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Abstract

Training Vision Language Models (VLMs) for video event
reasoning requires high-quality structured annotations cap-
turing not only what happened, but when, where, why, and
with what consequence, at a scale manual labelling cannot
support. We present MAVEN (Multi-stage Agentic Video
Event aNnotation), a multi-stage agentic pipeline that turns
raw videos into multi-task training data with Chain-of-
Thought (CoT) reasoning traces, organized around a des-
ignated Event of Focus. At its core, MAVEN synthesizes a
Multi-Scale Spatio-Temporal Event Description (MSTED)
from three complementary caption levels; this explicit in-
termediate serves as the sole input to downstream Q&A
generation across multiple task formats. Crucially, MAVEN
supports agent-driven domain adaptation: given a new video
dataset and target question examples, the agent redesigns
all prompts top-down without manual re-engineering. A
hierarchical refinement loop further classifies annotation
errors against a taxonomy, traces root causes to the origi-
nating pipeline stage, and applies targeted edits that rewrite
prompts or modify the pipeline structure itself, iteratively im-
proving data quality. We apply MAVEN to label over 5,300
traffic videos and fine-tune Cosmos-Reason2-8B on the re-
sulting data. On a private CCTV evaluation set, fine-tuning
surpasses both Gemini 2.5 Pro and 3.1 Flash, including
a +38.8-point gain in MCQ accuracy over zero-shot. On
AccidentBench, CCTV-only training lifts Cosmos-Reason2
by +10.7 MCQ points and matches Gemini 2.5 Pro despite
seeing no dashcam videos; adding agent-adapted dashcam
annotations narrows the gap to Gemini 3.1 Flash, and RL
post-training pushes overall performance past both Gemini
baselines. Qualitative results on warehouse surveillance
and public safety videos further show the agentic workflow
readily adapts the pipeline to new domains.

1. Introduction

Training Vision Language Models (VLMs) for video event
reasoning poses a common analytical demand: understand-
ing who was involved, what sequence of events unfolded,
where and when key moments occurred, and why the event

happened. This structured causal reasoning is critical for
intelligent transportation systems, workplace safety moni-
toring, and physical AI, yet remains precisely where recent
VLMs fall short despite strong general video understanding.

The central challenge is training data. Structured chain-
of-thought (CoT) annotations for video events (descriptions
capturing temporal dynamics, spatial relationships, causal
factors, and multi-step reasoning) are expensive to produce
at scale. Existing auto-labeling approaches [3, 13, 23] ei-
ther rely on flat single-pass video descriptions that perma-
nently lose fine-grained detail, or are constrained to fixed
taxonomies and domain-specific sensor inputs, limiting gen-
eralizability. None produce a reusable intermediate event
representation that can ground diverse downstream task for-
mats from a single annotation pass.

We present MAVEN (Multi-stage Agentic Video Event
aNnotation), a multi-stage agentic pipeline that addresses
this gap. We define the Event of Focus (EoF) as any no-
table event in video, whether anomalous or routine within
its domain, that the pipeline should characterize and gen-
erate training data around. The core design principle is to
construct the most complete structured representation of the
scene and Event of Focus before generating any downstream
annotation. MAVEN proceeds in three stages: (1) three-
level video captioning capturing global context, dense times-
tamped events, and fine-grained chunk-level detail; (2) syn-
thesis of a Multi-Scale Spatio-Temporal Event Description
(MSTED) that consolidates all caption levels into a struc-
tured characterization of the Event of Focus; and (3) gen-
eration of multi-task CoT Q&A (MCQ, binary verification,
and open-ended) grounded solely on the MSTED. Because
all downstream annotations derive from the MSTED rather
than the raw video, the Q&A generator cannot hallucinate
details absent from the structured representation, and human
reviewers can audit the MSTED as a natural verification
checkpoint before large-scale Q&A generation.

Crucially, MAVEN supports agent-driven domain adapta-
tion: given target benchmark question examples and a new
video domain description, an agent consultation workflow
redesigns prompts top-down across all pipeline stages, adapt-
ing the pipeline to new video domains, camera views, event
types, and question styles automatically without manual re-



engineering.
Beyond one-shot adaptation, MAVEN supports hierarchi-

cal pipeline refinement from human feedback. When review-
ers identify systematic annotation issues, the agent classifies
errors against a structured taxonomy, traces each root cause
through the pipeline hierarchy to the originating stage, and
applies targeted fixes: rewriting prompts for gaps the current
configuration misses, or inserting new pipeline stages for
structural limitations that prompt changes alone cannot ad-
dress. This distinguishes MAVEN from static pipelines that
degrade silently when applied to challenging video distribu-
tions.

We apply MAVEN to label over 5,300 traffic videos
(3,841 CCTV and 1,500 dashcam) and fine-tune Cosmos-
Reason2 [18] on the resulting data. On our private CCTV
evaluation set, fine-tuning yields +38.8, +35.0, and +24.1
point improvements in MCQ accuracy, verification accuracy,
and open-ended score over zero-shot, respectively, surpass-
ing both Gemini 2.5 Pro and Gemini 3.1 Flash [8] on all
three metrics. On the public AccidentBench [11] benchmark,
our CCTV-trained model, which has never seen dashcam
footage during training, matches Gemini 2.5 Pro, demon-
strating that the structured CoT reasoning capability induced
by the pipeline is generalizable rather than domain-specific.
Adding agent-adapted dashcam annotations narrows the gap
to Gemini 3.1 Flash, and RL post-training pushes overall
performance past both Gemini baselines while CCTV evalua-
tion set performance remains stable. We additionally demon-
strate qualitative generalization of the agentic pipeline to
warehouse surveillance and public safety domains.
Contributions:
• Pipeline. MAVEN: a multi-stage agentic pipeline produc-

ing structured MSTED descriptions and multi-task CoT
Q&A from raw videos, structured around Events of Focus
with an explicit intermediate representation that avoids the
information loss of single-pass approaches.

• Agentic domain adaptation. An agent consultation work-
flow, packaged as a single Agent Skill [1], that adapts the
pipeline to new domains and question styles given only a
domain description and example questions, requiring no
manual prompt engineering.

• Hierarchical refinement. A structured three-stage refine-
ment process (error taxonomy classification, root cause
tracing through the pipeline hierarchy, and targeted config-
uration edits) that distinguishes prompt gaps from struc-
tural limitations and resolves each appropriately.

• Dataset. 3,841 CCTV and 1,500 dashcam traffic videos
labeled with diverse CoT training data across three task for-
mats; qualitative demonstrations on warehouse and public
safety domains.

• Results. Empirical evidence that structured intermediate
representations enable domain-general reasoning: CCTV-
only training matches Gemini 2.5 Pro on dashcam bench-

marks, and agent-adapted dashcam training with RL post-
training exceeds both Gemini baselines without degrading
in-domain performance.

2. Related Work

2.1. Video Anomaly Datasets and Benchmarks
Prior video anomaly datasets largely target frame- or clip-
level classification rather than structured reasoning. UCF-
Crime [21] established the weakly-supervised surveillance
paradigm with 1,900 videos across 13 categories, while
CADP [20] provides spatio-temporal annotations. None
include the causal reasoning chains (why the accident oc-
curred, what behaviors contributed, what followed) needed
to train reasoning VLMs.

Recent VLM-oriented benchmarks have begun to fill
this gap. AccidentBench [11] provides ∼19,000 human-
annotated MCQ pairs stratified by difficulty and reasoning
type, including temporal reasoning, spatial reasoning, and
intent goal reasoning; its land split is our primary public
benchmark. SurveillanceVQA-589K [16] shows the scale
achievable with AI-assisted labeling for open-ended Q&A.
These works evaluate reasoning but do not themselves gen-
erate training data; MAVEN addresses this gap by producing
diverse CoT Q&A grounded in structured event representa-
tions.

2.2. Auto-labeling and Training Data for Video
VLMs

General-purpose video-language models [4, 22] show strong
video understanding, but structured causal reasoning (fault
attribution, temporal localization, consequence prediction)
remains weak without targeted fine-tuning. The bottleneck
is data: chain-of-thought annotation at scale requires either
prohibitive human effort or automated pipelines that preserve
fine-grained detail. The dominant approach uses stronger
models to label reasoning data for weaker, deployable ones.
Cosmos-Reason1 [3] compresses each video into a single
global description before synthesizing Q&A, which is scal-
able but lossy. VAD-Reasoning [13] concatenates per-frame
captions and prompts an LLM for anomaly explanations,
missing events between sampled frames. Alpamayo-R1 [23]
targets ego-centric autonomous driving within a closed taxon-
omy and requires proprietary sensor metadata unavailable in
general surveillance, while VLM-AutoDrive [6] post-trains
VLMs on dashcam safety-critical events within a fixed task
formulation. Closest to our data pipeline, LongVILA-R1 [7]
chunks long videos, captions each chunk, and uses an LLM
to consolidate the chunk captions into CoT training data
for long-video reasoning. Though not directly comparable,
these designs inspired MAVEN’s multi-scale captioning and
its emphasis on an explicit intermediate representation.

MAVEN differs from these approaches structurally in two



ways. First, rather than flat chunk captions alone, MAVEN
produces a hierarchical three-level decomposition that is
mutually corrective across scales. Second, rather than con-
solidating directly into Q&A, MAVEN synthesizes an explicit
structured intermediate (the MSTED) that serves as a veri-
fication checkpoint and the sole input to downstream Q&A
generation, avoiding irrecoverable information loss while en-
abling multiple task formats from a single annotation effort.

2.3. Agentic Pipelines for Video Understanding
LLM-based agents are an emerging tool for both video
analysis and data curation. At inference time, several
frameworks apply agentic reasoning to anomaly detection:
QVAD [5] treats VLM-LLM interaction as a dynamic dia-
logue, PANDA [26] deploys a planning-and-reflection “AI
Engineer” for VAD, Follow the Rules [25] translates normal-
ity definitions into textual rules, and VERA [27] optimizes
guiding questions offline. These improve how models reason
about anomalies at test time but do not address the upstream
problem of generating structured training data.

At data-generation time, Colon-Bench [12] introduces
a multi-stage agentic pipeline for dense colonoscopy an-
notation, integrating temporal proposals, tracking, AI con-
firmation, and human review; we share their orchestration
principle but target structured reasoning annotations rather
than spatial detection. Pipeline-level prompt optimization
has also been explored outside video: single-stage optimiz-
ers such as DSPy [14] and OPRO [24] address individual
tasks, while multi-stage optimizers like MIPRO [19] treat the
pipeline as a black box, unable to trace errors to their origi-
nating stage or distinguish prompt deficiencies from model
limitations. MAVEN’s agent, by contrast, performs backward
inference from target tasks to derive stage-level requirements
and modifies pipeline structure (not just prompt text) based
on human feedback. Unlike inference-time agents (QVAD,
PANDA), which operate on fixed models, our agent operates
at pipeline design time; unlike Colon-Bench’s fixed pipeline,
the MAVEN agent reconfigures top-down for each new do-
main without manual prompt engineering, making domain
adaptation a first-class capability.

3. Method

3.1. The MAVEN Pipeline
MAVEN (Figure 1) transforms raw videos into structured
CoT training data organized around Events of Focus (EoF),
defined as any notable events in the video whether anoma-
lous or routine, through three sequential stages. An EoF may
be anomalous (e.g., a traffic accident in smart-city surveil-
lance, or a worker safety incident in warehouse monitoring)
or routine (e.g., a pedestrian crossing at a signalized intersec-
tion, or a pick-and-place operation at a workstation); what
matters is that it is the salient event the pipeline characterizes

and generates training data around. For each video, the EoF
is selected automatically as the most salient event surfaced
during Stage 1 captioning; when a source dataset provides
an explicit event label (e.g., accident class), that label is used
to anchor the EoF.

The pipeline operates on a configuration (prompts and
structure) produced by the top-down adaptation workflow
(Section 3.2). When the hierarchical refinement loop (Sec-
tion 3.3) identifies a structural limitation, it can insert new
stages or modify existing ones without altering the core
three-stage design. The key design principle is to construct
the most complete structured representation of the scene and
event before generating any downstream annotation, factor-
ing the challenges of video understanding, event synthesis,
and task generation into distinct stages with explicit interme-
diate representations.

Stage 1: Three-level video captioning. A single-pass
video caption cannot simultaneously capture global scene
context, precise event timing, and fine-grained local detail.

We generate three complementary levels using a video
VLM (e.g., Gemini 3.1 Pro): (i) Global caption: a holistic
description capturing scene layout, weather, time of day, and
pre-event baseline behavior, establishing the context against
which a notable behavior is recognized; (ii) Dense caption:
a temporally grounded event-level description pairing each
major event with start and end timestamps, providing the
causal chain and timing needed for reasoning; (iii) Chunk
captions: fine-grained captions over short video segments
(5–30s depending on video length), recovering subtle behav-
iors, small objects, and brief decisive moments that a global
caption of a long clip would miss. These three levels are
designed to be mutually correcting: global captions provide
context that disambiguates vague chunk-level descriptions,
chunk captions recover details that dense captions under-
specify, and dense captions impose temporal structure that
organizes chunk-level observations.

Stage 2: MSTED synthesis. An LLM (e.g., Gem-
ini 3.1 Flash) consolidates all three caption levels into the
Multi-Scale Spatio-Temporal Event Description (MSTED),
consisting of three parts: (1) Holistic Scene Description: en-
vironment, weather, time of day, scene layout, and pre-event
baseline behavior; (2) Temporal and Spatial Localization:
a chronological narrative of the event’s progression with
precise start/end timestamps and spatial region; (3) Event
of Focus Description: a structured characterization of event
category, temporal and spatial properties, root cause, and
consequences (open-ended, with no predefined taxonomy).

The MSTED serves two critical roles. First, it acts as
a verification checkpoint: because the MSTED explicitly
characterizes all salient properties of the event in a structured
form, human annotators or automated validation can review
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Figure 1. The MAVEN pipeline, organized into three components: agent-assisted top-down configuration design (left), annotation pipeline
execution (center), and hierarchical pipeline refinement with human feedback (right).

it for completeness and accuracy before Q&A generation,
preventing error propagation into the training data. Second,
it is the sole input to Stage 3: Q&A generators never see
the raw video or original captions, only the MSTED. This
factorization ensures that all generated questions are answer-
able from explicitly captured information; the model cannot
hallucinate details absent from the structured representation.

Stage 3: Multi-task CoT Q&A generation. A second
LLM pass takes the MSTED as sole context and generates
three task formats, each with an explicit reasoning trace:
MCQ (4-option, with step-by-step reasoning on timestamps
and spatial locations); binary verification (yes/no ques-
tions with supporting reasoning); open-ended QA (free-
form questions requiring causal or descriptive reasoning).
The task types and question formats are fully configurable
via prompts; no architectural changes are required.

3.2. Agent-Driven Domain Adaptation
Adapting the pipeline to a new domain (e.g., from CCTV to
dashcam footage) or new task types typically requires man-
ual prompt re-engineering at each stage, a time-consuming
process requiring domain expertise. MAVEN automates this
by packaging the pipeline as a single Agent Skill [1]. Follow-
ing recent work [15] showing that a multi-agent committee
can be compiled into an equivalent single-agent-with-skills
system at substantially lower token and latency cost, we
adopt a single-orchestrator design. The skill is instanti-
ated via the opencode CLI harness1 backed by Claude
Opus 4.6 [2] with file-read, file-write, and bash tool access.
The Agent Skill abstraction is model- and harness-agnostic,
so the same skill can be executed under Claude Code, Codex,
or any other harness that supports Agent Skills.

The agent reads the base pipeline configuration files, the

1https://opencode.ai

domain description, and the target question examples as con-
text, and writes back updated prompts and any structural
edits. Given (1) the base pipeline configuration, (2) a target
domain description, and (3) desired question types, the agent
performs backward inference: what temporal granularity,
spatial relationships, and causal depth must the MSTED
capture to make those questions answerable? From this anal-
ysis, it derives a per-stage must-capture checklist, ensuring
that each captioning stage produces what downstream stages
will need, then rewrites all prompts to satisfy these require-
ments, adjusting for domain-specific visual characteristics,
camera perspectives, and event semantics.

For example, when adapting from CCTV to dashcam
footage targeting AccidentBench [11], the agent adjusted
captioning prompts for ego-vehicle perspective and motion
dynamics, and strengthened Q&A generation to emphasize
intent attribution and temporal reasoning, question types that
dominate the target benchmark. The result is a complete
domain-adapted pipeline configuration that can be applied
to new video batches without further human intervention.

3.3. Hierarchical Pipeline Refinement with Human
Feedback

Beyond one-shot domain adaptation, MAVEN supports iter-
ative pipeline refinement through natural-language human
feedback. When reviewers identify systematic issues in the
generated annotations, the agent diagnoses root causes and
updates the pipeline configuration accordingly, modifying
not just prompt text but pipeline structure. This refinement
proceeds through three structured stages.

Stage 1: Structured Error Taxonomy. Given human
feedback and sampled annotation outputs, the agent clas-
sifies each discrepancy against a fixed error taxonomy: mis-
information, hallucination, missing information, temporal
error, spatial error, and attribution error. This structured

https://opencode.ai


classification prevents over-diagnosis: not every output error
requires a pipeline change.

Stage 2: Root Cause Tracing Through Pipeline Hierarchy.
For each identified error, the agent traces responsibility back
through the pipeline hierarchy, from Q&A output through
the MSTED to the specific captioning level where the error
originates. It classifies the root cause as either a prompt gap
(the information was capturable but the prompt failed to elicit
it, fixable by prompt modification) or a system limitation (the
information cannot be recovered from the existing pipeline
stages, requiring structural intervention).

Stage 3: Prompt & Pipeline Edits Applied to Configura-
tion. Prompt gaps are resolved by rewriting the relevant
prompt; system limitations trigger a structural change, insert-
ing a new stage or modifying an existing one. For instance,
when a reviewer noted that uniform-length chunking some-
times splits events across chunk boundaries and yields inac-
curate chunk captions, Stage 2 diagnosed this as a system lim-
itation and Stage 3 introduced an additional captioning stage
supplementing the chunk captions: event-centered highlight
chunks. An LLM first identifies the key event timestamp
from the existing captions, then a variable-duration segment
is extracted around it for targeted re-captioning, producing
more accurate descriptions of the event itself and improving
MSTED temporal fidelity.

3.4. Training Dataset
CCTV corpus. We apply MAVEN to 3,841 open-source
traffic videos from roadside CCTV cameras: 808 accident
videos and 3,033 normal traffic videos. Each video is labeled
with all three task formats, yielding 3,841 MCQ, 7,682 bi-
nary verification, and 3,841 open-ended QA samples with
full CoT reasoning traces.

Dashcam corpus (agent-adapted). Using the agent-
adapted pipeline described in Section 3.2, we label 1,500
dashcam collision videos from the Nexar dataset [17]:
750 accident videos and 750 normal videos. The agent-
redesigned prompts target AccidentBench-style questions,
producing 11,200 MCQ samples with matching difficulty
gradations and task type coverage.

Evaluation sets. We evaluate on two held-out sets:
(i) Private CCTV evaluation set: 80 traffic CCTV videos
sourced from YouTube with human-labeled MSTEDs and
verified Q&A, totaling 80 MCQ, 160 binary verification,
and 80 open-ended samples. Focused on causal reasoning:
fault attribution, root cause identification, and consequence
characterization. (ii) AccidentBench [11] (land split): 1,630
videos with 17,069 human-annotated MCQ at three difficulty
levels (easy, medium, hard) and three task types (temporal,
spatial, intent). Short videos (1,500) are exclusively dash-

cam views, while medium-length (58) and long (70) videos
include a mixture of dashcam and CCTV footage.

3.5. Training Protocol
We fine-tune Cosmos-Reason2-8B (CR2) [18] on MAVEN-
labeled data following the now-standard SFT-then-RL pro-
tocol adopted in recent video and multimodal reasoning
work [3, 7, 9, 13, 23]: supervised fine-tuning (SFT) followed
by reinforcement learning (RL).

SFT. We fine-tune the full model for 3 epochs with a
learning rate of 1e−5, global batch size 512, using 8 ×
A100 GPUs. Video frames are sampled at rate 2 up to
128 frames per video. Each training example contains the
sampled video frames, the question, and the full CoT &
answer; loss is computed on the entire CoT and answer
tokens so the model learns to mimic the style and depth
of the generated reasoning traces before outputting a final
answer across all three task formats.

RL (DAPO). On top of the intermediate SFT checkpoint
after 1 epoch, we apply DAPO [28] for 1000 steps with
learning rate 1e−6. For each prompt we sample n=16,
with a prompt batch of 256 and mini-batch size 2. The
policy objective uses a symmetric clip range ϵlow=ϵhigh=0.2
and KL coefficient β = 0.01. The reward is a weighted
sum of (i) format correctness (wformat = 0.2), enforcing the
reasoning-trace schema with thinking tags, and (ii) answer
accuracy (wacc = 1), exact match for MCQ and binary veri-
fication. RL is applied only to MCQ and binary verification;
open-ended performance is evaluated but not RL-optimized.

4. Experiments
4.1. Experimental Setup
Following the training protocol in Section 3.5, we report
three model variants of CR2: + CCTV SFT (SFT on CCTV
data only), + Dashcam SFT (SFT on CCTV + agent-adapted
dashcam data), and + RL (RL post-training on CCTV + dash-
cam data, initialized from the + Dashcam SFT intermediate
checkpoint). We compare these against zero-shot CR2, Gem-
ini 2.5 Pro, and Gemini 3.1 Flash [8], all evaluated with
the same prompts. Evaluation is conducted on the private
CCTV evaluation set and the AccidentBench land split (Sec-
tion 3.4).

4.2. Private CCTV Evaluation Set
Table 1 shows results on our private CCTV evaluation set.
+ CCTV SFT yields dramatic improvements over zero-shot
CR2 across all three task formats (+38.8 MCQ, +35.0 veri-
fication, +24.1 open-ended points) and surpasses both Gem-
ini 2.5 Pro and Gemini 3.1 Flash on all three metrics. The
open-ended gap is particularly striking: zero-shot CR2 and
Gemini 2.5 Pro both score below 16% on rescaled BertScore
F1, likely because their default answer style diverges from



Model Training MCQ Verif. Open

Gemini 2.5 Pro 0-shot 82.50 76.25 15.60
Gemini 3.1 Flash 0-shot 80.00 70.63 23.20
CR2 0-shot 47.50 50.00 15.37

+ CCTV SFT SFT 86.25 85.00 39.45
+ Dashcam SFT SFT 86.25 83.75 39.47
+ RL SFT+RL 88.75 81.25 37.29

Table 1. Results on the private CCTV evaluation set (80 videos).
MCQ and verification are reported as accuracy (%); open-ended as
rescaled BertScore F1 (%).

the reference answers generated by our pipeline, whereas
fine-tuning on MAVEN data aligns the model’s output distri-
bution with the target answer format.

Adding agent-adapted dashcam data (+ Dashcam SFT)
keeps CCTV performance near-stable (Verif dips by 1.25
points; MCQ and open-ended remain essentially unchanged)
despite the domain shift, indicating that the pipeline-
generated labels are complementary rather than conflicting.
+ RL further improves MCQ accuracy (86.25 → 88.75) with
slight decreases in verification and open-ended, consistent
with the RL reward signal targeting only MCQ and verifi-
cation tasks. We note that the open-ended score is rescaled
BertScore F1 against pipeline-generated reference answers,
which rewards lexical overlap with the training distribution;
it should be read as a directional signal rather than an abso-
lute reasoning-quality measure.

4.3. AccidentBench
Table 2 shows MCQ accuracy on AccidentBench land split
across all nine video-length-by-difficulty cells, with columns
grouped by video length.

+ CCTV SFT lifts the backbone across all video lengths.
+ CCTV SFT improves over zero-shot CR2 by +10.7 points
overall (29.9 → 40.6), with consistent gains on every length
bin: Short 32.4 → 42.4, Medium 34.2 → 42.4, and Long
23.1 → 36.9. This demonstrates that the training signal
from structured CoT reasoning over CCTV events transfers
to the Cosmos-Reason2 backbone well beyond the training
distribution, including the all-dashcam Short bin.

Domain generalization without dashcam data. + CCTV
SFT matches Gemini 2.5 Pro overall (40.6% vs. 40.3%) and
approaches Gemini 3.1 Flash (42.8%) despite seeing no dash-
cam videos during training. On long videos it exceeds Gem-
ini 2.5 Pro by 4.4 points and approaches Gemini 3.1 Flash;
on medium videos it matches Gemini 2.5 Pro and trails Gem-
ini 3.1 Flash by only 2.0 points. On short videos, it still trails
both Gemini baselines, reflecting the residual domain gap
that CCTV-only training cannot fully cover and motivating
the agent-adapted dashcam corpus next.

Agent-adapted dashcam data closes the short-video gap.
Adding dashcam labels generated by the agent-adapted

pipeline drives the largest improvement precisely where
it is needed: Short-Avg rises from 42.4 to 47.9, now sur-
passing both Gemini baselines (46.9 and 46.4), with gains
across all difficulty levels. Overall accuracy rises to 42.0%,
approaching Gemini 3.1 Flash; medium- and long-video per-
formance remains comparable to + CCTV SFT, indicating
that the dashcam labels add short-video capability without
displacing the CCTV-domain reasoning already learned.

RL further amplifies reasoning on short videos and hard
questions. + RL achieves the highest overall accuracy at
44.2%, exceeding both Gemini 2.5 Pro (+3.9) and Gem-
ini 3.1 Flash (+1.4). The gains concentrate on short videos
and on the hard-level questions (Short-Hard: 26.1 → 37.7;
Medium-Hard: 34.5 → 38.3), consistent with the RL reward
targeting MCQ accuracy on questions requiring multi-step
causal reasoning.

4.4. Cross-Domain Pipeline Generalization

To demonstrate that the agentic consultation workflow gen-
eralizes beyond traffic, we apply MAVEN to two additional
domains by providing only a new domain description to the
agent. Public safety: crowded-scene footage of behavioral
anomalies (e.g., fights, crowd surges); the agent adjusts for
dense multi-person tracking, role attribution, and intent-level
reasoning. Warehouse surveillance: indoor CCTV of worker
safety and security anomalies (e.g., falls, unsafe zone vi-
olations, unauthorized access, theft); the agent redesigns
prompts for overhead camera perspective, occlusion from
shelving, and safety- and security-rule-grounded behavior
analysis. In both cases the pipeline produces structured
MSTED outputs and Q&A samples without manual prompt
engineering or domain expertise.

Figure 2 shows two representative outputs. The public
safety example captures a complex altercation in a pedestrian
underpass: two loiterers ambush a passing couple, but the
intended victim counter-attacks and knocks the initial ag-
gressor unconscious, turning a 2-on-2 ambush into a 1-on-2
defensive counter-attack. This is a challenging multi-actor
temporal reasoning case, requiring the pipeline to recover
both the role reversal and the causal chain connecting the
successive actions, all of which the agent-adapted MSTED
correctly identifies. The warehouse surveillance example
captures a suspicious criminal case: an individual enters an
enclosed office, systematically searches two separate work-
stations, scans the room for observers, picks up a white
object and conceals it under their shirt, then exits. The
MSTED captures the suspicious-behavior pattern, the de-
liberate concealment action, and the access-legitimacy rea-
soning, illustrating that the agent-adapted pipeline recovers
fine-grained intent attribution from multiple short actions
without any manual prompt engineering.



Short Medium Long

Model Training E M H Avg E M H Avg E M H Avg Overall

Gemini 2.5 Pro 0-shot 63.0 42.8 34.8 46.9 54.7 33.9 35.8 41.5 46.0 32.7 18.7 32.5 40.3
Gemini 3.1 Flash 0-shot 63.1 45.1 31.0 46.4 51.5 42.7 38.9 44.4 48.0 40.0 25.3 37.8 42.8
CR2 0-shot 43.6 32.4 21.3 32.4 40.0 33.0 29.6 34.2 30.3 24.3 14.7 23.1 29.9

+ CCTV SFT SFT 60.4 40.8 26.1 42.4 52.3 40.5 34.5 42.4 50.2 37.5 23.0 36.9 40.6
+ Dashcam SFT SFT 66.6 46.9 30.2 47.9 47.7 42.1 35.0 41.6 52.6 35.2 21.3 36.4 42.0
+ RL SFT+RL 68.4 50.3 37.7 52.1 53.0 42.6 38.3 44.6 51.0 35.4 21.6 36.0 44.2

Table 2. AccidentBench land split MCQ accuracy (%). Columns are grouped by video length (Short/Medium/Long); nested columns report
difficulty (E/M/H = Easy/Medium/Hard). Short videos are exclusively dashcam; medium and long videos mix dashcam and CCTV footage.

1. Scene Description

The incident occurs in a concrete pedestrian underpass or tunnel…… the event takes place around 17:18 

(5:18 PM)……

2. Temporal and Spatial Localization

00:03 – 00:05 (Initiation): As the couple passes, Aggressor 1 pushes off the wall. He launches the first strike 

to the back of the Victim's head/neck. 

00:05 – 00:13 (Initial Engagement): The Victim turns to face Aggressor 1. There is a momentary pause as 

the parties square off and exchange words.

00:14 – 00:20 (Peak Violence/Counter-Attack): The Victim throws a powerful, decisive right hook that 

connects with Aggressor 1’s jaw. Aggressor 1 is knocked unconscious instantly, falling stiffly backward onto 

the concrete.

00:20 – 00:25 (Secondary Engagement): Aggressor 2 attempts to intervene. The Victim immediately 

executes a grappling maneuver throwing Aggressor 2 to the ground and delivering a follow-up strike.

00:25 – 00:30 (De-escalation): The Female Companion grabs the Victim’s arm, pulling him away. They 

briskly exit the tunnel. Aggressor 1 remains motionless on the ground.

3. Event of Focus Description

Type of Violence: This began as a 2-on-2 ambush/confrontation (two loiterers targeting a couple) but 

effectively turned into a 1-on-2 defensive counter-attack where the intended victim incapacitated both 

aggressors.

……

Public Safety - Fighting

1. Scene Description

The surveillance footage captures a small, enclosed office within a facility……

2. Temporal and Spatial Localization of the Event

00:01 – 00:03: An individual enters the office and begins scanning the room.

00:03 – 00:12: The individual walks to the right desk and inspects items on the surface.

00:12 – 00:17:The individual moves away from the right desk and scans the room again, appearing to check 

for observers.

00:17 – 00:23: The individual walks to the left desk and begins reviewing the documents on the surface.

00:26 – 00:27 The individual picks up the white object and conceals it under their shirt.

00:27 – 00:30 The individual turns and exits the room.

3. Event of Focus Description 

Incident type: Criminal-Suspicious (theft/unauthorized item removal).

Suspicious behavior: The individual entered the office and engaged in a systematic search of two separate 

workstations. Their behavior was characterized by scanning the room for observers or cameras before and 

after interacting with the desks. After locating a target item, they performed a deliberate concealment action 

to mask the bulge under their clothing.

Access legitimacy: The individual did not appear to be performing authorized work. They were not 

wearing required PPE and their behavior – lingering, scanning, and concealing items – is inconsistent with 

standard administrative tasks.

…….

Warehouse Surveillance – Suspicious Criminal

Figure 2. Qualitative MAVEN outputs on two generalized domains. Top (Public Safety): a complex altercation in a pedestrian underpass,
where an ambush turns into a defensive counter-attack and the initial aggressor is knocked unconscious by the intended victim. Bottom
(Warehouse Surveillance): a suspicious-criminal case where an individual systematically searches two workstations, conceals a white
object under their shirt, and exits. Highlighted spans in the MSTED mark the key information that the agent-adapted pipeline captures.

4.5. Ablations
Does the structured intermediate representation mat-
ter? To isolate the contribution of three-level captioning
and MSTED synthesis, we compare MAVEN against a flat
baseline that generates CoT Q&A directly from a single
global caption of the same 3,841 CCTV videos, without
the dense/chunk caption decomposition and without the
MSTED intermediate representation. All other training
details are held constant.

Table 3 reports the comparison. MAVEN outperforms
the single-pass captioning baseline on all three task formats,
with gains of +6.25 MCQ, +11.25 verification, and +3.50
open-ended points. The single-pass baseline itself sits at
roughly the Gemini baseline level on MCQ and verifica-
tion (Table 1), which indicates that a standard caption-then-
generate recipe effectively distills the teachers’ zero-shot
performance. MAVEN’s three-level captioning and MSTED
capture and organize event information that a single global



Training CoT generation MCQ Verif. Open

Single-pass Captioning 80.00 73.75 35.95
MAVEN 86.25 85.00 39.45

Table 3. Ablation on the CCTV evaluation set: flat single-pass
captioning vs. MAVEN (three-level captioning + MSTED). Both
variants trained on the same CCTV videos with identical SFT setup.

caption cannot convey; the resulting gain over the single-
pass baseline is attributable to pipeline structure rather than
to a stronger generator, and allows the 8B student to exceed
the Gemini baselines themselves.

4.6. Discussion
On distillation and baseline comparison. Our pipeline
uses Gemini 3.1 Pro as the VLM for three-level captioning
and Gemini 3.1 Flash as the LLM for MSTED synthesis
and CoT Q&A generation, so on the surface the training
labels are distilled from Gemini-class models. A natural
concern is that the fine-tuned Cosmos-Reason2-8B model
simply inherits its teacher’s behavior. The ablation in Sec-
tion 4.5 addresses this at the data-generation level: the same
teacher models combined with a single-pass pipeline fall
well short of MAVEN, localizing the gain to pipeline struc-
ture rather than to the teacher. Evaluation-time evidence
further shows that the + RL variant reaches 44.2% overall on
AccidentBench, exceeding Gemini 3.1 Flash on an 8B back-
bone; on the private CCTV evaluation set it also outperforms
both Gemini baselines across all three tasks. Therefore, the
MSTED structured representation together with DAPO post-
training extracts a reasoning signal from the generated data
that goes beyond surface-level imitation of the generator.

Structured representations enable cross-domain trans-
fer. Surprisingly, CCTV-only training matches Gem-
ini 2.5 Pro and approaches Gemini 3.1 Flash on Accident-
Bench, a dashcam-centric benchmark. We attribute this to
the MSTED intermediate representation: by forcing the
model to reason over structured event characterizations (tem-
poral bounds, spatial locations, causal factors) rather than
raw visual features, the training signal captures reasoning
patterns that are domain-invariant.

Agentic adaptation amplifies generalization. The
agent-redesigned prompts for the dashcam corpus target Ac-
cidentBench question style and difficulty gradations directly,
producing training data whose distribution better matches the
evaluation benchmark. The progressive improvements from
+ CCTV SFT to + Dashcam SFT to + RL demonstrate that
data quality (from agent prompt design) and post-training
methodology contribute additively, ultimately surpassing
both Gemini baselines while maintaining CCTV evaluation
set accuracy.

RL disproportionately benefits hard reasoning. The
progressive improvement from + CCTV SFT to + RL is not
uniform across difficulty levels: Easy improves by +3.1

points, Medium by +3.2, and Hard by +4.6. RL post-
training with answer-accuracy rewards particularly strength-
ens the model on questions requiring multi-step causal infer-
ence (root cause identification, intent attribution, and coun-
terfactual reasoning), which dominate the Hard split.

5. Conclusion
We presented MAVEN, a multi-stage agentic pipeline that
transforms raw videos into structured CoT training data or-
ganized around a designated Event of Focus. By synthe-
sizing three complementary caption levels into an explicit
MSTED intermediate before generating any Q&A, MAVEN
avoids the irrecoverable information loss of single-pass auto-
labeling. An agentic consultation workflow and a hierar-
chical refinement loop together enable top-down domain
adaptation and error-driven pipeline evolution without man-
ual re-engineering.

Fine-tuning Cosmos-Reason2-8B on MAVEN-labeled
CCTV data yields a +38.8 MCQ-point gain on our private
evaluation set and matches Gemini 2.5 Pro on Accident-
Bench despite seeing no dashcam videos, indicating that
the induced reasoning capability is generalizable rather than
domain-specific. Adding agent-adapted dashcam labels and
DAPO post-training pushes the model past both Gemini
baselines overall, while CCTV performance remains stable.
Qualitative results on warehouse and public safety domains
further show that the agentic workflow readily adapts the
pipeline given only a domain description.

Limitations and future work. MAVEN currently relies
on Gemini-class models for captioning and synthesis, and
training gains are validated only on Cosmos-Reason2-8B; a
natural next step is cross-backbone validation on other open
video-language models (e.g., Qwen-VL [4] and Nemotron
series [10]) to confirm that the observed gains transfer be-
yond a single model. Other planned work includes data-
scale ablations on the number of generated questions per
video, component-level ablations isolating the contribution
of MSTED synthesis, top-down configuration, and hierar-
chical refinement with quantitative results, as well as cross-
domain benchmarks for warehouse and public safety.

At present, MSTED quality is assessed via spot-checking,
and each domain adaptation takes 2–4 rounds of human
review over 10–20 samples (roughly 1–2 hours). Human
reviewers excel at the detailed diagnosis that automated met-
rics cannot surface, but this dependence limits the scale at
which the refinement loop can operate. Our longer-horizon
goal is fully automated closed-loop self-improvement: us-
ing downstream evaluation signals to drive hierarchical re-
finement without human input. Such a system would auto-
matically attribute errors to their originating pipeline stage,
distinguish prompt gaps from system limitations, and apply
targeted prompt or structural fixes, progressing toward a truly
self-optimizing pipeline.
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