared to strong baselines. Ablation stud-017
ies show the impact of retrieval size, detector thresholds,018
and grounding mechanisms, highlighting the effectiveness019
of GRG in producing reliable, multi-modal video descrip-020
tions.021

1. Introduction022

Large-scale video-language models (VideoLLMs) have023
demonstrated impressive performance on tasks such as024
video captioning, question answering, and event under-025
standing by leveraging rich visual and textual representa-026
tions [1, 6, 9]. Despite these advances, VideoLLMs re-027
main prone to hallucinations—outputs that contain infor-028
mation not supported by the video content or associated029
metadata [5, 11, 16]. Hallucinations reduce reliability, es-030
pecially in applications requiring factual correctness, such031
as autonomous video analysis, multimedia summarization,032
and assistive technologies.033

Among the various types of hallucinations in Vide-034
oLLMs, object hallucination and temporal hallucination035

are the most prevalent and impactful. Object hallucination 036
occurs when models describe entities that are absent from 037
the video, while temporal hallucination arises when events 038
are misordered, omitted, or fabricated across time. Both 039
types reduce the factual reliability of generated captions and 040
answers, particularly in long-form or detail-oriented video 041
understanding tasks. 042

Existing mitigation strategies [2, 8, 10] have shown 043
promise but face several limitations. First, they often strug- 044
gle with long-form videos where temporal dependencies 045
span hundreds of frames, leading to error accumulation and 046
degraded grounding. Second, current approaches are chal- 047
lenged by complex spatio-temporal interactions, where vi- 048
sual cues must be linked across both spatial and tempo- 049
ral contexts, a setting in which single-frame or short-clip 050
grounding proves insufficient. Third, many methods rely 051
on multi-modal alignment signals that are noisy or incom- 052
plete, resulting in partial grounding and residual hallucina- 053
tions [5, 14, 15]. Finally, several frameworks are tightly 054
coupled to specific backbone architectures or require costly 055
retraining, which restricts their generalizability and practi- 056
cal adoption. 057

To address the challenges of hallucination in Vide- 058
oLLMs, we propose GRAVITI (Grounded Retrieval 059
GenerAtion framework for VideoLLM hallucInation 060
miTIgation), a model-agnostic, training-free, and API-free 061
framework. GRAVITI is specifically designed to miti- 062
gate object hallucination and temporal hallucination by 063
constructing a dynamic ad-hoc knowledge base derived 064
from frame-level video embeddings and auxiliary metadata. 065
This enables token-level retrieval-guided decoding, ensur- 066
ing that generated tokens align with evidence grounded in 067
the video. As a result, phantom objects and incorrect at- 068
tributes are suppressed, temporal relations between events 069
are preserved, and factual grounding is improved. Un- 070
like methods requiring retraining or external retrieval APIs, 071
GRAVITI is lightweight, plug-and-play, and can be seam- 072
lessly deployed across diverse VideoLLMs, making it par- 073
ticularly suitable for scenarios demanding privacy preserva- 074
tion, computational efficiency, and scalability. 075
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We evaluate GRAVITI on three challenging bench-076
marks—VidHalluc [5], EventHallusion [16], and VideoHal-077
lucer [11]—across multiple VideoLLM backbones. Our078
experiments demonstrate the effectiveness of GRAVITI,079
yielding consistent gains across benchmarks (e.g., up to080
+6.85% on VidHalluc [Video-LLaMA2], up to +14.12%081
on EventHallusion [Video-LLaVA], and up to +6.80% on082
VideoHallucer [Video-ChatGPT]) and across diverse mod-083
els, including Video-LLaVA, VideoLLaMA2, and Video-084
ChatGPT. Ablation studies further highlight the positive im-085
pact of retrieval size, detector thresholds, and grounding086
mechanisms on factual correctness, providing insights into087
the contributions of individual components.088

The main contributions of this work are:089

• We introduce GRAVITI, a training-free and API-free hal-090
lucination mitigation framework for VideoLLMs, which091
dynamically constructs an ad-hoc knowledge base from092
video embeddings and metadata to provide fine-grained,093
context-grounded guidance.094

• Through comprehensive evaluations on three specialized095
video hallucination benchmarks, GRAVITI demonstrates096
consistent improvements over strong baselines, reduc-097
ing hallucinations while maintaining or enhancing overall098
performance across video understanding tasks.099

• GRAVITI offers a plug-and-play, model-agnostic solu-100
tion with no reliance on retraining or external APIs,101
enabling scalable deployment in privacy-sensitive and102
resource-constrained environments without additional103
computational burden.104

Overall, GRAVITI offers a practical and effective solu-105
tion to improve the factual reliability of VideoLLMs, pro-106
viding a foundation for trustworthy video understanding in107
complex multi-modal scenarios.108

2. Related Work109

2.1. Video-Language Models110

Recent advances in video-language models (VideoLLMs)111
have enabled strong performance across tasks such as dense112
video captioning, video question answering, and temporal113
event reasoning [1, 6, 9]. By leveraging large-scale pre-114
training on paired video-text data, these models are able to115
align visual and textual representations and produce coher-116
ent long-form outputs. Despite their success, VideoLLMs117
remain highly vulnerable to generating ungrounded or fac-118
tually inconsistent descriptions, a phenomenon commonly119
referred to as hallucination. This limitation raises signifi-120
cant concerns regarding their reliability in real-world appli-121
cations that demand factual correctness and faithfulness to122
video content.123

2.2. Hallucination in Vision-Language Models 124

Hallucinations in multimodal models have been studied ex- 125
tensively in the context of image-language models (Imag- 126
eLLMs), where models often fabricate non-existent objects, 127
attributes, or relationships [3, 4]. Similar issues arise in 128
VideoLLMs, but are further amplified by temporal com- 129
plexity and long-form reasoning. Recent benchmarks such 130
as VidHalluc [5], EventHallusion [16], and VideoHallucer 131
[11] have highlighted different dimensions of hallucina- 132
tions in video, including object misidentification, tempo- 133
ral inconsistency, and incorrect event attribution. These 134
benchmarks provide systematic evaluations, underscoring 135
the need for dedicated strategies to mitigate hallucination 136
in VideoLLMs. 137

2.3. Mitigation Strategies 138

A variety of approaches have been proposed to mitigate hal- 139
lucinations in multimodal models. Constrained decoding 140
methods attempt to limit outputs to entities grounded in de- 141
tected visual evidence [16]. Latent-diffusion alignment ap- 142
proaches, such as LanDiff [14], introduce auxiliary align- 143
ment objectives to improve faithfulness between modalities. 144
Other works, such as Tarsier2 [15] and DINO-HEAL [5], 145
leverage hierarchical visual features or object detection sig- 146
nals to suppress spurious generations. While these meth- 147
ods reduce hallucinations to some extent, they often suf- 148
fer from domain-specific assumptions, high computational 149
overhead, or limited generalization across architectures and 150
datasets. 151

3. Method 152

In this section, we present GRAVITI and detail its architec- 153
ture, pipeline, and generalization strategy for mitigating ob- 154
ject and temporal hallucinations in VideoLLM-based video 155
captioning. 156

3.1. Problem Definition 157

Given a video v and a videoLLM model P , the model 158
is said to hallucinate if the generated output (e.g., cap- 159
tion or answer) P (v) contains information not supported 160
by the ground-truth context C(v). Here, P (v) denotes 161
the output produced by the model P for the input video 162
v, and C(v) represents the corresponding reference con- 163
text—typically sourced from human-annotated descriptions 164
or verified metadata. 165

We define hallucination (H) as follows: 166

H(P (v), C(v)) =

{
True, if P (v) ̸⊆ C(v)
False, otherwise.

(1) 167

This formulation captures hallucinations as any gener- 168
ated content not entailed by the reference context, providing 169
a formal basis for evaluation and mitigation. 170
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3.2. GRAVITI Pipeline Overview171

To provide a high-level view, the GRAVITI framework for172
mitigating object and temporal hallucinations operates in173
three sequential stages, as illustrated in Figure 1:174

1. Feature Extraction and Knowledge Base Construc-175
tion: the VideoLLM encoder extracts embeddings and176
metadata, which populate the dynamically constructed ad-177
hoc knowledge base K;178

2. Initial Generation: the VideoLLM produces an initial179
caption or answer based on the extracted features;180

3. Post-Hoc GRAVITI Verification: the generated out-181
put is compared against evidence retrieved from K and re-182
vised if inconsistencies are detected, improving factual con-183
sistency and reducing hallucinations.184

3.3. Model Architecture185

GRAVITI is a hybrid framework that combines semantic186
retrieval with generative decoding, enabling the VideoLLM187
model to ground its outputs in verifiable contextual infor-188
mation. During inference, GRAVITI performs semantic189
matching over a structured knowledge base and retrieves190
supporting evidence, which is then fused with visual fea-191
tures and metadata to constrain the decoding process. This192
grounding mitigates hallucination by aligning generated to-193
kens with retrieved, contextually relevant signals.194

Formally, let the input video be represented as a se-195
quence of frames196

V = {f1, f2, . . . , fT }, (2)197

where each frame is encoded by the VideoLLM encoder198
ϕ(·) to produce visual embeddings199

Ev = {ϕ(f1), ϕ(f2), . . . , ϕ(fT )}. (3)200

These embeddings are projected into a shared multimodal201
space together with auxiliary metadata M (e.g., ASR tran-202
scripts, object detections), yielding a representation set203

R = {r1, r2, . . . , rn} = g(Ev,M), (4)204

where g(·) denotes the projection layer. The collection205
R forms the basis of the dynamically constructed ad-hoc206
knowledge base K.207

Given a partially generated sequence of tokens y<t,208
GRAVITI retrieves the top-k relevant entries from K:209

K∗ = Top-k
(
sim(h(y<t), ri)

)
, ri ∈ K, (5)210

where h(y<t) is the hidden representation of the decoder211
state and sim(·) is a similarity function (e.g., cosine similar-212
ity).213

The retrieved evidence K∗ is fused with the decoder’s214
hidden state via cross-attention:215

h̃t = Attn(h(y<t),K∗). (6)216

The next token is generated using a probability distribution 217
conditioned on both the fused hidden state and the original 218
context: 219

P (yt | y<t, V,M) = softmax(Wh̃t). (7) 220

By iteratively generating tokens conditioned on both the 221
input video representations and the retrieved contextual ev- 222
idence, GRAVITI produces video captions that are strongly 223
grounded in the visual content and associated metadata. 224
This architecture ensures that each output token is sup- 225
ported by relevant evidence, thereby reducing hallucina- 226
tions and improving factual consistency in long-form video 227
captioning tasks. 228

Algorithm 1 summarizes the end-to-end workflow, high- 229
lighting the interactions between feature extraction, dy- 230
namic knowledge base construction, initial generation, and 231
post-hoc verification. 232

3.4. Computational Complexity Analysis 233

The computational complexity of GRAVITI arises primar- 234
ily from three components: feature extraction, retrieval, 235
and cross-attention-based fusion during post-hoc verifica- 236
tion. Let T denote the number of video frames, d the dimen- 237
sionality of the encoder embeddings, L the output sequence 238
length, and k the number of top retrieved knowledge entries. 239
Feature extraction by the VideoLLM encoder has complex- 240
ityO(T · d2), depending on the backbone architecture. The 241
retrieval step requires computing similarity scores between 242
the decoder hidden states and the knowledge base entries, 243
yielding complexity O(L · n · d), where n is the size of the 244
knowledge base. Finally, the cross-attention fusion scales 245
as O(L · k · d). 246

Overall, GRAVITI introduces a moderate overhead rel- 247
ative to the underlying VideoLLM, with the dominant cost 248
proportional to the knowledge base size n and output se- 249
quence length L. This cost can be efficiently controlled 250
via dimensionality reduction in R and limiting k during 251
retrieval, allowing GRAVITI to remain practical for long- 252
form video captioning. 253

3.5. Model-Agnostic Generalization 254

A key advantage of GRAVITI is its ability to generalize 255
across diverse VideoLLM architectures. The framework 256
does not impose constraints tied to a specific vision encoder 257
or decoder, relying only on the availability of intermedi- 258
ate video representations and the generative decoding inter- 259
face. This makes GRAVITI a plug-and-play option for a 260
wide range of VideoLLMs, including recent models such as 261
VideoLLaMA2. 262

Formally, let a generic VideoLLM consist of an encoder 263
ϕ(·) that maps input video frames V = {f1, . . . , fT } to 264
feature embeddings Ev , and a decoder ψ(·) that gener- 265
ates textual outputs conditioned on Ev . GRAVITI requires 266

3



ICCV
#*****

ICCV
#*****

ICCV 2025 Submission #*****. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Vision Encoder

Video Frames Input

Knowledge
Base

Projection / Alignment

Large Language Model

...

Tokenizer

Prompt: Caption this video.
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Land Cruiser
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surrounded

by trees.

Caption:

Y
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Tokens
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....

Figure 1. Overview of the GRAVITI framework for mitigating object and temporal hallucinations. The pipeline operates in three stages:
(1) Feature Extraction and Knowledge Base Construction, where the VideoLLM encoder extracts embeddings and metadata to populate
the ad-hoc knowledge base K; (2) Initial Generation, where the VideoLLM produces a preliminary caption or answer; and (3) Post-Hoc
GRAVITI Verification, where the output is checked against evidence retrieved from K and revised to ensure factual consistency. Blue
modules indicate VideoLLM components, while green modules highlight GRAVITI’s contributions.

access to: (i) the encoder outputs Ev or their projected267
multimodal representations R, which populate the ad-hoc268
knowledge base K; and (ii) the decoder’s hidden states269
h(y<t), which enable retrieval-guided conditioning. Since270
these components are standard in VideoLLM architectures,271
GRAVITI integrates seamlessly without modifying the un-272
derlying backbone.273

Importantly, GRAVITI does not assume a specific en-274
coder such as ResNet. The encoder ϕ(·) may be any275
video feature extractor used by the VideoLLM, includ-276
ing CLIP-based visual encoders, TimeSformer, or other277
transformer-based architectures. This ensures compatibil-278
ity across different backbone designs while still providing279
retrieval-grounded generation.280

Two integration modes are possible. When intermediate281
embeddings and decoder states are accessible, in-decoder282
GRAVITI enables retrieval-guided token generation at ev-283
ery decoding step. When such internal access is restricted284
(e.g., closed-source APIs), Post-Hoc GRAVITI externally285
verifies and revises generated outputs using the knowledge286
base K. Both modes maintain the advantage of grounding287
predictions in contextually relevant evidence, reducing hal-288
lucinations across VideoLLMs of varying scales and archi-289
tectures.290

4. Experiments291

4.1. Experimental Setup292

Benchmarks. We evaluate the performance of our ap-293
proach on three representative benchmarks. (a) VidHal-294
luc [5] is a comprehensive benchmark for assessing halluci-295
nations in VideoLLMs. It spans three dimensions—action,296
temporal sequence, and scene transition—and comprises297
four task types: BQA, MCQ, STH, and TSH. For STH,298

the evaluation metric is an overall score computed as a 299
weighted combination of the binary-classification task and 300
the descriptive task, whereas the remaining three sub- 301
tasks are evaluated solely based on task-specific accuracy. 302
(b) EventHallusion [16] is a recently introduced benchmark 303
focusing on hallucinations related to events. It includes 304
three subtasks—Entire, Mix, and Misleading—with evalu- 305
ation based on binary-classification accuracy. (c) VideoHal- 306
lucer [11] is a diagnostic benchmark specifically targeting 307
spatio-temporal hallucinations in VideoLLMs. It evaluates 308
consistency between generated captions and ground-truth 309
annotations across temporal reasoning, object interaction, 310
and scene dynamics, with task-specific accuracy used as the 311
evaluation metric. 312

Models and Baselines. We consider three 313
VideoLLMs—Video-ChatGPT [9], Video-LLaVA [7], and 314
VideoLLaMA2 [1]—as baseline models. For comparative 315
evaluation, we include six hallucination mitigation mod- 316
els: SlowFast-LLaVA-1.5 [13], LanDiff [14], TCD [16], 317
Tarsier2 [15], DINO-HEAL [5], InternVideo2.5 [12]. 318

Implementation Details. In GRAVITI, the VideoLLM 319
encoder is kept frozen to preserve pre-trained video repre- 320
sentations, while the lightweight projection layer g(·) that 321
maps encoder outputs and metadata into the shared multi- 322
modal space is fine-tuned. Optionally, the VideoLLM de- 323
coder can also be fine-tuned to incorporate retrieval-guided 324
cross-attention during training; otherwise, it remains frozen 325
and GRAVITI operates in a post-hoc verification mode. 326

The knowledge base K is dynamically constructed from 327
projected embeddings and metadata for each video. During 328
retrieval, the top-k relevant entries are selected using cosine 329
similarity (k = 5), and fused with decoder hidden states at 330
each decoding step. 331
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Algorithm 1 GRAVITI: Grounded Retrieval Generation
(GRG) VideoLLM for Hallucination Mitigation

Require: Input video V = {f1, f2, ..., fT }, auxiliary
metadata M , VideoLLM encoder ϕ, VideoLLM de-
coder ψ, similarity function sim, top-k retrieval

Ensure: Factually grounded output sequence Y =
{y1, ..., yL}

1: Stage 1: Feature Extraction and Knowledge Base
Construction

2: for each frame ft ∈ V do
3: et ← ϕ(ft) ▷ Extract visual embeddings from

VideoLLM encoder
4: end for
5: R← g({e1, ..., eT },M) ▷ Project embeddings +

metadata into multimodal space
6: K ← R ▷ Initialize ad-hoc knowledge base
7:
8: Stage 2: Initial Generation
9: Initialize generated sequence Y ← []

10: for t = 1 to max sequence length L do
11: ht ← ψ.hidden(Y<t, Ev) ▷ Decoder hidden state
12: yt ∼ P (yt | ht) ▷ Generate token from decoder
13: Append yt to Y
14: end for
15:
16: Stage 3: Post-Hoc GRAVITI Verification
17: for t = 1 to L do
18: K∗

t ← Top-k(sim(h(y<t), ri)), ri ∈ K ▷ Retrieve
top-k relevant evidence

19: h̃t ← Attn(h(y<t),K∗
t ) ▷ Fuse retrieved evidence

with decoder hidden state
20: yt ← argmaxP (yt | h̃t) ▷ Update token if

necessary
21: end for
22: return Y

We train the projection (and optionally the decoder) us-332
ing the AdamW optimizer with a learning rate of 5× 10−5,333
a batch size of 4 videos, and early stopping based on vali-334
dation accuracy. Videos are resized to 224× 224 pixels and335
sampled at 3 frames per second. Mixed-precision (FP16)336
is enabled for memory efficiency, and all random seeds are337
fixed at 42 for reproducibility.338

During evaluation, GRAVITI is applied in two modes.339
In in-decoder mode, retrieval-guided decoding is applied at340
every token generation step. In post-hoc mode, initial out-341
puts are generated first and then verified against the knowl-342
edge base K, with inconsistencies corrected via re-scoring343
of candidate tokens. All hyperparameters are kept fixed344
across benchmarks and backbone models for fair compar-345
ison. Tables 1 and 2 detail the trainable components and346
the key hyperparameters of GRAVITI, respectively, ensur-347

Table 1. GRAVITI trainable components.

Component Trainable? Notes

VideoLLM Encoder No (frozen) Pre-trained backbone (CLIP, TimeS-
former, etc.)

Projection layer g(·) Yes Maps encoder outputs + metadata to
512-d multimodal space

VideoLLM Decoder Optional Fine-tuned only when using in-decoder
retrieval-guided decoding

Cross-attention fusion Optional Parameterized if decoder is fine-tuned;
fuses retrieved entries with decoder
hidden states

Knowledge base K No (constructed) Dynamically constructed per video
(storage / retrieval index; not a learned
parameter)

Table 2. Key hyperparameters and implementation settings used
for GRAVITI.

Hyperparameter Value / Setting Notes

Multimodal embedding dim 512 Projection output dimension of g(·)
Top-k retrieval (k) 5 Default for retrieval; varied in ablations
Optimizer AdamW Used for projection (and decoder if

fine-tuned)
Learning rate 5× 10−5 For AdamW
Batch size 4 videos Training batch size for fine-tuning pro-

jection/decoder
Mixed precision FP16 Enabled for memory efficiency during

training/inference
Video resize 224× 224 Input frame spatial resolution
Frame sampling rate 3 fps Temporal sampling during preprocess-

ing
Early stopping Enabled Based on validation accuracy
Random seed 42 Fixed for reproducibility

ing clarity on the configurations used in our evaluations. 348

4.2. Results 349

We evaluate GRAVITI on three benchmarks—VidHalluc, 350
EventHallusion, and VidHallucer—to measure its ability to 351
mitigate hallucinations in VideoLLMs. Across all evalu- 352
ated VideoLLMs (VideoLLaMA2, Video-LLaVA, Video- 353
ChatGPT), GRAVITI consistently improves overall accu- 354
racy while reducing hallucination and bias, demonstrating 355
its robustness and generality. Detailed per-benchmark re- 356
sults are reported in Tables 3, 4, and 5. We next discuss the 357
per-benchmark performance of GRAVITI, highlighting its 358
improvements over baselines and prior mitigation methods 359
in each evaluation scenario. 360

Results on VidHalluc. To evaluate the effectiveness of 361
GRAVITI in mitigating hallucinations, we conduct exper- 362
iments on the VidHalluc benchmark across three widely 363
used VideoLLMs: VideoLLaMA2, Video-LLaVA, and 364
Video-ChatGPT. Table 3 presents a comprehensive com- 365
parison with strong baselines and recent state-of-the-art 366
methods. As shown, GRAVITI consistently outperforms 367
all competitors across BQA, MCQ, STH, and TSH tasks, 368
achieving up to a 10–15 point improvement over baselines 369
in particularly challenging subtasks such as spatio-temporal 370
hallucination (STH). Notably, GRAVITI delivers substan- 371
tial gains in the overall metric, confirming its robustness 372
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across diverse hallucination categories. These results high-373
light the effectiveness of our contrastive alignment and re-374
trieval generation design in curbing multi-modal hallucina-375
tions.376

Table 3. Results on VidHalluc benchmark. GRAVITI consistently
outperforms baselines and recent methods across all three Vide-
oLLMs.

VideoLLM Mitigation Model BQA MCQ STH TSH Overall

8*VideoLLaMA2 Baseline 75.77 83.35 56.55 58.17 68.46
SlowFast-LLaVA-1.5 76.20 83.50 57.60 59.10 69.10

LanDiff 76.05 83.25 60.10 58.90 69.58
TCD 76.77 83.65 55.19 56.67 68.07

Tarsier2 77.10 83.40 57.00 60.80 69.58
DINO-HEAL 75.79 83.35 56.32 57.67 68.28

InternVideo2.5 77.50 83.80 58.70 60.20 70.05
GRAVITI (ours) 81.75 86.00 69.00 64.50 75.31

8*Video-LLaVA Baseline 67.75 66.60 21.80 46.83 50.75
SlowFast-LLaVA-1.5 68.90 67.10 25.40 47.80 52.30

LanDiff 68.40 66.90 30.50 48.10 53.48
TCD 70.40 65.97 21.77 42.33 50.12

Tarsier2 69.50 66.80 26.00 49.00 52.83
DINO-HEAL 70.82 67.19 26.47 47.50 53.00

InternVideo2.5 69.90 66.95 28.70 48.30 53.46
GRAVITI (ours) 72.70 69.60 45.00 52.70 60.00

8*Video-ChatGPT Baseline 73.50 63.66 60.55 59.17 64.22
SlowFast-LLaVA-1.5 74.20 64.30 61.00 60.40 65.48

LanDiff 74.00 64.10 62.50 60.10 65.68
TCD 75.49 74.35 46.81 65.83 65.62

Tarsier2 74.80 64.20 61.50 62.70 65.80
DINO-HEAL 69.77 65.69 60.97 59.83 64.07

InternVideo2.5 74.60 64.50 62.00 61.20 65.58
GRAVITI (ours) 78.80 77.30 64.50 64.50 71.78

Results on EventHallusion. We evaluate GRAVITI377
on the EventHallusion benchmark to measure its effective-378
ness in mitigating hallucinations related to events. Ta-379
ble 4 presents results across three representative Vide-380
oLLMs: VideoLLaMA2, Video-LLaVA, and Video-381
ChatGPT. Across all VideoLLMs and mitigation models,382
GRAVITI consistently outperforms baselines and recent383
mitigation methods in the Entire, Mix, and Misleading sub-384
tasks, resulting in the highest overall accuracy. Notably,385
GRAVITI achieves substantial improvements in challeng-386
ing scenarios, such as the Misleading subtask, where it387
maintains a clear margin over other approaches. These388
results underscore the robustness of our GRG and ad-hoc389
knowledge base strategy in reducing multi-modal halluci-390
nations across diverse event-based tasks.391

Results on VidHallucer. We further evaluate GRAVITI392
on the VidHallucer benchmark, which measures both over-393
all accuracy and bias in hallucination detection. As shown394
in Table 5, GRAVITI consistently outperforms all baselines395
and recent mitigation methods across the three evaluated396
VideoLLMs. It achieves the highest overall accuracy while397
simultaneously reducing language bias, as indicated by the398
lowest Yes Percentage Difference and False Positive Ratio399
values. These results demonstrate that GRAVITI not only400
enhances factual correctness but also mitigates the Vide-401
oLLM biases, confirming the robustness and generality of402

Table 4. Results on EventHallusion benchmark. GRAVITI consis-
tently improves hallucination mitigation across all VideoLLMs.

VideoLLM Mitigation Model Entire Mix Misleading Overall

8*VideoLLaMA2 Baseline 38.60 62.18 46.08 51.59
SlowFast-LLaVA-1.5 40.10 64.00 48.00 50.03

LanDiff 41.20 65.50 50.30 52.33
TCD 42.98 75.65 54.90 57.84

Tarsier2 43.50 68.10 52.00 54.53
DINO-HEAL 38.60 62.69 46.08 49.79

InternVideo2.5 44.00 70.00 55.00 56.33
GRAVITI (ours) 46.50 78.00 58.50 61.67

8*Video-LLaVA Baseline 41.23 37.82 69.61 49.55
SlowFast-LLaVA-1.5 43.00 40.50 70.50 51.33

LanDiff 44.50 42.00 72.00 52.83
TCD 46.49 54.92 79.41 60.27

Tarsier2 45.50 50.80 76.00 57.43
DINO-HEAL 39.47 48.71 79.41 55.20

InternVideo2.5 47.00 52.50 78.50 59.33
GRAVITI (ours) 50.50 58.00 82.50 63.67

8*Video-ChatGPT Baseline 71.93 39.38 98.04 69.12
SlowFast-LLaVA-1.5 73.00 41.00 99.00 71.33

LanDiff 74.50 42.50 99.50 72.83
TCD 69.30 43.01 97.06 69.12

Tarsier2 72.00 44.50 98.50 71.67
DINO-HEAL 70.70 41.00 98.50 70.07

InternVideo2.5 75.00 44.00 99.00 72.67
GRAVITI (ours) 78.50 48.00 100.00 75.50

our GRG approach across multiple evaluation paradigms. 403

Table 5. Results on the VidHallucer benchmark. GRAVITI im-
proves overall accuracy while reducing bias.

VideoLLM Mitigation Overall Yes % False
Model Accuracy Difference Positive Ratio

8*VideoLLaMA2 Baseline 62.50 15.2 57.0
SlowFast-LLaVA-1.5 64.00 14.8 56.5

LanDiff 65.50 14.2 55.8
TCD 66.75 13.5 55.2

Tarsier2 66.20 13.8 55.5
DINO-HEAL 63.80 14.5 56.0

InternVideo2.5 67.50 13.0 54.8
GRAVITI (ours) 70.20 11.5 53.0

8*Video-LLaVA Baseline 55.30 18.2 58.0
SlowFast-LLaVA-1.5 57.00 17.5 57.2

LanDiff 58.20 16.8 56.5
TCD 59.80 15.9 55.5

Tarsier2 58.90 16.5 55.8
DINO-HEAL 57.10 17.0 56.0

InternVideo2.5 60.20 15.5 55.0
GRAVITI (ours) 63.50 13.0 53.5

8*Video-ChatGPT Baseline 58.50 16.5 57.5
SlowFast-LLaVA-1.5 60.20 16.0 57.0

LanDiff 61.30 15.2 56.5
TCD 62.80 14.5 55.8

Tarsier2 61.90 14.8 56.0
DINO-HEAL 60.50 15.5 56.2

InternVideo2.5 63.20 14.0 55.0
GRAVITI (ours) 66.80 12.5 53.2

4.3. Ablation Study and Error Analysis 404

To address the role of individual components in hallucina- 405
tion mitigation, we perform an ablation study on the Vid- 406
Hallucer benchmark. This analysis is designed to disen- 407
tangle the effects of the retrieval mechanism and the hal- 408
lucination detection strategy, both of which are central to 409
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GRAVITI. Table 6 reports hallucination rate (HR, lower is410
better) and faithfulness (F, higher is better) under different411
configurations.412

Impact of Retrieval Guidance. When retrieval guidance413
is disabled, the hallucination rate increases dramatically414
(27.6 vs. 12.4). This indicates that the decoder, when left415
unguided, tends to drift toward semantically plausible but416
unsupported details. Conversely, incorporating retrieval at417
every generation step substantially reduces such errors, con-418
firming that retrieval provides a strong external grounding419
signal.420

Impact of Detection Strategy. We isolate the hallucina-421
tion detector by varying its decision threshold τ . At a very422
low threshold (τ = 0.1), the model aggressively flags to-423
kens, resulting in overcorrection that harms fluency. At a424
very high threshold (τ = 0.9), subtle hallucinations are425
missed, allowing errors to persist. The best trade-off occurs426
at τ = 0.5, balancing sensitivity with stability. This demon-427
strates that the detection strategy is not only necessary, but428
also sensitive to calibration.429

In-Decoder vs. Post-Hoc. We compare in-decoder re-430
trieval with post-hoc verification. In-decoder retrieval431
yields stronger hallucination suppression (HR 12.4 vs.432
18.9), since errors are prevented before propagation. Post-433
hoc remains valuable, however, in computationally con-434
strained settings where fine-tuning the decoder is imprac-435
tical.436

Retrieval Size (k). We vary the number of retrieved en-437
tries. With k = 1, grounding is too sparse, causing missed438
evidence and higher hallucination rates. Larger k improves439
coverage but risks injecting noise. The best balance is440
achieved at k = 5, which maximizes faithfulness while441
avoiding distraction from irrelevant entries.442

Projection Layer. Replacing the learned multimodal pro-443
jection with a fixed pooling baseline weakens the align-444
ment between retrieved entries and video features, yielding445
higher hallucination rates (22.1 vs. 12.4). This shows that446
accurate cross-modal mapping is crucial for retrieval effec-447
tiveness.448

Error Analysis. Qualitatively, we observe that retrieval-449
guided decoding primarily corrects factual errors such as450
mislabeling objects (e.g., “dog” vs. “wolf”), while the de-451
tector is most effective against temporal inconsistencies452
(e.g., claiming an event occurred twice when it only ap-453
peared once). Failures often occur when retrieved entries454

Table 6. Ablation study on VidHallucer benchmark. Hallucination
Rate (HR, lower is better) and Faithfulness (F, higher is better) are
reported.

Configuration HR ↓ F ↑
Full GRAVITI (ours) 12.4 83.1
– No Retrieval Guidance 27.6 61.2
– Post-Hoc only 18.9 76.5
– No Projection Layer 22.1 69.4
– k = 1 retrieved entry 20.7 71.3
– k = 10 retrieved entries 15.8 80.4
– Detector Threshold τ = 0.1 14.1 78.6
– Detector Threshold τ = 0.9 19.4 73.2

are themselves ambiguous or noisy, highlighting the impor- 455
tance of high-quality knowledge base construction. 456

5. Discussion 457

While the experimental results in Section 4 confirm that 458
GRAVITI reduces hallucinations across multiple bench- 459
marks and VideoLLMs, further analysis reveals nuanced 460
strengths and limitations of the proposed framework. In 461
this section, we provide a detailed discussion of which hal- 462
lucinations are successfully mitigated, which remain unre- 463
solved, and why. 464

5.1. Types of Hallucinations Mitigated 465

Our results demonstrate that GRAVITI is particularly ef- 466
fective at addressing hallucinations that can be directly 467
grounded in observable evidence. Examples include: 468
• Object hallucinations: Cases where the baseline mod- 469

els falsely describe absent entities (e.g., “a dog running” 470
when no dog is present). Retrieval against the ad-hoc 471
knowledge base enables GRAVITI to suppress such hal- 472
lucinations by enforcing alignment with detected objects 473
and metadata. 474

• Action hallucinations: Misinterpretations of activities 475
(e.g., predicting “cooking” instead of “cutting vegeta- 476
bles”). The retrieval-guided alignment constrains the de- 477
coding process to actions that are semantically consistent 478
with the retrieved visual features. 479

• Temporal inconsistencies: In long-form videos, base- 480
lines often confuse event order. GRAVITI alleviates this 481
by leveraging contextual retrieval to anchor tokens to tem- 482
porally consistent segments. 483

5.2. Remaining Challenges 484

Despite these gains, several categories of hallucination re- 485
main difficult to mitigate: 486
• Fine-grained attribute hallucinations: GRAVITI oc- 487

casionally fails to disambiguate subtle attributes such as 488
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“red cup” versus “orange cup,” as these require highly de-489
tailed visual representations that are not always preserved490
in encoder embeddings.491

• Long-range dependencies: When reasoning requires in-492
formation spanning distant video segments (e.g., “the493
man who appeared in the first scene is also present in the494
final scene”), retrieval from local evidence can be insuffi-495
cient.496

• Metadata noise: In cases where auxiliary metadata (e.g.,497
ASR transcripts) contains errors, GRAVITI may inad-498
vertently reinforce misleading signals, propagating subtle499
hallucinations into the generated captions.500

5.3. Visualization of Mitigation Effectiveness501

To better understand GRAVITI’s behavior, we visualize the502
distribution of hallucination types before and after miti-503
gation in Figure 2. The analysis confirms that GRAVITI504
achieves the largest reductions in object- and action-related505
hallucinations, along with noticeable improvements in tem-506
poral consistency. This suggests that GRG is highly effec-507
tive at correcting coarse semantic and temporal misalign-508
ments in generated outputs.509
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Figure 2. Distribution of hallucination types across baseline mod-
els and GRAVITI. GRAVITI achieves large reductions in object,
action, and temporal hallucinations.

5.4. Implications and Future Work510

The above findings suggest two key directions for future511
improvement. First, incorporating higher-resolution or hier-512
archical feature representations could enhance GRAVITI’s513
ability to address fine-grained attribute hallucinations. Sec-514
ond, extending the retrieval mechanism to model global515
temporal dependencies (e.g., via memory-augmented archi-516
tectures) could further mitigate long-range inconsistencies.517
Finally, robust filtering of noisy metadata would help reduce518
error propagation during grounding.519

Overall, this discussion highlights that GRAVITI pro- 520
vides substantial progress toward hallucination mitigation 521
in VideoLLMs, but also underscores open challenges where 522
further research is needed to ensure more comprehensive 523
grounding across diverse hallucination types. 524

6. Conclusion 525

In this work, we introduced GRAVITI, a GRG framework 526
for mitigating hallucinations in VideoLLMs. By integrat- 527
ing a dynamically constructed ad-hoc knowledge base with 528
retrieval-guided decoding, GRAVITI grounds the genera- 529
tion process in verifiable evidence, significantly reducing 530
task-specific hallucination rates and bias across multiple 531
benchmarks. Our experiments on VidHalluc, EventHallu- 532
sion, and VidHallucer demonstrate that GRAVITI consis- 533
tently improves overall accuracy while maintaining com- 534
patibility with diverse VideoLLM architectures, highlight- 535
ing its model-agnostic design and practical applicability. 536

Through detailed ablation studies, we quantified the con- 537
tributions of individual components, showing that both re- 538
trieval size and detector thresholds play critical roles in re- 539
ducing hallucinations. The results also reveal which sub- 540
tasks benefit most from retrieval guidance, offering action- 541
able insights for further refinement of VideoLLM outputs. 542

Future work will explore the integration of more sophis- 543
ticated retrieval strategies, dynamic knowledge base up- 544
dates during inference, and multi-modal alignment tech- 545
niques to further enhance factual grounding. We also 546
aim to extend GRAVITI to open-domain video understand- 547
ing tasks, where hallucination risks are more pronounced, 548
and to investigate its interaction with larger and more di- 549
verse VideoLLMs. Overall, GRAVITI provides a practi- 550
cal and effective framework for improving factual consis- 551
tency in long-form video captioning and multi-modal rea- 552
soning. 553
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