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Abstract
We present VDAct 2.0, an enhanced benchmark for video-grounded dialogue that builds upon the original VDAct
by expanding dialogue coverage and introducing a scalable LLM-assisted filtering pipeline to ensure high-quality,
grounded QA pairs. VDAct 2.0 comprises 6,356 human-annotated dialogues with a total of 63,958 turns, grounded in
2,975 household activity videos, with undesirable dialogue turns systematically identified and removed. To achieve this,
we design a trigger-based quality framework and calibrate a panel of high-agreement LLMs through human-in-the-loop
calibration, allowing scalable QA-turn-level filtering. We benchmark a wide range of pretrained and fine-tuned
models, both open-source and proprietary, across standard text generation metrics and LLM-based evaluations.
The results highlight both recent advances and remaining challenges in video-grounded dialogue modeling, po-
sitioning VDAct 2.0 as a high-fidelity testbed for evaluating and advancing multimodal reasoning in interactive settings.
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1. Introduction

The task of video-grounded dialogue, which re-
quires an agent to generate responses based on
video content, has emerged as an important di-
rection in multimodal artificial intelligence (Alamri
et al., 2019; Pasunuru and Bansal, 2018; Wang
et al., 2023b). This task moves beyond static image
understanding to engage with dynamic, temporal
events, demanding advanced system capabilities
in multimodal comprehension, temporal reasoning,
and contextual interpretation (Imrattanatrai et al.,
2025). Successfully addressing this challenge is
crucial for developing systems that can understand
and discuss complex activities, thereby expanding
their capacity for nuanced and accurate interaction
in real-world scenarios. Therefore, the creation of
new datasets for video-grounded dialogue provides
a valuable foundation for developing and evaluating
more advanced models.

However, developing robust models for this
task presents a fundamental challenge that re-
flects a broader evolution in AI research. As
the field shifts from a model-centric to a data-
centric paradigm (Mazumder et al., 2023; Zha et al.,
2025), where data quality is increasingly recog-
nized as the primary bottleneck to performance,
video-grounded dialogue resources face two inter-
related limitations. First is the issue of scale. In
contrast to their image-based counterparts, which
comprise millions of dialogue turns (Das et al.,
2017; Feng et al., 2023), video-grounded dialogue
datasets remain limited (Alamri et al., 2019; Wang
et al., 2023b), especially those involving long-range

videos. Such settings are vital for realistic multi-
modal understanding, yet their data scarcity (Im-
rattanatrai et al., 2025) highlights the need for fur-
ther scaling of long-range, event-driven dialogue
resources. A more fundamental challenge lies in
ensuring data quality. While human-generated dia-
logue data is crucial for capturing natural language
variability, scaling its volume can introduce non-
grounded, speculative, or stylistically inconsistent
content. Such noise can hinder effective model
learning (Cai et al., 2020; Gupta et al., 2022), as
well as increase uncertainty and ambiguity in model
generation. Analyses of existing dialogue datasets,
such as VDAct (Imrattanatrai et al., 2025), reveal
that a non-trivial portion of QA pairs contain pat-
terns such as speculative phrasing (e.g., “I think he
might...”), inferences about mental states (e.g., “he
seems happy”), or other non-factual expressions.
While natural in conversation, such expressions
can introduce noise during model training.

To address these challenges, we propose a scal-
able framework for constructing high-quality video-
grounded dialogue datasets. Rather than man-
ual cleaning, we introduce an automated filtering
process that leverages high-agreement Large Lan-
guage Models (LLMs). This design mitigates bi-
ases inherent in any single model and ensures judg-
ment reliability through a human-in-the-loop calibra-
tion. The framework systematically removes spec-
ulative or ungrounded utterances while preserv-
ing factually-grounded dialogue, thereby achieving
data scaling and quality enhancement simultane-
ously. Its design is broadly applicable to other mul-
timodal dialogue datasets with minimal adaptation.
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Building on the existing dataset, VDAct, we in-
corporated additional human annotations and then
applied our automated filtering pipeline across the
full data collection. The result is VDAct 2.0 1: a new
resource that is both larger than the original dataset
and of verifiably higher quality. This new dataset
enables more reliable training and more accurate
evaluation of Vision Language Models (VLMs).

This paper offers the following contributions: (1)
we introduce a framework for enhancing dialogue
dataset quality by filtering undesirable dialogue pat-
terns using a calibrated panel of high-agreement
LLMs, (2) we release VDAct 2.0, a larger-scale,
higher-quality resource, by first expanding dia-
logues, then applying an LLM-based filtering, and
(3) we provide initial benchmarks of state-of-the-art
VLMs on VDAct 2.0 and compare them with the
model performance on the existing VDAct.

2. Related Works

Video Dialogue Datasets Early multimodal di-
alogue research began with image-grounded set-
tings, exemplified by the Visual Dialog dataset (Das
et al., 2017). Recent large-scale efforts such as
MMDialog (Feng et al., 2023) and DialogCC (Lee
et al., 2024) further advanced this line by synthesiz-
ing massive image-dialogue pairs using LLM-driven
generation pipelines. In contrast, video-grounded
dialogue research started with datasets such as
AVSD (Alamri et al., 2019), Twitch-FIFA (Pasunuru
and Bansal, 2018), and VSTAR (Wang et al.,
2023b), where multi-turn dialogues were grounded
in short or domain-specific videos. VDAct (Im-
rattanatrai et al., 2025), building on the Virtual-
Home2KG videos (Egami et al., 2023), extended
this direction to long-horizon, event-driven house-
hold scenarios and introduced structured knowl-
edge graphs (KGs) for temporal reasoning. How-
ever, despite its richer temporal structure, the
dataset remains relatively small and relies on lim-
ited manual quality control. This highlights the need
for scalable, reproducible LLM-based frameworks
for dialogue quality refinement.

Quality Control in Language Resource Con-
struction Ensuring data reliability has long been
a central concern in NLP resource construction.
Previous studies have shown that human annota-
tors often introduce unintended biases or spurious
patterns, allowing models to exploit superficial cues
rather than learning the intended task (Gururangan
et al., 2018; Belinkov et al., 2019; Zhang et al.,
2019). As annotation efforts expand in scale, main-
taining consistent data quality becomes increas-
ingly challenging, particularly in crowdsourced set-

1https://github.com/aistairc/VDAct2.0

tings. In the context of multimodal dialogues, these
issues often appear as speculative reasoning, emo-
tional attribution, or stylistic drift that detach con-
versations from their visual grounding. Our work
seeks to mitigate such non-grounded conversa-
tional tendencies and enhance the factual align-
ment between dialogue and visual context.

The Role of LLMs in Data Curation LLMs have
recently become integral to the data lifecycle, fa-
cilitating not only data generation but also evalu-
ation (Jia et al., 2024), annotation (Gilardi et al.,
2023; Wang et al., 2023a), and refinement (Zheng
et al., 2023). In particular, LLM-based filtering has
shown promise in enhancing dataset reliability by
automatically identifying low-quality or noisy exam-
ples across diverse tasks. While prior work has
used single LLMs for data cleansing (Choi et al.,
2024) or complex pipelines for scaled filtering (Hen-
riksson et al., 2025), these methods are vulnerable
to idiosyncratic model biases or error propagation.
Others have used LLM-driven active learning to al-
low for human correction (Rouzegar and Makrehchi,
2024). In contrast, our framework is distinguished
as a calibrated multi-agent panel. By employing
multiple LLMs in parallel and relying on the majority
vote, we enhance judgment reliability. A human-
in-the-loop calibration phase ensures that our LLM
judges are aligned with human intent, making the
framework particularly effective for filtering subtle,
non-grounded utterances in multimodal datasets.

3. VDAct 2.0

3.1. Revisiting VDAct
VDAct established a long-horizon, event-centric
video-grounded dialogue benchmark based on
1,000 scenario videos of everyday home activities
such as meal preparation, house arrangement, and
leisure. Each video is paired with an event-centric
KG and three dialogues that were generated by
three different human annotator pairs. This yields a
total of 3,000 dialogues and approximately 30,000
QA pairs across diverse question types (e.g., de-
scriptive, temporal, explanatory, and quantitative).
The benchmark emphasizes temporal reasoning
and multi-turn context over single-turn QA.

While the dialogues were human-generated, hu-
man processes can be fallible, especially under
high-throughput settings. Since each annotator
needed to handle a large number of dialogue gen-
erations, this can induce fatigue and habituation,
which in turn lead to avoidable mistakes such
as speculative statements, “off-video” guessing,
shifts in tone (e.g., impoliteness or slang), and
overly imaginative phrasing that departs from the
grounded scene. These issues accumulate subtly

https://github.com/aistairc/VDAct2.0
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Dataset #Videos #Dialogues #QA Pairs Video Source Avg. Video
Length

Avg. Q
Length

Avg. A
Length KG

VisDial 120k (images) 120k 1.2M - - 5.1 8.2 ✗
Twitch-FIFA 49 15,083 15,083 Soccer match 30 secs 68 6.3 ✗

AVSD 11,816 11,816 118,160 Crowdsourced 30 secs 7.9 9.4 ✗
VDAct 1,000 3,000 30,095 VirtualHome 248 secs 7.8 10.2 ✓

VDAct 2.0 2,975 6,356 63,958 VirtualHome 245 secs 8.4 11.3 ✓
– VDAct* 996 2,248 22,567 VirtualHome 247 secs 7.9 8.7 ✓

Table 1: Comparison between VDAct 2.0, VDAct, and the existing related datasets. VDAct* refers to the
subset of original VDAct data that passed the filtering process and is retained in VDAct 2.0.

Could you describe to me the man's first action and where he was?Q:
He was tidying dirty glasses in the kitchen.A:
Did the man do this activity for a long time?Q:
The whole activity took about a minute.A:
After the man washed the wine glasses, did he do anything else in the 
kitchen before moving on to his next activity?

Q:

I didn't see him wash the glasses, just put them in the sink. After that, 
he went to the living room to read a book.

A:

Where did the man read the book in the living room?Q:
He read it on the sofa.A:
Where did the man get the book from?Q:
From a bookcase in the living roomA:
What did the man do after reading the book?Q:
He turned on the TV and went to the kitchen to get a drink.A:
What did the man get to drink from the kitchen?Q:
A bottle of wine.A:
Where did the man drink the wine?Q:
He drank the wine straight from the bottle while sitting on the sofa.A:
After drinking the wine, what did the man do?Q:
He cleaned the TV after drinking.A:
How did the man clean the television?Q:
By wiping it with a towel he got out of the bathroom.A:

Where was the man?Q:
The man began in the kitchen by getting a sponge from the counter 
and cleaning around the sink.

A:

Did he turn on the water while cleaning?Q:
Yes, after the man wiped the area around the sink he turned the water 
on for a bit and then wiped around the sink again.

A:

What did he clean next?Q:
The man picked up two wine glasses from the table and appears to 
place them into the sink.

A:

What happened after that?Q:
Then the man took two dishes from the counter and placed them in the 
sink as well after wiping the table with a sponge.

A:

How long did it take the man to do that?Q:
It was very brief as the dishes were located next to the sink and he did 
not wash them after placing them into the sink.

A:

Did the man continue cleaning in the kitchen or leave to another room?Q:
The man then walked into the living room.A:
What did he do there?Q:
He watched television.A:
Where did he watch television from?Q:
The man watched the television from the sofa.A:
Where did he go after watching TV?Q:
The man walked to the television to turn it off.A:
What was the man's final activity?Q:
After cleaning the kitchen, watching the television was the man's final 
activity.

A:

Dialogue ID: 0203807

Dialogue ID: 0203806

Figure 1: Dialogues for a scenario video (02038).

and can erode overall dialogue quality even when
the majority of turns look reasonable in isolation. A
straightforward mitigation would be to hire more an-
notators so that each pair handles fewer dialogues.
However, simply hiring additional annotators is not
tractable at scale due to cost and coordination over-

head. Consequently, VDAct 2.0 expands dialogue
coverage while complementing the human annota-
tion process with an LLM-assisted quality control
that flags undesirable dialogue content.

3.2. VDAct 2.0: Expanded and Refined

We introduce VDAct 2.0, an enhanced release com-
prising 6,356 dialogues that are verifiably grounded
and well-formed across 2,975 scenario videos.
VDAct 2.0 consists of the original VDAct portion
(2,248 dialogues over 996 scenario videos) plus
4,108 newly collected dialogues based on 1,979
new videos, preserving compatibility with the origi-
nal task setup while expanding coverage. Table 1
summarizes the key statistics of VDAct 2.0 and
compares them with those of the original VDAct
and the other related datasets. The example dia-
logues in VDAct 2.0 are shown in Figure 1.

To obtain new dialogues, we followed the origi-
nal VDAct dialogue-creation protocol. Six human
annotator pairs produced 6,000 dialogues from
2,000 additional scenario videos depicting distinct
household activity sequences. Each dialogue is
assigned its ID by concatenating its associated sce-
nario video ID and annotator pair ID, following the
original VDAct convention. After collection, we ap-
plied an LLM-assisted filtering pipeline as quality
control to both the newly generated dialogues and
the original VDAct dialogues. The goal is to retain
dialogues that are visibly grounded in the video and
well-formed by systematically flagging QA turns
that exhibit undesirable content. In contrast to
labor-intensive manual annotation, we used an au-
tomated framework that combines multiple LLMs
with predefined triggers to pre-screen QA pairs at
scale before identifying low-quality dialogues.

To ensure the reliability of the filtering process,
we incorporated a human-in-the-loop calibration,
where human annotators labeled a small set of
QA pairs for triggers to validate multiple candidate
LLMs. Those with the highest agreement with
human judgments were selected to perform full-
dataset filtering. This model selection ensures that
only the best-performing, high-agreement LLMs
were deployed for the pipeline.
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Trigger Exceptions Trigger Example Exception Example
Speculation: Hedges or
guesses about facts not
directly observed (e.g., “I
think”, “maybe”, and “proba-
bly”)

(1) Numeric approximations (e.g., “about
[sec/min]” or “a few [sec/min]”), (2) Visual
ambiguity to describe what’s seen (e.g., “looks
like/seems/appears”, “some kind of”) without
causal/mental inference

Q: “Was he making
dinner?” / A: “Maybe
he wanted to eat
later.”

Q: “How long did it
take?” / A: “About
minute.” or A: “It
looks like he places
the cup on the table.”

Mind-reading: Attributing
unobservable desires or feel-
ings (e.g., “he wants..” or
“he’s happy/sad”)

(1) Neutral intention tied to visible activity
(e.g., “preparing to” or “decided to do some re-
search”) when not hedged, (2) Instrumental ne-
cessity such as “he needs a towel“, (3) Mental
states “relaxing”, “memory”, and “sense of control”
are allowed since they represent as activities.

Q: “Is he happy
about the result?”
/ A: “Yes, he is
happy.”

Q: “What did he do
after putting away
towels?” / A: “He is
preparing to brush
his teeth.”.

Impolite/Slang: Slurs, pro-
fanity, insults, derogatory
address, dismissive slang
(e.g., “dude” when used
rudely, name-calling)

(1) Everyday phrasal verbs/mild colloquialisms
(e.g., “just sits it down”), (2) Emphatic interjections
(e.g., “Yes!”, “Oh my”, “Well, I see”), and (3) Minor
grammar/typos (e.g., “Where’s he go”)

Q: “Why is he such
a loser?” / A: “That
dude is an idiot.”

Q: “What did he do
next?” / A: “He grabs
the mug and sits it
down.” / A: “Oh well,
he closes the door.”

Imaginative Phrase: Fanci-
ful analogies, e.g., “like a su-
perhero”

(1) Literal brand/object names (e.g., “TruMoo”,
“Caracao”), (2) Straightforward comparisons of
observable properties without fantasy implication

A: “He teleports to
the kitchen like a su-
perhero.”

A: “He picks up a
TruMoo milk carton
from the fridge.”

Table 2: The four triggers as undesirable content for the dataset.

3.3. LLM-assisted Dialogue Filtering
VDAct 2.0 verified human-generated dialogues with
an automated quality-control layer. The pipeline op-
erates at the QA-turn level to identify predefined
target triggers (i.e., speculation, mind-reading, im-
politeness/slang, and imaginative phrasing) and ag-
gregates decisions to the dialogue level. To achieve
this, we designed the pipeline with (1) Human-in-
the-loop Calibration for LLM Selection to calibrate
high-agreement LLMs to perform the quality control,
(2) Full-Dataset Labeling and Resolution of Ambigu-
ous Cases to derive target triggers and short ratio-
nales for all QA turns, and (3) Dialogue Filtering to
accumulate turn-level signals to retain well-formed,
video-grounded dialogues.

Target Triggers for Heuristic Screening This
section defines the four target triggers that mark
a QA turn as undesirable. Table 2 provides their
definitions, examples, and exceptions. These trig-
gers were selected based on issues observed in
the original VDAct dataset that compromise ground-
ing, clarity, or neutrality. Together, they serve as
practical criteria for identifying QA pairs that deviate
from visually grounded and stylistically appropriate
dialogue. A QA turn is labeled as no (undesirable)
if either the question or the answer contains any
trigger; otherwise, it is labeled yes.

The first trigger, speculation, targets phrases
that express uncertainty, guesses, or hypothetical
reasoning over what is visually grounded in the
video. Such phrases introduce assumptions about
unseen events that cannot be verified through vi-
sual evidence. However, exceptions are allowed for
numeric or temporal approximations and mild visual
hedging because these convey genuine percep-
tual uncertainty rather than complete speculation.

These exceptions maintain natural language flexibil-
ity while preserving grounding. The second trigger,
mind-reading, prohibits attributing hidden desires,
emotions, or intentions of the agents appearing in
the videos. This type of inference cannot be visually
confirmed and often reflects personal interpreta-
tion rather than observation. Exceptions are made
for explicit, action-oriented intentions tied to visi-
ble preparation or necessity since these describe
observable sequences rather than psychological
states. The only mental-state verbs permitted are
“relaxing”, “memory”, and “sense of control”, which
are described directly as activities rather than in-
ferred emotions. The third trigger, impolite/slang,
captures profanity, insults, and other socially inap-
propriate or non-neutral language. This category
was introduced because some dialogues, espe-
cially under rapid annotation, showed tone drift,
including informal speech or rudeness inconsistent
with instructions. However, ordinary phrasal verbs,
mild colloquial markers, and minor grammatical
errors are excluded from this rule. These excep-
tions ensure that conversational fluency is not pe-
nalized when it does not affect politeness or clarity.
The fourth trigger, imaginative phrase, addresses
figurative or fantastical expressions that inject un-
observable causes or fictional analogies. Such
creativity, while linguistically vivid, undermines the
dataset’s grounding principle by introducing non-
literal elements. However, literal object labels are
exempt because they refer to items within the visual
context rather than imagination.

Human-in-the-loop Calibration for LLM Selec-
tion To ensure the reliability of our automated
filtering pipeline, we performed a human-in-the-
loop calibration step to identify the best-performing,
high-agreement LLMs for full-dataset labeling. This
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Annotator Annotator D T D+T
Human A Human B 0.68 0.60 0.57

Human
Panel

Qwen3-235B-A22B 0.64 0.55 0.53
Qwen3-32B 0.64 0.54 0.52
GPT-5-nano 0.66 0.52 0.50
Mistral-Large 0.59 0.50 0.49

GPT-5 0.63 0.50 0.48
GPT-4.1 0.62 0.48 0.47

Deepseek-R1-Distill 0.63 0.47 0.47
GPT-5-mini 0.60 0.45 0.44

GPT-4o 0.54 0.43 0.43
Llama-3.3-70B 0.51 0.38 0.39

Table 3: Cohen’s Kappa between individual models
and the human panel on 454 QA pairs, ranked by
the agreement of the combination of decisions and
triggers (D+T) in descending order.

Q-235B Q-32B GPT-5n M-L GPT-5 D T D+T
✓ ✓ ✓ 0.75 0.63 0.62
✓ ✓ ✓ 0.69 0.59 0.58
✓ ✓ ✓ 0.71 0.61 0.58
✓ ✓ ✓ ✓ ✓ 0.69 0.60 0.57
✓ ✓ ✓ 0.72 0.58 0.57

✓ ✓ ✓ 0.66 0.60 0.56
✓ ✓ ✓ 0.67 0.60 0.55

✓ ✓ ✓ 0.67 0.58 0.55
✓ ✓ ✓ 0.65 0.58 0.54

✓ ✓ ✓ 0.68 0.55 0.53
✓ ✓ ✓ ✓ 0.60 0.65 0.52

✓ ✓ ✓ 0.65 0.54 0.51

Table 4: Cohen’s Kappa using 454 QA pairs be-
tween a human panel and different combinations
of 3 models based on the top 5 highest-correlating
LLMs, ranked by the agreement of the combina-
tion of decisions and triggers (D+T) in descending
order. Q-235B, Q-32B, GPT-5n, M-L, and GPT-5
denote Qwen3-235B-A22B, Qwen3-32B, GPT-5-
nano, Mistral-Large and GPT-5, respectively.

process begins with two trained human annotators
independently labeling a set of 454 QA turns, ran-
domly sampled from the newly generated dialogues.
Annotators followed detailed task guidelines with
definitions and examples of all four triggers, us-
ing a custom-built user interface. Each QA pair
was presented alongside the labeling instructions,
and annotators were asked to decide whether the
pair was desirable or not. For undesirable pairs,
they were required to specify the type(s) of trigger
present. If a QA pair was particularly ambiguous or
difficult to judge, annotators were allowed to mark
it as “NA”. For any QA turn where the two anno-
tators disagreed, we introduced a single human
adjudicator to review the pair and make a final de-
cision. This adjudicator was selected based on
their familiarity and understanding of the task. This
adjudication step helps maintain labeling accuracy
while reducing the overall annotation workload.

In parallel, multiple candidate LLMs were in-
structed to annotate the same 454 QA pairs us-

Category / Vote Pattern Count %
Consensus (3 vs 0 votes) - 83.14%

All models voted ’yes’ 59,221 65.96%
All models voted ’no’ 15,668 17.45%

Majority (2 vs 1 votes) - 16.54%
Qwen3-235B, Qwen3-32B voted ’yes’ 2,500 2.78%
Qwen3-235B, Qwen3-32B voted ’no’ 3,723 4.15%

Qwen3-235B, GPT-5-nano voted ’yes’ 4,304 4.79%
Qwen3-235B, GPT-5-nano voted ’no’ 854 0.95%
Qwen3-32B, GPT-5-nano voted ’yes’ 1,804 2.01%
Qwen3-32B, GPT-5-nano voted ’no’ 1,710 1.90%

No Majority (1 vs 1 vs 1 or with ’NA’) 288 0.32%

Table 5: Voting distribution across 90,072 QA pairs.

ing a prompt that mirrored the human task instruc-
tions. This prompt includes descriptions of each
trigger, output guidelines, and a few-shot exam-
ples. However, unlike human annotators, LLMs
were also asked to generate short rationales for
each decision and identify the question and/or an-
swer spans that contribute to the decision. We
evaluated diverse recent open-source and propri-
etary LLMs, with varying sizes and costs. The
open-source candidates include: DeepSeek-R1-
Distill-Qwen-32B (DeepSeek-AI, 2025), Llama-3.3-
70B (Grattafiori et al., 2024), Qwen3 models (Yang
et al., 2025) including Qwen3-32B and Qwen3-
235B-A22B, and Mistral-Large (Jiang et al., 2023).
Proprietary models from OpenAI include: GPT-5-
nano, GPT-5-mini, GPT-5, GPT-4.1, and GPT-4o.
For each LLM, we computed agreement with the
human labels using Cohen’s Kappa, as reported
in Table 3. Then, we selected the five highest-
agreement models and examined combinations
among them to identify an LLM panel that further
maximized the agreement via majority voting. To
balance computational cost and performance, we
chose the best-performing subset of three models,
as summarized in Table 4. The final LLM panel
used on the full dataset consists of Qwen3-235B-
A22B, Qwen3-32B, and GPT-5-nano.

Full-Dataset Labeling and Resolution of Am-
biguous Cases After selecting the final LLM
panel, we applied the same prompt used during
calibration to perform full-dataset labeling. Each
QA pair was independently annotated by all three
selected LLMs with decisions aggregated via major-
ity voting. The Fleiss’ multi-rater agreement (Fleiss,
1971) scores between the three LLMs indicate sub-
stantial agreement with 0.69 for decisions and 0.66
for triggers. When considering the combined la-
bels, the value drops slightly to 0.59, reflecting a
moderate agreement. Overall, these agreements
confirm the reliability of the LLM panel on the task.

Table 5 summarizes the voting distribution across
the dataset. Among all QA pairs, a strong major-
ity (83.14%) reached full consensus across three
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models. Within this set, 65.96% of QA pairs were
labeled as desirable, while 17.18% were labeled
as undesirable. An additional 17.45% of QA pairs
reached majority agreement, contributing another
9.58% of desirable and 7.96% of undesirable exam-
ples. The remaining 0.32% of QA pairs had no clear
majority, either due to conflicting decisions (1:1:1
split) or inclusion of ambiguous “NA” responses.
Focusing specifically on the undesirable QA pairs,
we observed that 1.27% of them lacked majority
agreement on the specific triggers, suggesting con-
fusion not only in the overall judgment but also in
the reason for rejecting the pair. Altogether, 1.59%
of QA pairs (1,434 pairs) were marked as unre-
solved and required additional review. To assess
these ambiguous cases, we randomly sampled 150
QA pairs from this unresolved set and asked hu-
man annotators to label them following the same
procedure as in the initial calibration phase. We
found that these QA pairs were often borderline or
heavily subjective, with annotator agreement only
slightly above the fair agreement threshold based
on combined decision and trigger labeling. Given
this level of ambiguity and the small proportion of
such cases, we chose to adopt a conservative pol-
icy, in which all remaining unresolved pairs were
discarded and labeled as undesirable.

Dialogue Filtering To filter the dialogues, we ap-
plied a threshold based on the proportion of desir-
able QA pairs within each dialogue. As expected,
lowering this threshold increases the number of di-
alogues retained but compromises overall quality,
while stricter thresholds improve dialogue reliability
at the cost of dataset size. Balancing these trade-
offs, we adopted a 70% desirability threshold, which
retains 6,356 dialogues (71%) of the total. This set-
ting achieves a reasonable balance between quality
and dataset size. In practical terms, given that each
dialogue contains an average of ten QA turns, this
threshold corresponds to at most three undesirable
QA pairs per dialogue. Dialogues falling below this
threshold are excluded from VDAct 2.0.

3.4. Dataset Analysis

Distribution of Questions and Answers by
3-gram Prefix Figure 2 presents the distribution
of the first three words in questions (top) and an-
swers (bottom) across VDAct 2.0. The question
distribution is dominated by WH-form openings,
particularly “What”, “Where”, and “How”, followed
by structured verb-subject combinations, forming
binary questions, like “Does he”, “Did the”, and
“Was he”. These patterns reflect a strong emphasis
on factual, event-grounded inquiries, ranging from
identity and object type (e.g., “What kind of”) to
spatial and procedural reasoning (e.g., “Where did

Figure 2: Distribution of questions (top) and an-
swers (bottom) in VDAct 2.0 based on their first
three words.

he go?”, “How many tasks”). The wide branch-
ing into verbs such as use, take, get, and put
suggests coverage of varied physical actions and
temporal events common in household scenarios.
Answer prefixes show an even stronger regular-
ity, with subject-initial structures, like “He went to”
and “He used the”, making up the majority of re-
sponses. These support direct answers to event-
based queries. Binary responses also feature
prominently as they align with the frequency of
closed-form questions.

Dialogue Quality by Annotator Pair Figure 3
shows the percentage of dialogues retained after
automated filtering for each annotator pair. The



2659

Figure 3: Proportion of dialogues retained in VDAct
2.0 for each annotator pair. Bar colors encode the
proportion of desirable dialogues that passed the
automated LLM-assisted filtering process in propor-
tion to the number of created dialogues by each pair.
The bar marked with an asterisk (*) corresponds to
the annotator pair from the original VDAct dataset.

height of each bar reflects the proportion of total di-
alogues in VDAct 2.0 contributed by that pair, while
the color indicates the percentage of their dialogues
that passed the LLM-based filtering process.

Overall, quality varied significantly across anno-
tator pairs. The highest retention rates were ob-
served for Pair 7 and Pair 4 for new dialogues, and
Pair 1 and Pair 2 for existing dialogues in VDAct,
all of whom maintained over 90% dialogue reten-
tion. These pairs contributed a large share of the
final dataset and demonstrated strong adherence
to quality standards. In contrast, Pair 3, Pair 8, and
Pair 9 had the lowest retention rates, with 30%-40%
of their dialogues passed the filtering. This high-
lights variation in annotation quality across pairs
and underscores the value of LLM-assisted filtering
for scalable, systematic quality auditing.

Undesirable QA Pairs Among the full set of
90,526 QA pairs in VDAct 2.0, we identified 20,888
pairs (23.1%) as containing at least one unde-
sirable trigger. Within this subset, the most fre-
quent triggers were mind-reading and specula-
tion, present in 59.25% and 52.96% of the unde-
sirable QA pairs, respectively. Notably, 17.72%
of all undesirable pairs were marked with both
mind-reading and speculation, indicating a frequent
co-occurrence of ungrounded psychological infer-
ences and uncertain guesses. In contrast, the more
stylistically driven triggers, like slang/impolite and
imaginative phrases, were relatively rare, occurring
in 3.56% and 4.93% of cases, respectively.

Closer examination of mind-reading examples
reveals recurring patterns such as questions like
“How’s the man feeling?”, “What are his intentions?”,
or “Does he enjoy...?”, often paired with answers
like “The man is feeling...”, “He seems to want...”,
or “He decides that...”. These reflect attempts to
infer mental states, emotions, or goals that cannot

be directly observed. Speculative QA pairs, on the
other hand, frequently include hedging language in
both questions (e.g., “Do you think he...?”, “Can you
tell what...?”) and answers (e.g., “I’m not sure...”, “I
think he...”, “I don’t think...”), which indicate uncer-
tainty over what the video represents.

For the less common triggers, slang/impolite ex-
amples include casual or humorous language like
“Poor fella”, “Party animal!”, or “What’s the dude
doing?” in questions, and “a little woopsie”, “The
silly man” in answers. Imaginative phrases often in-
voke fictional or exaggerated imagery, with question
examples such as “Oh. Magic!”, “Wow! Teleporta-
tion!”, and “poison of choice”, and answers like “the
ultimate chef”, “lazy Sunday vibe”, or “Fate brought
him”. While rare, these can introduce inconsistency
in tone and weaken the factual grounding required
for robust video-language reasoning.

4. Experiments

4.1. Experimental Settings

VDAct 2.0 Data Splits VDAct 2.0 is divided into
three quality tiers based on the proportion of desir-
able QA pairs per dialogue: (1) Diamond (i.e., di-
alogues with at least 90% desirable QA pairs), (2)
Gold (i.e., dialogues with at least 80% desirable
QA pairs), and (3) Standard (i.e., dialogues with
at least 70% desirable QA pairs). Each scenario
video in VDAct 2.0 contains between one to three
dialogues, all of which share the same activity sce-
nario context. A total of 1,053 scenarios contain ex-
clusively Diamond-quality dialogues, yielding 1,889
dialogues in this top-quality subset. The complete
dataset is divided into training, development, and
test sets, with priority given to allocating Diamond-
quality dialogues to the development and test sets
to ensure high evaluation fidelity. Specifically, the
training, development, and test sets include 5,456,
300, and 600 dialogues across 2,463, 172, and
340 scenarios, respectively. All splits are disjoint
at the scenario level to prevent contextual overlap
between training and evaluation.

Baselines We select several recent open-
sourced and proprietary VLMs to evaluate on VDAct
2.0. The open-sourced models include: Qwen2.5-
VL-7B, MiMo-VL-7B, Gemma-3-12B, InternVL3-8B,
InternVL3.5-8B, MiniCPM-V-2.6, and Ovis2-8B.
The selected proprietary models include: GPT-5-
nano, GPT-5-mini, GPT-5, and Claude Sonnet 4.5.
Among these models, we also provide results for
their LoRA-finetuned versions of the first four open-
source models on the list. For reproducibility, all
specific model IDs and hyperparameter settings
are reported in the Appendix.
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Model BLEU ROUGE METEOR SPICE LLM-Acc LLM-Rel LAVE VDEval
Qwen2.5-VL-7B (Bai et al., 2025) 5.9 27.1 29.9 25.7 22.0 32.5 30.6 30.9
MiMo-VL-7B (Team et al., 2025a) 8.1 31.6 31.7 26.1 27.6 37.7 35.1 35.3

Gemma-3-12B (Team et al., 2025b) 3.6 25.6 30.8 23.3 25.1 36.6 35.1 33.8
InternVL3-8B (Zhu et al., 2025) 0.8 31.0 31.7 25.9 25.5 36.4 33.6 34.3

InternVL3.5-8B (Wang et al., 2025) 1.7 32.4 32.3 26.8 25.9 36.7 33.5 34.3
MiniCPM-V-2.6 (Yao et al., 2024) 8.2 31.7 33.7 27.2 26.2 36.8 33.9 33.9

Ovis2-8B (Lu et al., 2024) 7.9 30.1 32.3 25.7 26.8 38.3 35.5 34.6
GPT-5-nano 3.8 25.7 25.8 21.5 27.9 38.7 37.5 37.5
GPT-5-mini 2.9 24.4 27.8 21.5 36.2 47.1 46.7 45.8

GPT-5 6.5 30.2 28.1 25.6 36.9 45.7 43.9 44.4
Claude Sonnet 4.5 2.0 20.9 28.6 20.3 29.8 42.4 41.8 39.7

Table 6: Pre-trained open-source models and proprietary models’ performances on VDAct 2.0.

Model SPICE LLM-Acc LLM-Rel
Qwen2.5-VL-7B 31.8 / 34.8 31.0 / 37.0 40.6 / 45.6

MiMo-VL-7B 36.5 / 38.9 37.4 / 43.3 47.0 / 51.8
Gemma-3-12B 35.4 / 36.9 36.0 / 39.8 45.0 / 48.0
InternVL3-8B 37.4 / 42.0 40.8 / 49.5 49.9 / 57.8

Table 7: Performance of LoRA finetuned models
trained on either the original VDAct or the VDAct 2.0
training sets, and evaluated on the VDAct 2.0 test
set. Results are reported in x / y format, where
x and y denote performances when finetuned on
VDAct and VDAct 2.0, respectively.

Evaluation Metrics We evaluate generated
text with standard overlap and similarity met-
rics: BLEU (Papineni et al., 2002), ROUGE (Lin,
2004), METEOR (Banerjee and Lavie, 2005), and
SPICE (Anderson et al., 2016). We additionally
report LLM-based metrics: LLM-Acc and LLM-
Rel (Maaz et al., 2024), LAVE (Mañas et al., 2024),
and VDAct (Imrattanatrai et al., 2025). LLM-Acc
judges binary correctness of the response, while
LLM-Rel rates response quality on a 0-5 scale.
LAVE assigns a 1-3 score using few-shot instruc-
tions. VDEval evaluates the generated answers
based on the dialogue sessions. All LLM-based
evaluations are instantiated with GPT-4o-mini.

4.2. Results and Discussion
Table 6 presents the performance of various VLMs
on our VDAct 2.0, evaluated across traditional
text generation metrics and LLM-based evalua-
tion scores. Among open models, MiniCPM-V-2.6
achieves the highest BLEU (8.2), METEOR (33.7),
and SPICE (27.2) scores. InternVL3.5-8B obtains
the highest ROUGE score (32.4), along with com-
petitive METEOR (32.3) and SPICE (26.8) scores.
However, its low BLEU score (1.7) suggests that
while its responses are informative, they may di-
verge from reference phrasing in terms of exact
n-gram overlap. For LLM-based evaluations, MiMo-
VL-7B leads among open models in LLM-Acc (27.6),
LLM-Rel (37.7), and VDEval (35.3), while Ovis2-8B
achieves the highest LAVE score (35.5). Despite

these advances, proprietary models continue to
outperform open models across all LLM-based met-
rics. GPT-5 achieves the highest LLM-Acc (36.9),
while GPT-5-mini outperforms all models in LLM-
Rel (47.1), LAVE (46.7), and VDEval (45.8).

Table 7 shows the performance of four LoRA
finetuned models on the original VDAct and the
extended VDAct 2.0 train sets and evaluated on the
VDAct 2.0 test set. Across all models and metrics,
fine-tuning on VDAct 2.0 consistently leads to per-
formance gains. InternVL3-8B shows the strongest
improvement as it achieves the highest absolute
scores, with increases of +4.6 SPICE, +8.7 LLM-
Acc, and +7.9 LLM-Rel. Similarly, MiMo-VL-7B also
benefits significantly, reaching 38.9 for SPICE, 43.3
for LLM-Acc, and 51.8 for LLM-Rel. Qwen2.5-VL-
7B and Gemma-3-12B exhibit modest but consis-
tent gains, although their performances remain be-
hind the other two models. While fine-tuning on
VDAct 2.0 leads to consistent improvements over
the original VDAct, overall model performance still
hovers around 40-50% in terms of response accu-
racy and relevance on most models. This under-
scores the persistent challenges in video-grounded
dialogue, where models continue to struggle with
temporal reasoning, visual grounding, and gener-
ating contextually coherent responses. Substantial
progress is still needed to achieve robust and reli-
able multimodal dialogue understanding.

5. Conclusion

We present VDAct 2.0, an extended dataset for
video-grounded dialogue with a scalable LLM-
assisted filtering pipeline. This process com-
bines human-in-the-loop calibration with a high-
agreement LLM panel to identify and retain well-
formed, visually grounded QA pairs for multi-turn
dialogues, while carefully balancing dialogue qual-
ity and dataset scale. Benchmarking results on
both pretrained and finetuned models demonstrate
clear benefits from training on the filtered dataset,
while also highlighting the ongoing challenges in
multimodal reasoning and dialogue modeling.
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6. Ethics Statement

The dataset includes human-annotated dialogues,
with all annotators operating under informed con-
sent and fair compensation through a third-party
crowdsourcing company. Annotation guidelines
emphasized factuality, respectfulness, and visual
grounding. Our LLM-assisted filtering pipeline in-
corporates human-in-the-loop calibration to reduce
bias and ensure consistency, though some subjec-
tivity and residual model bias may persist.

7. Limitations

The taxonomy of triggers is limited to four major
categories and does not capture all possible forms
of noise. Expanding the taxonomy to cover the
more nuanced issues would require a more fine-
grained annotation scheme. Moreover, the dataset
remains grounded in scripted, domestic scenarios
and English-only dialogues, which may limit gen-
eralizability to open-domain, multilingual, or real-
world video settings. Finally, the definition of “unde-
sirable” content is task-specific and may not align
with broader dialogue applications that value cre-
ativity or emotional expression.
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10. Appendices

10.1. Details of Evaluated Models on
VDAct 2.0

We select several recent open-sourced and
proprietary VLMs to evaluate and set the bench-
mark results on VDAct 2.0. The open-sourced
models include: Qwen2.5-VL-7B (Qwen2.5-
VL-7B-Instruct), MiMo-VL-7B (MiMo-VL-
7B-RL), Gemma-3-12B (gemma-3-12b-it),
InternVL3-8B (InternVL3-8B), InternVL3.5-8B
(InternVL3_5-8B), MiniCPM-V-2.6 (MiniCPM-
V-2_6), and Ovis2-8B (Ovis2-8B). The selected
proprietary models include: GPT-5-nano (gpt-5-
nano-2025-08-07), GPT-5-mini (gpt-5-mini-
2025-08-07), GPT-5 (gpt-5-2025-08-07),
and Claude Sonnet 4.5 (claude-sonnet-4-5-
20250929). All models were finetuned with a
global batch size of 128, learning rate of 2e-5,
a total of 10 epochs, LoRA adapters (rank 64,
scaling factor α=128), and a cosine scheduler
with a warm-up ratio of 0.03. The best checkpoint
was selected based on the SPICE score on the
development set. We used 32 uniformly sampled
frames per scenario video for all pre-trained
and finetuned models. During inference, the
temperature of 0.1 was used. Finetuning tasks
were conducted on 8 H200 GPUs, with a random
seed of 42, while the model inferences were
performed on a single H200 GPU.
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