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Abstract

Video-grounded dialogue (VGD) requires mod-
els to generate coherent responses by track-
ing and reasoning over temporally evolving
events in video content. However, existing ap-
proaches offer limited ability to capture tem-
poral dependencies, particularly in complex
scenarios. In this paper, we present a frame-
work that integrates structured event timelines
with verification-aware reasoning to improve
temporal consistency in VGD. We represent
video content as structured states and tem-
porally ordered actions, enabling models to
both infer event timelines from video segments
and leverage them to guide response gener-
ation. In addition, to address the inherent
noise in predicted structure timelines, we intro-
duce a Generate–Verify–Refine (GVR) mech-
anism that explicitly evaluates and revises un-
reliable event predictions, thereby reducing the
propagation of upstream errors. Experiments
on the VDAct benchmark show that our ap-
proach consistently improves dialogue qual-
ity across models, achieving gains of up to
+13.0 LAVE and accuracy over unstructured
grounding. Human evaluation further demon-
strates improvements of 20.7–31.9 points in re-
sponse correctness. Additional analysis shows
that while better event predictions correlate
with stronger dialogue performance, naive re-
liance on structured outputs can degrade re-
sults, highlighting the need for verification-
aware reasoning. Our implementation of GVR
on event timelines for VGD is available at
https://github.com/aistairc/GVR-VGD.

1 Introduction

Video-based interactive applications are driving the
growing demand for conversational systems capa-
ble of video-grounded dialogue (VGD), in which
models engage in multi-turn interactions grounded
in dynamic visual content. Such systems are crucial
for real-world settings, such as in-home monitor-
ing, assistive agents, and activity understanding.

While datasets such as AVSD (Alamri et al., 2019)
and VDAct (Imrattanatrai et al., 2025) have en-
abled progress, and recent Vision-Language Mod-
els (VLMs) (Li et al., 2024a; Chen et al., 2024;
Bai et al., 2025; Xiaomi, 2025) have substantially
advanced video understanding, building reliable
VGD systems remains challenging. To answer dia-
logue questions accurately, a system must reason
over temporally evolving events by tracking ac-
tions, state transitions, and their order, while main-
taining consistent grounding across multiple turns.
Existing approaches commonly rely either on only
raw visual context (Schwartz et al., 2019; Liu et al.,
2024a; Li et al., 2022; Ye et al., 2025) or with
unstructured grounding like dense captions (Kim
et al., 2020; Mogrovejo and Solorio, 2024; Tang
et al., 2021). However, raw visual features do not
explicitly expose event-level structure, requiring
the model to infer temporal dependencies implic-
itly. Dense captions partially alleviate this issue,
but they are often redundant and difficult to use
effectively for long-horizon reasoning as they can
quickly exceed the model’s effective context win-
dow (Liu et al., 2024b). As videos become more
event-centric and temporally complex, models may
lose track of what has happened, in what order,
and which details remain relevant to the current
dialogue turn, leading to inconsistent or incorrect
responses. In contrast, prior work in video under-
standing has explored structured representations
such as scene graphs (Li et al., 2024b; Im et al.,
2024; Nguyen et al., 2025) and event knowledge
graphs (Egami et al., 2021, 2023). While expres-
sive, these formats are often overly complex and
not well aligned with VGD, where generation must
be conditioned on a concise, temporally coherent
summary of visual evidence. We therefore argue
that an effective intermediate representation for
VGD should be compact, temporally ordered, and
directly usable for downstream reasoning.

In this work, we bridge video understanding and
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Segment 1 (k=1)

(a) Event Timeline Tracking

Segment 2 (k=2)

states: [inside(person, livingroom)]
actions: [walk_to(person, tv)    ; switch_on(person, tv) ; 

walk_to(person, remote control) ; 
grab(person, remote control, from TV stand)    ]

✅ ✅
✅

✅

states: [inside(person, livingroom)    ; 
attached_to(remote control, person)    ]

actions: [walk_to(person, kitchen) ; 
walk_to(person, kitchen table)   ; 
grab(person, milk carton, from kitchen table)    ]❌

✅
✅

✅
✅

(b) Dialogue Response Generation

A4: No, he drank from the bottle.

k=1 k=2 k=3 k=4 k=K…

Segment 1
(k=1)

Segment 2 
(k=2)

Segment K 
(k=K)

…

Where did he drink 
wine?
In the living room

Q1:

A1:
Did he turn the TV 
on before getting 
the wine?
Yes, he did.

Q2:

A2:
Did he use a remote 
to turn the TV on?
No, but he picked 
up the remote.

Q3:

A3:

Did he drink from a 
glass?
?

Q4:

A4:

✅fact 1
…

fact 5 ✅

✅fact 1
…

fact 7 ✅

✅fact 1
…

fact 5 ❌

GVR
❌✅

GVR
❌✅

Figure 1: Overview of the proposed two-stage frame-
work. First, the model tracks an event timeline, includ-
ing states and temporally ordered actions, for each video
segment. The tracking operates within the proposed it-
erative Generate–Verify–Refine (GVR) loop, in which
each fact in the event timeline is verified and refined
based on its reliability. Second, the predicted timeline
is used as a structured grounding context, alongside the
dialogue history, to generate dialogue responses.

dialogue response generation through structured
event timelines. Each video segment is represented
by states and temporally ordered actions, provid-
ing a compact summary of events. We then cast
VGD as a joint event timeline tracking and timeline-
conditioned response generation task, which re-
quires the model not only to infer event timelines
from video segments but also to use them as ev-
idence for response generation. Moreover, event
timeline tracking may produce imperfect predic-
tions, including incorrect spatial relations, misiden-
tified actions, or temporal ordering errors. Directly
conditioning on one-pass timelines without fact
verification can pass these errors to downstream re-
sponse generation. Thus, we introduce a Generate–
Verify–Refine (GVR) mechanism that enables the
model to assess the reliability of predicted events

through an iterative loop of verification and refine-
ment. To enable the model to exhibit this behavior,
we design a training pipeline that mirrors the in-
ference process by injecting synthetic corruptions
into both event tracking and response generation
samples. This exposes the model to imperfect evi-
dence during training, enabling it to detect incorrect
facts, refine unreliable timelines, and produce more
robust responses in the presence of noisy predic-
tions. Our experiments on the VDAct dataset show
that our approach achieves consistent gains over
baselines across multiple VLM backbones in both
automatic metrics and human evaluation. Our anal-
ysis further reveals a trade-off between event track-
ing accuracy and downstream response generation
performance, highlighting that although structured
representations provide a strong inductive bias for
temporal reasoning, their effective use also requires
explicit handling of prediction uncertainty.

2 Methodology

Overview and Task Formulation The VGD
task aims to generate accurate responses that are
grounded in both the video content and the dia-
logue history. In this paper, we focus on videos
depicting multiple household activities performed
by a human agent. Each video consists of raw
frames, from which N frames are uniformly sam-
pled as a sequence V={f1, f2, . . . , fN}. In terms
of the dialogues, we let the dialogue history up
to the current user question at turn t be denoted
as D={u1, r1, u2, r2, . . . , ut}, where u and r rep-
resent users’ questions and system responses, re-
spectively. The main objective for the task is to
generate a response rt that is consistent with both
the dialogue context D and the visual content in V .

Our approach follows a two-stage framework
(Figure 1): (1) event timeline tracking and
(2) dialogue response generation. Given a
video, we partition it into overlapping segments,
{S1, S2, . . . , SK}, each containing M frames with
a stride of M -1, such that consecutive segments
share a single frame. The first stage processes
each video segment Sk independently, where it
predicts an event timeline Ek that captures the ini-
tial spatial states and subsequent actions via the
proposed GVR mechanism (Figure 2). The re-
sulting timelines E={E1, E2, . . . , EK} provide an
interpretable representation of event progression
throughout the video. In the second stage, the pre-
dicted timelines E are combined with the corre-
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Iter 3: Verification and refinement 
(Verify and refine with respect to any committed 
reliable facts from previous iterations)

committed
state: inside(person, livingroom)
candidate
action: walk_to(person, tv)
action: switch_off(person, tv) 
action: walk_to(person, remote control)
end Iter 1: Initial prediction (Full tracking)

committed
-
candidate
-

Iter 2: Verification and refinement 
(Verify previously predicted facts and refine 
prediction from the recent unreliable ones)

committed
-
candidate
state: inside(person, livingroom)
action: walk_to(person, shelf)
action: switch_off(person, tv)
action: walk_to(person, remote control)
end

Iter 4 until max: (Repeat verification/refinement until “end”, which denotes the end of the fact list, is verified as reliable or reach max iteration)

Input

Output

✅
❌

✅
❌

Output

Input

prediction
state: inside(person, livingroom) 
action: walk_to(person, shelf) (wrong object)
action: switch_off(person, tv) (wrong action)
action: walk_to(person, remote control)
… (missing fact)
end

verification
state: inside(person, livingroom)
action: walk_to(person, shelf) 

prediction
action: walk_to(person, tv) (object modified)
action: switch_off(person, tv) (wrong action)
action: walk_to(person, remote control)
… (missing fact)
end 

verification
action: walk_to(person, tv)
action: switch_off(person, tv) 

prediction
action: switch_on(person, tv) (action modified)
action: walk_to(person, remote control)
action: grab(person, remote control) (fact 
perceived)
end

Output

Input

Figure 2: Our Generate–Verify–Refine (GVR) mechanism iteratively verifies and refines predicted events to reduce
error propagation to downstream reasoning. Initially, GVR predicts a complete event timeline as a list of candidate
facts by observing visual evidence presented in the given video frames. At the next iteration, the model is given
the recently predicted candidate facts to validate whether each candidate fact is actually supported by the visual
evidence and consistent with the committed facts, assigning a true or false label accordingly. This verification stops
at the first candidate fact deemed false (i.e., walk_to(person, shelf)). During refinement (i.e., re-prediction),
the model regenerates the remaining event timeline starting from the most recent verified fact (i.e., inside(person,
livingroom)). Consequently, the replacement walk_to(person, tv) is newly inferred, alongside other new
candidate facts. This iterative process continues to the next iteration until the “end” of the timeline is verified or a
maximum number of iterations is reached.

sponding dialogue context D and visual context V
to form a grounded input, from which the model
generates a response to the user’s query ut.

Event Timeline Representation To support in-
terpretable reasoning, we represent each video
segment with a compact, structured event time-
line that captures discrete facts about: (1)
States, which encode initial spatial and posses-
sion relations in the form of inside(subject,
object), next_to(subject, object), or
attached_to(object, subject), and (2)
Actions, which describe temporally ordered
actions in the form of relation(subject,
object [optional], prepositional phrase
[optional]). We adopt a relation-first format for
both states and actions to prioritize the evolving
aspects of the scene (e.g., location, interaction, pos-
session) over the constant subject, and to reduce
the repetitiveness in the prediction.

Event Timeline Tracking To construct event
timelines, we employ a VLM to map a video seg-
ment Sk into a structured event timeline Ek. The
model is guided to emphasize human-centric activ-
ities while omitting irrelevant background details.

Due to challenges in visual perception and tem-
poral reasoning, the model may hallucinate or

produce incorrect facts in the predicted timelines.
To address this, we replace single-pass prediction
with a multi-step inference incorporating a verifi-
cation mechanism, termed Generate–Verify–Refine
(GVR). In the first pass, the model generates a
candidate event timeline comprising states and a
sequence of actions based on the input video seg-
ment. In subsequent iterations, it verifies each
predicted state and action by assigning explicit cor-
rectness signals (e.g., valid/invalid). Valid facts are
considered reliable and added to a committed list
for the next iteration, while the model refines the
timeline by revising the unreliable facts and up-
dating subsequent facts accordingly. This iterative
process continues until the entire event timeline
is verified or a maximum number of iterations is
reached, allowing the model to progressively refine
its predictions before producing the final timeline.

To induce effective GVR behavior in the model,
we opt to train the model on the training data that
explicitly mirrors the GVR process using synthetic
corruptions. Starting from ground-truth timelines,
we generate corrupted candidates by perturbing
individual facts at the level of relation, object, or
preposition to simulate common event tracking mis-
takes such as incorrect object grounding, misiden-
tified interactions, or missing facts. We organize
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training samples into three groups, where each cor-
responds to a different stage of the GVR process.
(1) Full Tracking: the model predicts an event
timeline from scratch given a video segment, with-
out any prior commitments. These samples are
derived directly from ground-truth timelines. (2)
Verification from Scratch: the model is given a
candidate timeline and predicts correctness labels
for each fact, followed by refining incorrect ones.
The candidate timelines include both clean and
synthetically corrupted facts, enabling the model to
learn to detect and recover from errors. (3) Verifi-
cation with Partial Commitments: the model per-
forms verification conditioned on previously vali-
dated facts in a committed list, requiring it to assess
new candidate facts with respect to reliable prior
information and refine inconsistencies accordingly.

To generate corrupted timelines for the lat-
ter two verification groups, we randomly re-
place ground-truth facts in the timeline with syn-
thetic alternatives. Specifically, we prompt a
model (i.e., gpt-4o-2024-08-06) to modify one
or more components of a fact with plausible
but incorrect entities or actions. For example,
inside(person, kitchen) may be altered to
inside(person, bedroom), and grab(person,
milk carton, from kitchen table) to
put(person, wineglass, from kitchen
table). This process produces realistic negative
samples that reflect typical model prediction er-
rors. To balance exposure to clean and noisy
supervision, we sample a corruption ratio ce ∈
{0.35, 0.5, 0.65}, where ce denotes the fraction
of timelines used for verification with synthetic
corrupted facts. Each ratio represents a range of
moderate-to-heavy numbers of corrupted timelines.

Dialogue Response Generation After obtaining
the event timelines, the system generates a response
rt to the user’s question ut conditioned on the dia-
logue history D, uniformly sampled video frames
V , and corresponding structured event timeline E .

Similar to event timeline tracking, we consider a
realistic setting in which upstream timeline predic-
tions may be imperfect. To account for this, we also
introduce synthetic corruptions to the event time-
lines used for response generation during model
training. In particular, we perturb a subset of facts
in E using the same corruption strategy as in the
tracking stage, thereby simulating noisy or partially
incorrect timelines. The model is then trained to
generate correct responses despite these imperfec-

tions, encouraging it to rely selectively on reliable
evidence and avoid propagating erroneous facts
into the final answer. For this stage, we sample a
corruption ratio cd ∈ {0.1, 0.2}, denoting the frac-
tion of facts that are replaced with corrupted vari-
ants in the timelines. These ratios are intentionally
lower than those used in event timeline tracking,
as response generation assumes reasonably reliable
upstream predictions. Excessive corruption would
produce unrealistically noisy timelines and obscure
the intended role of structured grounding.

Training We fine-tune the VLMs via multitask
learning with standard cross-entropy loss, using
training samples prepared using the previously ex-
plained corruption strategy, for both event timeline
tracking and dialogue response generation.

3 Experiments

Dataset We adopt the VDAct dataset, a VGD
dataset comprising dialogues that discuss the hu-
man agent’s activities in a simulation video. The
dataset contains 3,000 dialogues with over 30,000
QA pairs, split into approximately 24,000 pairs
for training, 4,500 for testing, and 1,500 for val-
idation. These dialogues are derived from 1,000
videos, each averaging 248 seconds.

Pre-processing We construct event timeline an-
notations based on VHAKG (Egami et al., 2024).
This dataset provides per-frame event annotations
for VirtualHome2KG simulations, which serve as
the source videos for VDAct. For event timeline
tracking, we prepare new videos using VHAKG
activity videos. These new videos do not overlap
with VDAct videos to prevent label leakage into the
dialogue response generation stage. For each video,
we uniformly sample frames at 1 fps. Each sampled
frame is mapped to the ground-truth event using
its annotated start and end frames. We segment the
sampled frames into overlapping windows of size
w. For each segment, we associate events based
on the overlap between event frames and segment
frames. A minimum overlap threshold is used: 10%
for short events and 20% for longer events. This
ensures that events are included only when they are
sufficiently visible in the segment. Each segment
is paired with structured ground-truth annotations
and converted into our event timeline using rule-
based parsing. For dialogue response generation,
we use the VDAct training data and apply the same
timeline-generation pipeline.
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Experimental Settings We evaluate our frame-
work with three open-weight VLMs, includ-
ing LLaVA-OneVision-Qwen2-7B-OV (Li et al.,
2024a), Qwen2.5-VL-7B-Instruct (Bai et al., 2025),
and MiMo-VL-7B-RL (Xiaomi, 2025), and three
proprietary models, including Anthropic’s claude-
sonnet-4-20250514, OpenAI’s gpt-4o-2024-08-06
and gpt-5-mini-2025-08-07. We evaluate the ef-
fect of different grounding strategies with video
frames, including dialogue context only, dialogue
with unstructured captions, and dialogue with event
timelines (ET). For fine-tuned models, we consider
either template-based or LLM-refined captions de-
rived from the event KG of each video in VDAct.

Implementation Details We fine-tune the open-
weight models for up to 15 epochs with LoRA
adapters (rank 128, scaling factor α=256). Train-
ing is performed with a global batch size of 128, a
learning rate of 2e-5, and a cosine scheduler with a
warm-up ratio of 0.03. For visual input, 32 frames
per scenario are used, except for proprietary models
(16 frames). A temporal window w of 15 is applied
for event timeline tracking. We independently fine-
tune the model with six different combinations of
corruption ratios ce and cd for GVR supervision.
For each model family, the best configuration of ce

and cd is selected based on SPICE (Anderson et al.,
2016) on the development set, with LAVE (Mañas
et al., 2024) used as a tie-breaker when SPICE
scores are identical. All experiments are conducted
using 8 H200 GPUs, with a random seed of 42. All
reported results are from a single run.

Evaluation Metrics For Event Timeline Track-
ing, we employ F1-score to compare the predicted
and reference sets of event facts per segment, while
Exact Match and Accuracy are used to evaluate
whether the entire sequence of predicted events per
segment matches the ground truth. For Dialogue
Response Generation, we use standard text genera-
tion metrics to assess the quality of responses, in-
cluding BLEU (B) (Papineni et al., 2002), ROUGE
(R-L) (Lin, 2004), METEOR (M) (Banerjee and
Lavie, 2005), and SPICE (S) (Anderson et al.,
2016). Additionally, we employ LLM-based eval-
uation metrics, including LLM-Accuracy (Acc.),
LLM-Relevancy (Rel.), and LAVE (L) (Mañas
et al., 2024), to assess factual consistency, rele-
vance, and grounding quality.

We also conduct human evaluation of the fine-
tuned models on 150 randomly sampled QA pairs.
Three annotators watch the corresponding video

Model / Context B R-L M S Acc. Rel. L

LLaVA-OV
None 7.7 30.9 31.3 27.3 20.3 31.3 29.7

Template Captions 6.6 28.4 28.9 26.0 18.0 29.3 26.0
Refined Captions 6.3 27.6 28.3 25.5 20.2 31.2 26.9

ET 7.6 31.4 31.1 29.6 22.7 34.2 32.3
ET + GVR 8.5 32.9 32.4 31.0 26.7 38.3 37.1

Qwen2.5-VL
None 10.0 35.2 35.9 33.1 32.5 43.1 41.3

Template Captions 7.5 30.2 31.4 29.2 23.0 33.6 31.6
Refined Captions 8.9 33.0 33.7 31.2 27.3 38.0 36.1

ET 11.3 37.4 38.2 35.7 37.2 48.6 47.0
ET + GVR 11.3 38.1 38.4 37.1 40.3 51.0 49.1

MiMo-VL
None 10.1 34.8 35.0 32.5 30.2 40.8 38.9

Template Captions 8.6 33.5 33.4 31.3 25.1 36.2 33.9
Refined Captions 9.6 34.3 34.8 31.4 27.6 38.6 36.9

ET 11.8 38.2 38.0 36.7 36.0 47.3 45.8
ET + GVR 11.7 38.0 37.9 36.7 37.6 49.1 48.6

Table 1: Performance across LoRA-finetuned models us-
ing different grounded contexts for response generation.
Bold scores denote per-group best, while underlined
results indicate the highest overall.

Model None Refined Captions ET ET + GVR

LLaVA-OV 47.3 28.6 43.3 49.3
Qwen2.5-VL 42.0 38.7 53.3 70.6

MiMo-VL 45.3 42.7 58.0 71.6

Table 2: Human evaluation of the fine-tuned models
on randomly sampled 150 QA pairs. Each answer was
rated on a 3-point scale by three annotators, with the
ratings aggregated by majority vote; a fourth annotator
was used to break ties when no majority was reached.
Scores are reported on a 0-100 scale.

and rate each response as fully consistent (3), par-
tially consistent (2), or inconsistent (1). References
serve only as auxiliary information; correct descrip-
tions omitted from or phrased differently in the
reference are not penalized. Across 1,800 item-
system pairs, ordinal Krippendorff’s α is 0.564.
We additionally report ICC(2,3) (two-way random-
effects, absolute agreement, average measures):
0.796 (95% CI: [0.778, 0.813]), indicating good-
reliability range under Koo and Li (2016) guide-
lines. This complementary measure assesses the
reliability of the mean of three ratings. Ratings are
aggregated by majority vote, with a fourth anno-
tator breaking ties, and scores are reported on a
0-100 scale.

3.1 Experimental Results
Results on Dialogue Response Generation Ta-
ble 1 presents a comparison of LoRA fine-tuned
models conditioned on different types of grounding
context for dialogue response generation. Across
all models, the results show a consistent benefit
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Model / Context B R-L M S Acc. Rel. L

Claude Sonnet 4
None 4.0 23.3 29.7 22.2 28.4 40.3 40.6

Captions 2.9 20.6 27.7 19.9 25.7 38.9 41.0

ET 3.1 21.1 28.1 20.4 26.0 38.6 40.5
ET + GVR 0.5 6.6 16.8 0 27.3 45.3 53.1
ET + Fixed 1.4 12.4 23.2 15.1 26.9 41.9 47.8

ET + GVR + Fixed 0.6 6.9 17.6 10.0 29.8 46.8 53.8

GPT-4o
None 6.9 28.3 32.5 26.2 32.6 43.7 42.0

Captions 5.1 26.7 32.1 24.6 34.0 45.9 44.9

ET 6.2 28.3 33.1 26.2 33.3 45.0 44.3
ET + GVR 3.7 24.5 30.9 23.7 32.6 44.8 45.8
ET + Fixed 6.4 28.7 33.6 26.5 33.3 45.5 44.7

ET + GVR + Fixed 4.1 25.3 32.1 24.0 34.6 46.1 47.2

GPT-5-mini (Think)
None 2.1 21.8 26.4 20.3 35.7 48.3 50.0

Captions 1.7 20.1 26.6 19.4 38.5 51.3 54.5

ET 1.8 21.0 26.9 20.5 35.6 48.9 51.7
ET + GVR 1.5 18.1 25.9 19.7 37.8 50.9 55.4
ET + Fixed 2.0 21.3 27.5 21.3 36.7 49.8 52.6

ET + GVR + Fixed 1.7 18.6 26.3 20.6 39.3 52.1 56.7

Table 3: Performance across proprietary models us-
ing different grounded contexts for response generation.
Bold scores denote per-group best, while underlined
results indicate the highest overall.

from incorporating the structured event timelines
(ET). Moreover, incorporating the proposed GVR
strategy yields further gains. In particular, GVR-
based event timelines (ET+GVR) improve LLaVA-
OV and Qwen2.5-VL across all evaluation metrics,
while MiMo-VL achieves the improvements with
LLM-based evaluation scores. Overall, Qwen2.5-
VL with ET+GVR performs best across most met-
rics, except for BLEU and ROUGE-L. The human
evaluation results in Table 2 further support that
GVR improves overall response accuracy.

Additionally, we report the performance of pro-
prietary models for the response generation task as
shown in Table 3. From the results, Claude Sonnet
4 is largely insensitive to added grounding captions
and single-pass event timelines (ET), as its perfor-
mance is better in the no-context setting, whereas
GPT-4o and GPT-5-mini show modest gains on a
few metrics when given event timelines, compared
to when given captions. However, when incorporat-
ing GVR for all models, their performance further
outperforms ET and other baseline groundings.

We conduct qualitative analysis to examine why
incorporating ET without GVR does not consis-
tently yield improvements over captions, as ex-
pected. Our analysis reveals that their performance
is limited by noise in the predicted timelines as
the models frequently over-predict low-salience ac-
tions (e.g., lower(person, cup), walk(person,
through door), bend(person)), which weakens

Model State Tracking Action Tracking
F1 EM F1 Acc.

(-) GVR:
LLaVA-OV 62.5 31.4 48.5 32.3

Qwen2.5-VL 66.2 37.4 50.4 33.5
MiMo-VL 62.7 31.2 50.4 32.4

Claude Sonnet 4 37.9 2.4 22.6 7.1
GPT-4o 47.3 11.1 28.6 14.2

GPT-5-mini 34.9 1.0 24.8 6.4

(+) GVR:
LLaVA-OV 60.8 34.8 46.8 33.4

Qwen2.5-VL 68.8 41.1 57.6 39.3
MiMo-VL 68.1 39.9 59.2 40.6

Claude Sonnet 4 38.9 4.6 18.7 5.9
GPT-4o 47.7 8.6 26.5 12.2

GPT-5-mini 43.6 4.1 26.2 9.2

Table 4: Performance for event timeline tracking across
fine-tuned and proprietary models when not using and
using the GVR strategy. Bold scores denote per-group
best, while underlined indicate the highest overall.

the signal needed for the task and as a result, hurts
the performance. To mitigate this, we introduce
ET+Fixed and ET+GVR+Fixed, which constrain
timeline tracking to a fixed set of plausible relations
and objects. This encourages the model to focus
on relevant states and actions. Based on the results,
ET+Fixed consistently outperforms ET across all
models. Furthermore, with the ET+GVR+Fixed
setting, the performance on LLM-based metrics is
the best across all models.

Results on Event Timeline Tracking Table 4
compares event timeline tracking performance with
and without GVR. Among the LoRA fine-tuned
models, Qwen2.5-VL achieves the best scores
across all metrics without GVR. With GVR, all
models improve on nearly all metrics. Notably,
MiMo-VL achieves the strongest action tracking
performance, while Qwen2.5-VL obtains the best
state tracking performance. For LLaVA-OV, track-
ing performance improves on exact-match state
tracking and on action tracking accuracy, while
dropping on F1 for both tracking types. In addition,
among proprietary models, GPT-4o achieves the
strongest performance and leads across metrics, but
it still falls short of the fine-tuned models. These
results highlight the importance of task-specific
fine-tuning to fully leverage timeline representa-
tions and the effective GVR process. These event
timeline tracking results mirror the trend in down-
stream response generation, especially with the
fine-tuned models. When predicted timelines are
more accurate, they provide clearer evidence for an-
swering questions. In particular, effective timelines
emphasize salient events (e.g., picking up a specific
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Figure 3: Relationship between predicted event timeline
quality and response accuracy based on the results by
the fine-tuned Qwen2.5-VL. Videos are grouped into
four bins based on their associated F1 scores. For each
bin, the diamond marker shows the mean F1 and the
corresponding mean LLM-Acc with the number of ques-
tions (n) and videos (m).

object, moving it to a new location, opening/clos-
ing a fridge), which are precisely the cues needed
to ground “where”, “what”, and “when” questions.

To understand the effectiveness of each GVR
mechanism, we analyzed the verification and refine-
ment process across the three fine-tuned models.
Our results show that GVR acts as a conservative
verification mechanism rather than aggressively
modifying the predicted event timeline. Specifi-
cally, refinement is triggered in only 583 out of
7,308 segments (8.0%), indicating that GVR in-
tervenes only when verification identifies poten-
tially unreliable facts. Across all models, only 4.0%
of candidate facts are rejected (e.g., 1,205 out of
30,132 verified facts), while the false rejection rate
is only 1.2%, suggesting that GVR rarely discards
correct facts. Furthermore, the verification stage
achieves an overall fact-level accuracy of 63.3%,
demonstrating that it can reasonably distinguish
reliable from unreliable event facts.

3.2 Ablation Studies and Analysis

Impact of Predicted Event Timelines on Re-
sponse Generation To quantify the impact of
the predicted event timelines, we examine whether
higher-quality timelines lead to more accurate re-
sponses. As shown in Figure 3, we compute
a whole video-level timeline F1 by averaging
segment-level F1 across all segments within each
video. This segment-level F1 is computed as the
average of the state and action F1s. The video-
level timeline F1 is then applied to all questions in
the same dialogue, and response accuracy is mea-
sured using LLM-Acc. We partition video-level
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Figure 4: Performance improvement for the response
generation by using predicted (Pred), GVR-based
(Pred_GVR), and oracle event timelines (True) over
the no-timeline baseline (w/o Timeline).

F1 scores into four quartiles and report the mean
LLM-Acc across questions within the dialogues
for each quartile. In addition, because multiple
questions are derived based on a single video and
are therefore not independent, we estimate uncer-
tainty using video-clustered bootstrap confidence
intervals by resampling videos with replacement
and recomputing quartile means. The results show
a clear relationship, as videos with a higher F1 con-
sistently achieve higher accuracy. This confirms
that improvements in timeline tracking translate
into more accurate response generation.

To characterize the gain over the no-context set-
ting, Figure 4 reports the improvement obtained by
adding predicted event timelines (Pred) and GVR-
based timelines (Pred_GVR), measured relative to
the no-context baseline (w/o Timeline). Predicted
timelines deliver improvements across all metrics
for all models. In particular, the gain is highest
for MiMo-VL by predicted timelines, correspond-
ing to 38.8% by SPICE, 26.5% by LLM-Acc, and
31.5% by LAVE of the oracle gains obtained with
gold event timelines. Moreover, GVR-based event
timelines yield further performance improvements
over single-pass event timeline generation. The
highest gain for GVR is observed with LLaVA-OV,
which achieves gains of 39% and 40.3% on LLM-
Acc and LAVE, respectively. While gold timelines
remain an oracle upper bound, the predicted event
timelines and GVR strategy provide measurable
benefits, thereby validating their practical utility.

Error Prediction by Action Types and Objects
We examine when and how the model incorrectly
predicts actions and objects for event timelines to
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Figure 5: Confusion matrices for the fine-tuned
Qwen2.5-VL. The left matrix shows predicted action
types conditioned on the most frequent true actions,
while the right matrix shows predicted objects condi-
tioned on correctly predicted actions. Rows indicate
true labels, and columns denote model predictions. ▲
indicates the top 3 frequently misclassified true classes.

better understand its behavior. The confusion ma-
trices in Figure 5 highlight systematic biases in the
model’s event timeline tracking. For actions, we
observe that frequently occurring classes such as
walk_to, grab, and put serve as default fallbacks,
as they are over-predicted even when incorrect.
This is due to their visual dominance in training
data. The missed action class (“-”) is broadly dis-
tributed across true classes. Notably, the confusion
between switch_on with switch_off and sit_on
with stand_up are bidirectional. This suggests the
model’s difficulty in distinguishing visually similar
but semantically opposite actions. On the object
side, confusion clusters are observed among seman-
tically and visually similar entities, such as water
glass, milk, and wineglass, since all of which are
small, handheld, and translucent. Similarly, the
bedroom, kitchen, and living room are often con-
fused because of their shared visual context. The
diagonally dominant structure, especially on the
object side, suggests that once the action is cor-
rectly identified, the model often tracks the correct
object. This supports the interdependence of action
and object recognition. These observations high-
light areas for improving model discriminability,
particularly in visually ambiguous contexts.

Impact of Different Combinations of Corrup-
tion Ratios As illustrated in Figure 6, there is
no single corruption ratio combination that con-
sistently performs best across all models. The op-
timal setting is model-dependent: ce=35, cd=20
for LLaVA-OV, ce=50, cd=10 for Qwen2.5-VL
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35 50 65 35 50 65

c d =10 c d =20

LLaVA-OV Qwen2.5-VL MiMo-VL

Event corruption ratio c e  (%)

S
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C
E

Figure 6: Effect of different combinations of event cor-
ruption ratio ce and dialogue corruption ratio cd during
model training on downstream response generation per-
formance based on SPICE across different models.

and ce=65, cd=20 for MiMo-VL. When observing
the performance trend, LLaVA-OV performs best
with lower event timeline corruption, suggesting
that excessive corruption can weaken the reliability
of structured supervision for this model. Mean-
while, Qwen2.5-VL benefits from ce=50 when
cd=10, while its performance is relatively stable
under cd=20. In contrast, MiMo-VL continues to
improve with higher event corruption, indicating
greater tolerance to noisy tracking supervision.

4 Related Works

Video-Grounded Dialogue Dialogue grounded
in video content has received growing attention,
with the development of benchmarks such as
the Audio-Visual Scene-Aware Dialog (AVSD)
dataset (Alamri et al., 2019), which introduces
multi-turn conversations based on short, action-
centric videos. More recently, the Video-grounded
Dialogue on Event-driven Activities (VDAct)
dataset (Imrattanatrai et al., 2025) extended this
paradigm to longer videos depicting home activi-
ties performed by a human agent, featuring over
30,000 turns of diverse dialogue. Experimental re-
sults on the VDAct dataset demonstrate that both
open-weight and proprietary VLMs face significant
challenges: they often produce partially correct an-
swers, and overall performance remains limited.

Caption-Based Strategies A common approach
to mitigate the difficulty of direct video-to-dialogue
modeling is to first prepare frame captions or seg-
ment summaries used as primary or auxiliary in-
put for video understanding (Kim et al., 2020;
Mogrovejo and Solorio, 2024). While such fine-
grained text simplifies visual input, it yields large
context sizes and limits self-attention’s ability to
capture long-range dependencies (Tay et al., 2021).
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VideoAgent (Fan et al., 2024) adopts an agent-
based paradigm that leverages multiple models to
retrieve task-relevant captions. Recent studies ex-
plore enhancing multimodal reasoning via explicit
chain-of-thought over visual inputs (Lu et al., 2022;
Sun et al., 2025), but these approaches still typi-
cally rely on long unstructured textual contexts. In
contrast, our work focuses on improving the input
representation itself: using concise event timelines,
we enable even reasoning-capable VLMs, such as
MiMo-VL (Xiaomi, 2025) and GPT-5) to better
capture long-horizon structured information.

Video to Structured Representations Another
line of research focuses on converting videos into
structured knowledge representations. Virtual-
Home2KG (Egami et al., 2023) demonstrated that
activity videos can be abstracted into event-centric
knowledge graphs capturing actions, objects, spa-
tial relations, and temporal order. Related efforts
such as Vid2Seq (Yang et al., 2023) also map
videos into event-level sequences, but their out-
puts largely resemble compact natural language
descriptions, inheriting the expressive limitations
of caption-based representations. In contrast, we
argue that structured event representations provide
a more faithful and compact abstraction of video
content. In this work, we instantiate this idea in
video-grounded dialogue using event timelines to
improve response generation.

5 Conclusion

This paper presents a modular VGD approach that
uses structured event timelines as explicit ground-
ing context. We further introduce a GVR mecha-
nism to verify and revise predicted timeline facts
before they are used for downstream dialogue rea-
soning. Experiments show that fine-tuned models
conditioned on event timelines consistently outper-
form those using visual captions or no structured
context, with GVR-based timelines yielding fur-
ther gains across automatic and human evaluations.
For future work, we aim to apply our approach to
real-world videos and to reduce models’ sensitivity
to noise in predicted event timelines.

Limitations

Our evaluations and ablation studies are limited to
the existing video-grounded dialogue dataset, in
which dialogues were derived from videos depict-
ing simulator-generated household activities. This
narrow, indoor, scripted setting may not capture

the variability of open environments such as out-
door scenes and domain-specific objects and activi-
ties. As a result, generalization under domain shift
is uncertain, and performance may degrade with-
out adaptation. Future work will assess robustness
on real-world, open-domain datasets and explore
domain-adaptation strategies.
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A Appendix

A.1 Additional Statistics
Two-stage Training Samples Tables 5 and 6
summarize the statistics of training samples con-
structed for the dialogue response generation and
event timeline tracking tasks under different set-
tings of corruption ratios cd and ce, respectively.
For dialogue response generation, we generate
2,400 training samples from 800 unique activity
videos while varying the dialogue corruption ra-
tio cd ∈ {0.1, 0.2}. As expected, increasing cd in
proportion increases the number of segments con-
taining corrupted event timelines, from 3,992 at
10% to 7,984 at 20%. These corrupted samples ex-
pose the model to imperfect structured grounding
during training, encouraging robustness to noisy
upstream timeline predictions.

For event timeline tracking, we construct
14,209 training samples from 229 activity videos
under event timeline corruption ratios ce ∈
{0.35, 0.5, 0.65}. The statistics show that increas-
ing ce substantially changes the verification dy-
namics within the GVR process. In particular,

cd=10% cd=20%

Total Video Segments 39,924 39,924
# Video Segments with Corruption 3,992 7,984
# Unique Videos 800 800
# Training Samples 2,400 2,400

Table 5: Statistics of training samples constructed for
dialogue response generation under different settings of
corruption ratio cd.

the proportion of samples containing false veri-
fication cases increases from 35.1% at ce = 0.35%
to 66.6% at ce = 0.65%, while samples containing
only true verification cases decrease from 39.8% to
8.3%. At the same time, the average verification
length decreases as the corruption ratio increases,
whereas the average completion length becomes
longer. This trend suggests that higher corruption
ratios force the model to perform refinement more
frequently by exposing it to increasingly unreliable
candidate event timelines.

A.2 Qualitative Results

We present the actual results generated by the fine-
tuned models. Tables 7 and 9 show the actual gen-
erated responses for two dialogues by the Qwen2.5-
VL model, finetuned with two different settings
for grounding context: (1) dialogue only, (2) dia-
logues with event timelines, and (3) dialogues with
GVR-based event timelines, while Tables 8 and 10
present the predicted event timelines for the two
corresponding activity videos.

While the model that relies solely on dialogue
as a grounding context often generates responses
containing inaccurate information, incorporating
event timelines enhances response accuracy. For
instance, at dialogue turn 3 in Table 7, the model
equipped with event timelines answers a numerical
question that asks “How many", by identifying the
correct number of wineglasses. Referring to the
predicted event timelines in Table 8, we observe
that the 4th segment includes actions explicitly in-
volving two wineglasses. This enables the model to
ground its response based on structured evidence,
resulting in a more precise answer. Similarly, in
dialogue turn 1 of Table 9, the dialogue-only model
fails to provide an appropriate response to a ques-
tion asking for a description of the first activity the
person performed. Meanwhile, as shown in Table
10, although some segments contain incorrect infor-
mation, the version with access to event timelines
correctly identifies “drinking milk” as the first ma-
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ce=35% ce=50% ce=65%

# Unique Videos 229 229 229
Avg. Facts Per Video Segment 3.11 3.11 3.11
Avg. Segments Per Video 15.57 15.57 15.57
# Training Samples 14,209 14,209 14,209
# Samples with No Committed Facts 5,689 5,645 5,719
# Samples with No Committed Facts, but with Candidate Facts 2,124 2,080 2,154
# Samples with No Candidate Facts 3,565 (25.1%) 3,565 (25.1%) 3,565 (25.1%)
# Samples with Only True Verification 5,653 (39.8%) 3,451 (24.3%) 1,177 (8.3%)
# Samples with Only False Verification 4,991 (35.1%) 7,193 (50.6%) 9,467 (66.6%)
Avg. Committed Facts 1.63 1.63 1.63
Avg. Candidate Facts 3.01 2.95 2.67
Avg. Verification Facts 2.38 1.70 1.10
Avg. Completion Facts 2.07 2.74 3.34

Table 6: Statistics of training samples for event timeline tracking under different settings of corruption ratio ce.

jor activity. As can be seen in the 5th segment,
the timeline suggests that the person is perform-
ing actions such as grabbing a milk carton and a
water glass, placing them on the kitchen table, pour-
ing milk into the water glass, and drinking from
it. This structured event timeline allows the model
to provide a contextually grounded and accurate
response.

A.3 Additional Analysis

Action Tracking Accuracy by Types To better
understand the model’s behavior in event tracking,
we analyze which action types are easier or harder
for the model to track. Figure 7 presents the F1-
scores of Qwen2.5-VL, fine-tuned using our two-
stage approach with GVR strategy, across differ-
ent action types. We observe that top-performing
actions such as type_on, brush, stretche, and
text_on achieve relatively high F1-scores (≥ 0.7),
indicating that the model is highly reliable in detect-
ing these actions. These actions often exhibit dis-
tinctive and repetitive visual patterns (e.g., brushing
teeth or stretching arms/legs), which likely makes
them easier to recognize and align with the tex-
tual representation. In contrast, actions like wipe,
stand_up, sit_on, pour, and drink receive mod-
erate F1-scores, ranging from 0.5 to 0.7. These
actions typically involve subtler motion cues or ob-
ject interactions that may vary in appearance and
speed across different instances, making consistent
detection more difficult. Moreover, the temporal
boundaries of these actions are often ambiguous,
contributing to reduced prediction accuracy. The
most challenging actions, with F1-scores below 0.3,
include fold, turn_to, and squat. These actions
may be visually subtle (e.g., folding clothes), or de-
pend on abstract goals (e.g., “turning” to an item),
which limit the model’s ability to detect from visual

cues alone. Additionally, there are actions that the
model fails to track entirely, such as throw, jump,
fall_back, and climb. These failures could be
attributed to their rarity in the training data and the
lack of a clear visual associated with these actions.

Object Accuracy In addition to analyzing ac-
tion types, object recognition is crucial to our
event timeline tracking module. To investigate the
model’s capability in tracking objects, we conduct
a similar analysis, as shown in Figure 8. Given
the large number of object categories, we focus
on the top-20 and bottom-20 objects based on
the F1-scores of the LoRA-finetuned Qwen2.5-
VL model. Importantly, this analysis only con-
siders objects associated with correctly predicted
actions to isolate errors related to object ground-
ing. Interestingly, the top-performing objects are
predominantly associated with living rooms and
bathrooms, such as keyboard, computer, sofa,
faucet, toothpaste, and toilet. These objects
tend to have consistent appearances and are usu-
ally involved in well-structured, visually distinctive
interactions (e.g., typing on a keyboard, using a toi-
let, or sitting on a sofa), which likely contributes
to their higher detection accuracy. In contrast, the
bottom-performing objects, such as cupcake, pie,
chips, cutlery fork, and milk, are largely asso-
ciated with kitchen scenes. These objects are often
small, visually similar to one another, or partially
occluded during interaction, making them more
challenging to identify reliably. Moreover, kitchen
scenes typically involve a wider variety of objects
and fine-grained manipulations, which introduces
additional complexity in object grounding.

This contrast reveals an important insight as the
model performs better in scenes with a limited and
consistent set of objects and actions (e.g., bath-
rooms and living rooms) compared to more clut-
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t Question Gold Responses Dialogues Only Context Dialogues and Event
Timelines

Dialogues and GVR-
based Event Timelines

1 Where does the man get
the wine?

He grabs the wine off of
one of the tables in the
kitchen.

He gets it from the
kitchen table.

From the kitchen table. From the kitchen table.

2 Does the man place the
wine back on the same
table, or on a different
table?

He puts it back onto the
same table.

He places it on a differ-
ent table.

He places it on the same
table he got it from.

He places it back onto
the same table.

3 How many dirty wine
glasses are there?

He picks up two dirty
wine glasses.

Just one. There are two dirty wine
glasses.

There are two dirty wine
glasses.

4 Does he wash the wine
glasses?

No, he only empties
them and puts them into
the sink.

No, he takes them to the
sink.

No, he takes them to
the sink and leaves them
there.

No, he takes them to the
sink but doesn’t wash
them.

5 Where does the man get
the knife?

He picks it up from the
kitchen table.

He gets the knife from
the counter near the
sink.

He gets the knife from
one of the tables in the
kitchen.

He gets the knife from
the kitchen table.

6 Does the man place any
items in addition to the
one knife?

Yes, he places a second
knife.

No, just the knife. Yes, he places down a
wine glass as well.

No, just the one knife.

7 Does he procure the two
knives from the same ta-
ble?

No, he gets the knives
from different tables.

Yes, they were on the
same table.

Yes, they were both on
the same table.

Yes, both were picked
up from the same table.

8 Does he place the knives
at the same table set-
ting?

Yes, he places both
knives at the same place
setting.

Yes, he places both
knives on the same ta-
ble.

Yes, he places both
knives on the same ta-
ble.

Yes, he places both
knives on the same ta-
ble.

9 Is the man holding any-
thing when he falls?

Yes, he is holding two
items.

No, he is empty handed. Yes, he is holding a bot-
tle of liqueur and a cup-
cake.

Yes, three items.

10 What is the man hold-
ing?

He is holding a cupcake
and a jug of milk.

No, he is empty handed. A towel and a bottle of
liqueur.

A bowl of cereal and
some milk.

Table 7: The actual generated responses for dialogue ID 0006401 by LoRA finetuned Qwen2.5-VL under two
different settings for grounding context: (1) dialogue only, (2) dialogues with event timelines, and (3) dialogues
with GVR-based event timelines. Text in red color indicates the inaccurate information within the response.
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Figure 7: Performance of LoRA finetuned Qwen2.5-VL by the action types, ranked by the F1-score.

tered and dynamic environments like kitchens. This
suggests that object and scene complexity signif-
icantly influence the model’s event tracking per-
formance, highlighting the need for more robust

training across diverse, visually complex settings.

A.4 Task Instructions
We present the prompt instructions and in-context
examples for each of our experimental setups.
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k Gold ET Predicted ET Predicted ET + GVR

1 inside(person, kitchen) inside(person, kitchen) inside(person, kitchen)

next_to(person, kitchen table) next_to(person, kitchen table)

attached_to(wineglass, person) next_to(person, wine)

walk_to(person, wine) put(person, wineglass, in/on kitchen table) put(person, wine, in/on kitchen table)

grab(person, wine, from kitchen table) walk_to(person, wine) walk_to(person, wine-2)

walk_to(person, kitchen table) grab(person, wine, from kitchen table) grab(person, wine-2, from kitchen table)

put(person, wine, in/on kitchen table) walk(person) walk(person)

walk(person)

2 inside(person, kitchen) inside(person, kitchen) inside(person, kitchen)

walk_to(person, wineglass) walk_to(person, water glass) walk_to(person, water glass)

grab(person, wineglass, from kitchen table) grab(person, water glass, from kitchen table) grab(person, water glass, from kitchen table)

walk(person) walk_to(person, kitchen table) walk_to(person, water glass-2)

put(person, water glass, in/on kitchen table) grab(person, water glass-2, from kitchen table)

3 inside(person, kitchen) inside(person, kitchen) inside(person, kitchen)

next_to(person, wineglass-2) next_to(person, kitchen table) next_to(person, water glass)

attached_to(wineglass, person) attached_to(water glass, person) attached_to(juice, person)

grab(person, wineglass-2, from kitchen table) put(person, water glass, in/on kitchen table) grab(person, water glass, from kitchen table)

walk_to(person, sink) walk_to(person, cupcake) walk_to(person, sink)

pour(person, wineglass, into sink) grab(person, cupcake, from kitchen counter) pour(person, water glass, into sink)

eat(person, cupcake)

4 inside(person, kitchen) inside(person, kitchen) inside(person, kitchen)

next_to(person, sink) next_to(person, sink) next_to(person, sink)

attached_to(wineglass, person) attached_to(wineglass, person) attached_to(wineglass, person)

attached_to(wineglass-2, person) attached_to(wineglass-2, person) attached_to(wineglass-2, person)

pour(person, wineglass, into sink) pour(person, wineglass, into sink) pour(person, wineglass-2, into sink)

pour(person, wineglass-2, into sink) pour(person, wineglass-2, into sink) put(person, wineglass, in/on sink)

5 inside(person, kitchen) inside(person, kitchen) inside(person, kitchen)

next_to(person, sink) next_to(person, sink) next_to(person, sink)

attached_to(wineglass, person) attached_to(water glass, person) attached_to(water glass, person)

attached_to(wineglass-2, person) attached_to(water glass-2, person) attached_to(water glass-2, person)

pour(person, wineglass-2, into sink) pour(person, water glass, into sink) pour(person, water glass-2, into sink)

put(person, wineglass, in/on sink) pour(person, water glass-2, into sink) put(person, water glass, in/on sink)

put(person, wineglass-2, in/on sink) put(person, water glass, in/on sink) put(person, water glass-2, in/on sink)

walk(person) put(person, water glass-2, in/on sink)

Table 8: The actual outputs for event timeline tracking of the first five video segments of scenario video ID 00064
by Qwen2.5-VL, which was fine-tuned for our approach.
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Figure 8: Performance of fine-tuned Qwen2.5-VL for top- and bottom-20 predicted objects, ranked by the F1-score.

Prompt for Event Timeline Tracking The event
timeline tracking task employs two types of sys-
tem prompts. One is for single-pass event timeline

tracking, and the other is for our proposed GVR-
based. The prompts for the single-pass and GVR-
based inference are shown in Figures 9 and 10.
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t Question Gold Responses Dialogues Only Context Dialogues and Event
Timelines

Dialogues and GVR-
based Event Timelines

1 Which activity did the
man do in the begin-
ning?

He started by drinking
milk.

He started by making
some cold cereal.

He started by drinking
some milk.

He started by drinking
some milk.

2 Where did he drink
milk?

In the kitchen. In the kitchen. In the kitchen. In the kitchen.

3 Was his next activity
also performed in the
kitchen?

Yes, he turned off the
light in the kitchen and
then went to the living
room.

Yes, it was. Yes, it was. No, it was in the living
room.

4 What did he do in the liv-
ing room?

He picked up some
books and then fell over.

Nothing really, he just
walked into it.

He picked up two books
but fell over.

He picked up two books
but fell over.

5 How many books did he
pick up?

Two. Two books. Two. Two books.

6 What happened next? He got up again but soon
fell over as he as trying
to walk.

Next, he went back into
the kitchen to cook some
potatoes.

Next, he went back to
the kitchen to take out
some milk from the
fridge.

Next, he opened and
closed the fridge but
didn’t seem to take any-
thing out.

7 Was this also in the liv-
ing room?

It was indeed. Yes, it was. Yes, it was. Yes, it was.

8 Where did he go after
falling?

He went back to the
kitchen.

Back into the kitchen. Back into the kitchen. Back to the kitchen.

9 What did he do this
time?

He did some cooking on
the stove.

He placed a wine glass
on the table.

First he took out some
milk from the fridge.

He cooked some fried
bread.

10 What did he cook? Some fried bread with
milk.

Some kind of porridge
or cereal.

Some milk. Some fried bread with
milk.

11 Can you tell me any-
thing else about the
man’s activities?

He spent most of his
time either in the living
room or the kitchen.

After cooking, he placed
a wineglass on the table.

He spent most of his
time in the kitchen.

After finishing the milk
bread dish he grabbed a
plate from the counter.

Table 9: The actual generated responses for dialogue ID 0041202 by LoRA finetuned Qwen2.5-VL under two
different settings for grounding context: (1) dialogue only, (2) dialogues with event timelines, and (3) dialogues
with GVR-based event timelines. Text in red color indicates the inaccurate information within the response.

Other details inside the GVR-based event tracking
prompt are presented in Figure 11.

Fixed Set of Interaction and Objects for Pro-
prietary Models The part of the prompt that in-
structs on a fixed set of plausible interactions and
objects used by proprietary models is shown in Fig-
ure 12. This part of the prompt is inserted between
the format specification and the output structure of
the prompts for single-pass and GVR-based event
timeline tracking in Figures 9 and 10.

Few-shot Examples for Single-Pass Event Time-
line Tracking The in-context examples for gen-
erating single-pass event timelines for the few-shot
settings used by proprietary models are shown in
Figure 13.

Prompt for Dialogue Response Generation We
use the default prompt provided by each model
across all settings, except when the model uses
GVR-based event timelines. The prompt for such
a model setting is shown in Figure 14.

Prompt for Template-based Caption Generation
Figure 15 presents the prompt used to instruct the

VLMs to generate the template-based caption given
the video frames.

Prompt for Refined Caption Generation The
prompt presented in Figure 16 is used by the VLMs
to generate the refined video caption given a sce-
nario video.

Refined Caption Creation The ground-truth re-
fined captions for model fine-tuning are generated
from the template captions using the following
prompt shown in Figure 17.

Prompt for Fact Corruption Figure 18 presents
a full prompt for producing a corrupted fact given
an original fact.

A.5 Human Evaluation Protocol

We conducted a human evaluation of model re-
sponses using the annotation interface shown in
Figure 19. During annotation, workers were able
to inspect the video, the previous dialogue his-
tory, and the reference answer before rating the
model responses. The interface presented multiple
model responses to the same question on a single
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k Gold ET Predicted ET Predicted ET + GVR

1 inside(person, bedroom) inside(person, bedroom) inside(person, bedroom)

walk_to(person, kitchen) walk_to(person, kitchen) walk_to(person, kitchen)

walk(person) walk_to(person, chicken) walk_to(person, salmon)

grab(person, chicken, from kitchen counter) grab(person, salmon, from kitchen counter)

2 inside(person, kitchen) inside(person, kitchen) inside(person, kitchen)

next_to(person, milk) next_to(person, milk) next_to(person, plate)

grab(person, milk, from kitchen counter drawer) grab(person, milk, from kitchen counter) grab(person, plate, from kitchen counter)

walk_to(person, kitchen table) walk_to(person, water glass) walk_to(person, water glass)

put(person, milk, in/on kitchen table) grab(person, water glass, from kitchen table) grab(person, water glass, from kitchen table)

drink(person, water glass) walk(person)

3 inside(person, kitchen) inside(person, kitchen) inside(person, kitchen)

next_to(person, kitchen table)

next_to(person, milk)

put(person, milk, in/on kitchen table) walk_to(person, water glass) walk_to(person, water glass)

walk_to(person, water glass) grab(person, water glass, from kitchen table) grab(person, water glass, from kitchen table)

grab(person, water glass, from kitchen table-2) walk_to(person, kitchen table) walk_to(person, water glass-2)

walk_to(person, kitchen table) put(person, water glass, in/on kitchen table) grab(person, water glass-2, from kitchen table)

put(person, water glass, in/on kitchen table)

4 inside(person, kitchen) inside(person, kitchen) inside(person, kitchen)

next_to(person, kitchen table) next_to(person, water glass) next_to(person, water glass)

next_to(person, water glass)

put(person, water glass, in/on kitchen table) grab(person, water glass, from kitchen table) grab(person, water glass, from kitchen table)

walk_to(person, milk) walk_to(person, kitchen table) walk_to(person, water glass-2)

grab(person, milk, from kitchen table) put(person, water glass, in/on kitchen table) grab(person, water glass-2, from kitchen table)

walk_to(person, water glass) walk_to(person, milk) walk_to(person, water glass-2)

pour(person, milk, into water glass) grab(person, milk, from kitchen table) pour(person, water glass, into water glass-2)

5 inside(person, kitchen) inside(person, kitchen) inside(person, kitchen)

next_to(person, water glass) next_to(person, water glass) next_to(person, water glass)

attached_to(milk, person) attached_to(milk, person) attached_to(milk, person)

pour(person, milk, into water glass) pour(person, milk, into water glass) pour(person, milk, into water glass)

grab(person, water glass, from kitchen table) grab(person, water glass, from kitchen table) grab(person, water glass, from kitchen table)

drink(person, water glass) drink(person, water glass) drink(person, water glass)

Table 10: The actual outputs for event timeline tracking for the first five video segments of scenario video ID 00412
by Qwen2.5-VL that was finetuned for our two-stage approach.

screen, while the order and display positions of
the responses were randomized for each sample
to reduce position bias. For each response, three
human annotators independently assigned a score
from 1 to 3, where 1 indicates Poor and 3 indicates
Excellent. The final score for each response was
determined by majority vote among the three an-
notators. When no majority score was obtained
from the initial three annotations, a fourth annota-
tor was assigned only to that sample and served as
a tie-breaker. We then used the resulting majority
score as the final score for the corresponding re-
sponse. For each model, we computed the average
of the final majority scores over all evaluated sam-
ples. Since the raw scores are on a 1–3 scale, we
converted the average score to a 0–100 scale for
reporting.
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Prompt for Single-pass Event Timeline Tracking

You are an expert assistant that analyzes short video
segments showing human activities in home environments.

Your task is to output structured information that
summarizes the video as:
1. An initial **spatial state** describing key entities (person,
objects, and locations) at the beginning of the video. This is
represented under the ‘start:‘ key.
2. A sequence of **actions** performed by the person,
listed in temporal order under the ‘actions:‘ key.

### Format Specification
- **start:** A list of spatial or possession relations, using
the format: relation(subject, object)

Spatial relations include:
- inside(subject, location)
- next_to(subject, object)
- attached_to(object, person) -> indicates possession (e.g.,
the person is holding or carrying the object)
- **actions:** A list of actions performed by the person, in
the following formats:
- verb(subject)
- verb(subject, object)
- verb(subject, object, with tool)
- verb(subject, object, in/on location/surface)
- verb(subject, object, from location)

### Output Format
start: [relation(subject, object); relation(subject, object); ...]
actions: [verb(...); verb(...); ...]

- Use lowercase throughout.
- Use ‘;‘ to separate items in each list.
- Avoid background or irrelevant objects.
- Do not include narrative, explanations, or full sentences-
only structured output.

Figure 9: Prompt for a single-pass ET tracking.

Prompt for a GVR-based Event Timeline Tracking

You are an expert assistant that analyzes short video segments
showing human activities in home environments.

Your task is to produce a structured event track for
the video segment.

The event track consists of:
1) initial spatial states describing key entities (person, objects,
and locations) at the beginning of the video segment
2) a sequence of actions performed by the person

You may be given:
- a committed list: previously accepted states and actions that
should be treated as trusted context
- a candidate list: newly proposed states and actions that must
be verified before being trusted

Your behavior depends on the input:
1. If no candidate list is provided:
- generate the full event track for the video segment under the
section "completion"

2. If a candidate list is provided:
- first evaluate each candidate item with respect to the
video segment and the committed list under the section
"verification"
- then generate the remaining after the committed list and the
latest true candidate under the section "completion"
- do not continue from false candidate items
- do not copy candidate items into the completion unless they
are actually part of the remaining event track supported by
the video

### Format Specification
### Output Structure
### Verification Rules
### Completion Rules
### Important Rules

### Example 1: no candidate list

Input:
committed
-

candidate
-

Output:
completion
state: inside(person, livingroom)
state: next_to(person, chair)
state: attached_to(paper, person)
action: sit_on(person, chair)
action: write_on(person, paper)
action: stand_up(person)
end

### Example 2: w. committed and candidate lists

Input:
committed
state: inside(person, bedroom)
state: attached_to(wineglass, person)

candidate
action: walk_to(person, kitchen)
action: grab(person, milk carton, from kitchen table)
action: put(person, milk carton, on kitchen counter)
end

Output:
verification
action: walk_to(person, kitchen) [true]
action: grab(person, milk carton, from kitchen counter)
[false]

completion
action: grab(person, wine bottle, from kitchen table)
action: pour(person, wine, into wineglass)
action: drink(person, wineglass)
end

Figure 10: Prompt for a GVR-based ET tracking.
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Details for a GVR-based Event Timeline Tracking

### Format Specification

Each line must strictly follow one of the formats be-
low.

State format:
state: relation(subject, object)

Allowed spatial relations:
- inside(subject, location)
- next_to(subject, object)
- attached_to(object, person) -> indicates possession (e.g., the
person is holding or carrying the object)

Action formats:
- action: verb(subject)
- action: verb(subject, object)
- action: verb(subject, object, with tool/into tool/on location/in
location/ from location)

### Output Structure
If no candidate list is provided, output only:

completion
state: ...
state: ...
action: ...
action: ...
end

If a candidate list is provided, output exactly two sec-
tions in this order:

verification
item [true]
item [false]

completion
state: ...
action: ...
...
end

### Verification Rules

- Evaluate only the candidate items (including "end" in
the candidate list).
- Repeat each candidate item exactly as given, then append
[true] or [false].
- Judge each candidate item based on the video segment and
the committed list.
- Stop verification when one of the candidate items is not true.
- A candidate item is [true] only if it is clearly supported by
the video and consistent with the committed list.
- A candidate item is [false] if it is unsupported, contradicted
by the video, or inconsistent with the committed list.

### Completion Rules

- The completion must describe the remaining event
track after the committed list and the latest true candidate.
- If no committed list is provided, the completion must
describe the full event track.
- Do not repeat committed items in the completion.
- Do not include explanations or full sentences.
- First list all remaining states, then list all remaining actions.
- Do not list states that are not represented at the start of the
video segment (only the first video frame).
- Output "end" exactly once to indicate the end of the
completion sequence.

### Important Rules

- Only include entities that are relevant to the event
track.
- Do not include background or irrelevant objects.
- Only the initial spatial states of key entities (focus on person)
at the start of the video segment are required.
- The action list should follow the order in which the actions
occur.

Figure 11: Format specification, output structure, and
rules inside the prompt for the GVR-based ET tracking.

Fixed Set of Subjects-Relations-Objects for Event Timeline
Tracking

### Allowed Vocabulary (Closed Set Constraint)

You must use **only the following predefined vocabu-
lary** when producing outputs.

- **Allowed verbs:**
walk, walk_to, run, jump, climb, turn_to, sit_on,
stand_up, straddle, squat, fall, fall_back, fall_on_the_table,
fall_while_sitting_on, grab, put, throw, shake, fold, open,
close, switch_on, switch_off, touch, squeeze, find, look_at,
read, write_on, type_on, text_on, eat, drink, pour, rinse, soak,
scrub, wipe, brush, stretch, do_leg_exercises

- **Allowed subjects:**
person

- **Allowed objects/locations/surfaces/tools:**
kitchen, livingroom, bedroom, bathroom, floor, kitchen
counter, kitchen counter drawer, kitchen cabinet, kitchen table,
kitchen furniture, coffee table, desk, TV stand, bookshelf, wall
shelf, sofa, chair, bench, bed, toilet, sink, faucet, bathroom
counter, dish washer, stove, microwave, fridge, toaster, cabinet,
closet, closet drawer, door, curtains, lightswitch, wall picture
frame, TV, computer, keyboard, mouse, cellphone, remote
control, book, book stack, notes, paper, pen, box, laundry, pile
of clothes, pants, shirt, towel, towel stack, pillow, slippers,
garbage can, dish bowl, dish bowl stack, plate, cutlery knife,
cutlery fork, wineglass, water glass, washing sponge, dish
washing liquid, bar soap, toothbrush, toothpaste, face cream,
alcohol, wine, juice, milk, cereal, crackers, chips, cupcake,
creamybuns, slice of bread, salmon, chicken, salad, potato,
carrot, chocolate syrup, cat

Figure 12: Fixed set of plausible subjects, verbs, and
objects for the event timeline tracking.

Examples for Single-Pass Event Timeline Tracking

### Example Output #1

start: [inside(person, kitchen); next_to(person, cutlery
knife); next_to(person, kitchen table); attached_to(cutlery
fork, person)]
actions: [put(person, cutlery fork, on kitchen table);
walk_to(person, wineglass); grab(person, wineglass, from
kitchen table); walk(person)]

### Example Output #2

start: [inside(person, kitchen); attached_to(cupcake,
person); attached_to(remote control, person)]
actions: [walk_to(person, livingroom); walk_to(person, sofa);
sit_on(person, sofa); eat(person, cupcake)]

### Example Output #3

start: [inside(person, bathroom); next_to(person, toi-
let)]
actions: [sit_on(person, toilet); stand_up(person); fall(person)]

### Example Output #4

start: [inside(person, livingroom); next_to(person, chair);
attached_to(paper, person)]
actions: [sit_on(person, chair); write_on(person, paper);
stand_up(person)]

### Example Output #5

start: [inside(person, bedroom); attached_to(shirt, per-
son)]
actions: [shake(person, shirt); fold(person)]

Figure 13: 5-shot examples for a single pass ET tracking
used by proprietary models.
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Prompt for a Dialogue Response Generation

You are an intelligent assistant that answers questions about
human activities in home environments.

You are given:
1. A normal distributed sampling of video frames.
2. A dialogue history between the user and the assistant.
3. A set of predicted event facts extracted from video
segments.
3. A user question.

Your task is to answer the question using the avail-
able information.

The event facts are predictions produced by an event
tracking model. Each fact is labeled with either [true] or
[false].

Interpret these labels as follows:
- [true] indicates the fact is likely correct and can be used as
reliable evidence.
- [false] indicates the fact is likely incorrect or uncertain and
should not be trusted unless strongly supported by other
information. When [false] is presented for one fact, the
entire event sequence after this fact is not presented. Thus,
you must infer the accurate evidence from the video frames.

When reasoning about the answer:
- Carefully check the visual evidence based on the given
frames.
- Prefer facts in video segments labeled [true].
- Treat facts labeled [false] as low-confidence evidence.
- Ignore [false] facts if they conflict with reliable facts.
- If no reliable evidence exists, answer based on the most
plausible interpretation of the video events.

Figure 14: Prompt for dialogue response generation
when the GVR-based ET is used.

Prompt for Template-based Caption Generation

You are analyzing a short video clip of a person in a home
environment.

Your task is to generate a caption describing the per-
son’s actions and the objects they interact with in the clip.

### Format Specification

- Describe object locations and spatial relations using
declarative statements.
Example:
- The person is in the living room.
- The TV is on the TV stand.
- The remote control is next to the person.

- Describe object state changes (e.g., ON/OFF) with
temporal clarity.
Example: The TV is OFF.
- The TV is ON.

- Describe the person’s every action step-by-step in
chronological order.
Example:
- He walks to the TV.
- He grabs the remote control.

### Strict Rules
- Preserve the temporal order of actions as they occur in the
video.
- Avoid background or irrelevant objects that are not directly
involved in the actions.

Figure 15: Prompt for a template-based caption genera-
tion.

Prompt for Refined Caption Generation

You are analyzing a short video clip of a person in a home
environment.

Your task is to generate a caption describing the per-
son’s actions and the objects they interact with in the clip.

### Strict Rules
- Preserve the temporal order of actions as they occur in the
video.
- Avoid background or irrelevant objects that are not directly
involved in the actions.

Figure 16: Prompt for a refined caption generation.

Refined Caption Creation

Please summarize the following text without adding any
extra information: {template_caption}

Figure 17: Refined caption creation.

Prompt for Fact Corruption

You will corrupt the following fact by changing exactly
ONE element.

Rules:
- The corrupted fact must remain grammatically valid and
present plausible state/action inside home environments.
- Change or add one or more component (verb, object, or
location).
- "person" in the fact MUST NOT be changed to something
else.
- "walk(person)" and "walk_to(person, location)" MUST
BE changed entirely with new fact with a verb, object, and
location.
- Do not change "attached_to(object, person)" with "at-
tached_to(object, dog)" or "attached_to(object, cat)".
- Do not simply change verbs, objects, locations with their
synonyms.
- Output only the corrupted fact.

Examples

Input -> Output
grab(person, cupcake, from kitchen table) -> put(person,
wineglass, from kitchen table)
grab(person, milk carton, from kitchen table) -> grab(person,
milk carton, from refrigerator)
inside(person, kitchen) -> inside(person, bedroom)
walk(person) -> sit(person, chair)
walk_to(person, salmon) -> grab(person, milk carton)
attached_to(salmon, person) -> attached_to(wineglass,
person)

Figure 18: Prompt for corrupting facts.
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Figure 19: Human evaluation interface.
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