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A. The Black Sabbath figure sits down...

B The Black Sabbath figure holds a weapon...

The Black Sabbath figure holds a small glass while
facing the costumed figure.

D. The Black Sabbath figure is tying the green cape...
E. The Black Sabbath figure kneels down...
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Figure 1. Top: The reasoning process of our Conan on an example question. Bottom: Performance comparison across

six multi-step reasoning benchmarks.

Abstract

Video reasoning, which requires multi-step deduc-
tion across frames, remains a major challenge
for multimodal large language models (MLLMs).
While reinforcement learning (RL)-based methods
enhance reasoning capabilities, they often rely on

text-only chains that yield ungrounded or halluci-
nated conclusions. Conversely, frame-retrieval ap-
proaches introduce visual grounding, yet still strug-
gle with inaccurate evidence localization. To ad-
dress these limitations, we present Conan, a frame-
work for evidence-grounded multi-step video rea-
soning. Conan identifies context and evidence
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frames, reasons over cross-frame clues, and adap-
tively decides when to conclude or explore fur-
ther. To achieve this, we 1) construct Conan-91K, a
large-scale dataset of automatically generated rea-
soning traces that include frame identification, ev-
idence reasoning, and action decision, and 2) de-
sign a multi-stage progressive cold-start strategy
combined with an Identification-Reasoning-Action
(AIR) RLVR training framework to progressively
incentivize multi-step visual reasoning. Extensive
experiments on six multi-step reasoning bench-
marks demonstrate that Conan surpasses the base-
line Qwen2.5-VL-7B-Instruct by an average of over
10% in accuracy, achieving state-of-the-art perfor-
mance. Furthermore, Conan generalizes effectively
to long video understanding tasks, validating its
strong scalability and robustness’.

1. Introduction

Frontier multimodal large language models
(MLLMs) [2, 13, 25, 29] have demonstrated
remarkable progress on standard video under-
standing tasks such as question answering [1],
temporal grounding [9], and captioning [26].
However, video reasoning [6, 21] remains a
substantial challenge. Unlike conventional tasks,
video reasoning [3, 6, 23, 33, 37] demands active
visual information accumulation across temporal
spans and multi-step logical inference to reach
well-grounded conclusions.

Inspired by the success of reinforcement learn-
ing with verifiable rewards [10] (RLVR) in incen-
tivizing reasoning ability of LLMs, recent works [7,
16, 22] have begun extending this paradigm to
video reasoning, achieving promising gains. Nev-
ertheless, these approaches primarily rely on pure-
text reasoning without explicit grounding in visual
evidence, often leading to superficial or halluci-
nated reasoning chains that fail to reflect the ac-
tual video content. To integrate visual evidence
into the reasoning process, concurrent works [12,
30, 35] introduce frame retrieval mechanism to en-

ICode, model and dataset are available at https://

/0

github.com/OuyangKunl0/Conan.

able video chain-of-thought (Video-CoT) reason-
ing, boosting performance of long video under-
standing [28, 36]. However, these approaches usu-
ally suffer from inaccurate or implicit evidence lo-
calization, yielding unreliable reasoning paths. Ad-
ditionally, some methods [12, 35] partially rely
on benchmark-specific training data (e.g. Video-
Holmes [6] and LongVideoReason [3]), making
it difficult to disentangle solid reasoning improve-
ments from in-domain overfitting.

Motivated by these limitations, we aim to equip
MLLMs with multi-step, evidence-grounded video
reasoning skills, analogous to how Conan acts as
a detective (Figure 1): Specifically, our frame-
work identifies relevant frames at multiple scales
(context and evidence frames), reasons over cross-
frame clues to form coherent chains of deduction,
and decides whether to draw the final conclusion or
continue exploring the video. Achieving this goal
raises two core challenges: 1) How to automat-
ically construct a high-quality evidence-based
reasoning dataset that explicitly captures evidence
localization, multi-step deductive reasoning, and
confident action decision. 2) How to design train-
ing curriculum for effective acquisition of visual
reasoning across multi-scale evidence.

To tackle the first challenge, we introduce
Conan-91k, a large-scale dataset for Conan-style
evidence reasoning. Built upon the key-frame
identification dataset GenS-Video-150K [32], we
develop an automated pipeline to generate inter-
leaved video-text reasoning traces using the ad-
vanced LLM Kimi K2 [24], as illustrated in Fig-
ure 2. Each reasoning trace contains three key com-
ponents: a) Frame Identification distinguishes
among evidence, context, and distractor frames.
b) Evidence Reasoning conducts textual reason-
ing over the question and accumulated visual clues.
¢) Action Decision decides whether to retrieve ad-
ditional frames or reach the final conclusion. Fur-
thermore, we propose an evidence difficulty-aware
sampling strategy to facilitate progressive training
from simple to complex reasoning, producing 60k
samples (Conan-CoT-60k) for SFT and 31k sam-
ples (Conan-RLVR-31k) for RL.

To address the second challenge, we intro-
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Figure 2. a) Reasoning Trace Construction. b) Data Example.
multimodal alignment, and vision-centric reasoning stages. d)

duce a two-phase training curriculum: a) A
multi-stage progressive cold-start strategy incre-
mentally activates the model’s multi-step reasoning
using Conan-CoT-60k, starting from textual rea-
soning, advancing to multimodal alignment, and
culminating in vision-centric deduction. b) On
this foundation, the joint Identification-Reasoning-
Action (AIR) RLVR framework further refines the
model’s capacity to perform Conan-style reasoning
on Conan-RLVR-31k by jointly optimizing frame
identification, evidence reasoning, and action de-
cision. Together, these components empower Co-
nan to “seek, deduce, and act” across visual clues,
achieving reliable multi-step reasoning.

Extensive experiments on six challenging
multi-step reasoning benchmarks (e.g. MMR-
V [37], Video-Holmes [6], VRBench [33], VCR-
Bench [23], Human-P&C [15], and LongVide-
oReason [3]) demonstrate that Conan consis-
tently surpasses the base model Qwen2.5-VL-7B-
Instruct [2], with an average accuracy improve-
ment exceeding 10%. Moreover, Conan achieves
promising enhancement on long video understand-
ing tasks (e.g. LongVideoBench [28], MLVU [36],

41091
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LVBench [27], and Video-MME [8]), validating
strong scalability and robustness.

In summary, our contributions are threefold:
& We introduce Conan-91k, the first large-scale
dataset for multi-scale evidence reasoning, includ-
ing Conan-CoT-60k and Conan-RLVR-31k. ¥ We
propose a multi-stage progressive cold-start strat-
egy and a joint AIR RLVR framework to foster
gradual acquisition of evidence-based multi-step
reasoning skills. # We conduct extensive experi-
ments, demonstrating that Conan achieves substan-
tial improvements in both multi-step reasoning and
long video understanding.

2. Dataset Construction
2.1. Data Collection & Processing

We collect source data from the GenS-Video-
150K [32] dataset, which provides dense frame de-
scriptions, multi-choice and free-form QA pairs, as
well as frame-level relevance scores. Leveraging
these relevance scores, we categorize video frames
into three types: 1) Evidence frames, which are di-
rectly relevant to answering the question; 2) Con-



text frames, which offer auxiliary hints that may
support the reasoning process; and 3) Distractor
frames, which bear no relation to the question.
This multi-scale frame categorization establishes
the foundation for subsequent stepwise reasoning
trace construction.

2.2. Reasoning Trace Construction

Starting from the processed data, we apply an auto-
matic pipeline to construct Conan-style video-text
interleaved reasoning traces with the assistance of

a strong LLM, Kimi K2 [24], as illustrated in Fig-

ure 2. The core loop proceeds as follows:

* We first sample 16 frames uniformly from the
raw video and retain each frame’s type label (ev-
idence, context, or distractor).

e If all frames are distractors, we select the ac-
tion Random Frames Sampling, which randomly
samples 8 new frames and continue the loop.

* If some sampled frames are evidence or context
but the evidence proportion does not exceed a
dynamic answering threshold at which K2 can
reach the answer based on the acquired clues,
we select the action Specific Frames Retrieval,
which uniformly retrieves 8 frames within a
single clip or multiple clips that contain evi-
dence/context, and continue the loop.

* If the proportion of evidence frames exceeds the
threshold, we terminate the loop by selecting
Confident Question Answering as the final action.

For every loop iteration, we prompt K2 with the

chosen action, the frame types, the QA pair, dense

frame descriptions, and timestamps to generate a

coherent textual reasoning trace that a) analyzes the

QA and sampled frames, and b) justifies the chosen

action. More details are in Appendix B.

2.3. Evidence Difficulty-Aware Sampling

To facilitate a progressive training curriculum from
simple to complex reasoning cases, we propose
an evidence difficulty-aware sampling strategy. In
particular, we define an Evidence Difficulty Index
(EDI) to quantify the reasoning complexity based
on the proportion and temporal dispersion of evi-
dence frames. Let the evidence ratio be P = m/N,
where m and N denote the numbers of evidence

and total frames, respectively. The temporal vari-
ance of evidence Var = L 3" | (z; — )%, where
x; represents the temporal position of ¢-th evi-
dence frame, and % is the mean position of all ev-
idence frames. The overall difficulty is defined as
EDI = (1 — P) Var, where higher EDI value in-
dicates sparser and more temporally dispersed evi-
dence, reflecting greater difficulty.

Based on the EDI distribution and reasoning
round, samples are stratified and adaptively al-
located across training phases. During the SFT
stage, we focus on lower-EDI samples to empha-
size foundational reasoning skills, selecting 60k in-
stances with up to three reasoning rounds: 25k one-
round, 25k two-round, and 10k three-round sam-
ples that align with the overall round distribution.
In contrast, the RLVR stage employs higher-EDI
samples without constraining reasoning rounds, se-
lecting 31k instances spanning diverse reasoning
rounds. This difficulty-aware sampling scheme es-
tablishes a principled curriculum that transitions
smoothly from low-difficulty grounding in SFT
to high-difficulty multi-hop reasoning in RLVR,
facilitating the gradual and robust acquisition of
evidence-based reasoning capabilities. The result-
ing datasets, Conan-CoT-60k and Conan-RLVR-
31k, together form the Conan-91k dataset. Dataset
statistics and additional construction details are
provided in Appendix B.

3. Two-Phase Training Curriculum

3.1. Multi-Stage Progressive Cold-Start

To progressively activate the multi-step reason-
ing abilities, we conduct a multi-stage progressive
cold-start on Conan-CoT-60k, guided by a stage-
wise incremental sampling that gradually expands
data diversity and reasoning difficulty: 1) Tex-
tual Reasoning Stage. In the initial stage, the
model is trained on 10k relatively low-EDI sam-
ples from one-round subset, where frames are rep-
resented by dense textual descriptions and times-
tamps. This stage focuses on temporal and causal
reasoning across ordered frame descriptions, es-
tablishing a structured reasoning foundation for
subsequent multimodal learning. 2) Multimodal
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Alignment Reasoning Stage. Compared with the
first stage, we utilize 25k one-round samples (in-
cluding 15k new ones) and a new set of 10k rel-
atively low-EDI samples from two-round subset,
inserting timestamps and textual descriptions be-
fore visual frames. This incremental expansion
ensures that the model continues learning on par-
tially new data, preventing overfitting to previously
seen questions while promoting stable adaptation
from textual to multimodal reasoning. The two-
round samples allow the model to collect more evi-
dence for reasoning. 3) Vision-Centric Reasoning
Stage. In the final stage, the model is trained on
the complete Conan-CoT-60k, including additional
15k two-round and 10k three-round samples. This
stage compels the model to execute deep multi-step
reasoning directly over visual frames with inter-
leaved timestamps, thereby enhancing perceptual
grounding and fostering vision-centric reasoning.

3.2. AIR RLVR

Building upon the model Conan-SFT obtained
from the previous cold-start process, we fur-
ther refine its multi-step reasoning capabilities via
the Identification-Reasoning-Action (AIR) RLVR
framework. Given that the model has already
learned to produce reasoning traces consisting of:
1) frame identification, 2) evidence reasoning, and
3) action decision, AIR RLVR aims to optimize
the exploration of effective reasoning trajectories
through a set of carefully designed reward func-
tions. We first introduce one format reward and two
outcome rewards to ensure both structural consis-
tency and answer accuracy.

Format Reward. To enforce structural consistency
in model outputs y, we define a format reward
Ry, that verifies whether specific tags are cor-
rectly applied. And the model is restricted to per-
forming only one action (e.g. random frames sam-
pling, specific frames retrieval, confident question
answering) at a time. The format reward Ry,,; is
defined as:

Rfmt(y) = {

0.5, if y matches format, 0

0, otherwise.

Multi-choice Reward. For multi-choice QA, the

outcome reward R, is determined by exact match
between the predicted answer y and ground truth g:

1, ify=1y,

Rmc(yyy) = { )

0, otherwise.

Free-form Reward. For free-form QA, the out-
come reward Ry, is computed as the average of
ROUGE-1, ROUGE-2, and ROUGE-L scores [18]
between the predicted answer y and the ground
truth ¢:

Rpreely, ) = 5 (Ra(y, ) + Raly, ) + Re (3, )
3
To evaluate the quality of the multi-scale frames
identification, and frames retrieval actions, we de-
sign an identification reward R;4. and a retrieval
reward R,.;, respectively: 1) The identification
reward R;;. measures the average accuracy of
identified evidence/context frames across reason-
ing rounds. 2) The retrieval reward R,..; evaluates
the quality of retrieved frames by computing the av-
erage ratio of evidence/context frames among all
retrieved frames. And the final joint identification-
retrieval-outcome reward R ; is formulated as:

{Rfmt + Ro + Ride + Rreta if Ro > Ov
R; =

B Rymi + Ro, otherwise,

“
where R, is the outcome reward and o €
{mec, free}. This reward shaping encourages the
model to generate structurally valid, evidence-
grounded, and accurate reasoning traces while
improving retrieval efficiency. Finally, we
prompt the model generate a group of responses
{y1,y2, - ,yc}, where G is the number of gen-
erated responses, and we adopt the GRPO [10] al-
gorithm for reinforcement optimization to stabilize
training and refine the reasoning policy.

4. Experiment

4.1. Evaluation Setups

Implementation Details 1) Training. We adopt
Qwen-2.5-VL-7B-Instruct [2] as the base model.
During the cold start, the model is trained for up
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| #Params | MMR-V | Video-Holmes | VRBench | VCRBench+ | Human-P&C | LVR | Avg VR | Avg LU
Closed-source Models
GPT-4o [13] - 4.0 420 767 54.0 484 63.1 547
Gemini 1.5 Pro - - 41.2 - - 52.6 69.3 -
Gemini 2.0 Flash 426 30.6 56.1 -
Open-source Models
LLaVA-OneVision-7B [14] 7B 65 - - 30.7 485 - - -
InternVL3-8B [4] 8B 355 328 75.8 457 51.0 68.0 515 525
Kimi-VL-A3B-Instruct [25] 3B/16B 324 324 60.5 343 420 64.6 444 -
Qwen2.5-VL-72B-Instruct [2] 72B 39.1 402 721 50.8 55.7 723 55.1 534
Qwen2.5-VL-7B-Instruct [2] 7B 30.1 28.5 66.4 465 482 61.8 46.9 48.0
Text CoT Models
Video-R1 [7] 7B 363 36.5 69.5 48.0 49.8 703 517 53.8
VideoChat-R1 [16] 7B 36.1 33.0 61.5 482 51.8 67.9 49.8 52.4
Video CoT Models
Video-MTR [30] Concurrent work 7B 36.5 35.7 69.7 48.1 472 57.3 49.1 535
Rewatch-R1f [35] Concurrent work | 7B 453 37.8 79.1 498 51.6 70.5 557 50.5
Conan SFT | 7B 354 349 644 | 433 504 | 660 49.1 493
Conan 7B 42.7(1126) | 44.6(116.1) | 81.0(114.6) 51.0(14.5) 523(t4.1) 728 (111.0) | 57.4 (+10.5) | 549 (16.9)

Table 1. Main results of Qwen2.5-VL-7B-Instruct , Conan , and other baselines. Avg. VR and Avg. LU denote
the average results on six video reasoning benchmarks and four long video understanding benchmarks, respectively. T
indicates partial training on the training set of LongVideoReason (LVR) [3], and * marks the multiple-choice subset.

to one epoch per stage with a global batch size of
32 and a learning rate of le-5. The trained model
is then used for the AIR RLVR phase, also trained
for one epoch under the batch size of 24 and the
learning rate of 1le-6. The maximum completion
length is set to 4,000 tokens, with a generation
temperature of 1.0 and a generation number G of
8. Each input video contains 16 initial frames, and
the model can retrieve up to 8 additional frames per
reasoning step. 2) Evaluation. The generation tem-
perature is fixed at 1.0, and each sample is eval-
uated three times. The maximum number of new
tokens is set to 4,000 when reasoning traces are
included and 128 for direct answering. The reason-
ing process is limited to three rounds. Videos are
standardized to 16 frames for multi-step reasoning
and 32 frames for long video understanding during
evaluation, with a resolution of 448 x 28 x 28.
Benchmarks & Baselines. We conduct compre-
hensive evaluations on six multi-step reasoning
benchmarks(i.e., MMR-V [37], Video-Holmes [6],
VRBench [33], VCRBench [23] (multi-choice
subset), Human-P&C [15], and LongVideoRea-
son [3]) and four long video understanding bench-
marks (i.e., LongVideoBench [28], MLVU [36],
LVBench [27], and Video-MME [8]), comparing
Conan with a range of closed-source and open-
source MLLMs. Descriptions of benchmarks and
baselines are provided in Appendix C.1.

4.2. Main Results

The main evaluation results are shown in Table 1,
while the full results of long video understanding
are in Table 3 of Appendix. The key observations
are summarized as follows.

No evidence
retriever

Qwen2.5-VL-

7B-Instruct Video-MTR - Rewatch-R1 [ Conan

71.7

30.1 683

68.0

q 28 612
27 67 G4
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25 2 65
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50 52 68
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. 47 PRGE
# 16 61
44 45 60
‘VCRBench Human-P&C LongVideoReason

Figure 3. Performance comparison across different ev-
idence retrievers, with Qwen2.5-VL-7B-Instruct as the
question-answering model.

Overall Analysis. Across video reasoning bench-
marks, Conan substantially surpasses its base
model Qwen2.5-VL-7B-Instruct with an average
accuracy gain of over 10%. Remarkably, Co-
nan also outperforms the advanced GPT-40 on
most benchmarks (e.g., Video-Holmes, VRBench,
Human-P&C, and LongVideoReason), underscor-
ing its superior capabilities of multi-step, evidence-
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| MMR-V | Video-Holmes | VRBench | VCRBenchx | Human-P&C | LVR | Overall

Dataset design

w/o multi-scale evidence 39.7 39.1 75.4 46.9 51.3 70.2 53.8
w/o difficulty sampling 40.0 40.8 78.9 48.4 50.7 72.3 55.2
Progressive cold-start

w/o textual reasoning 422 43.9 814 49.8 51.7 73.1 57.0
w/o multimodal alignment reasoning 43.5 44.2 80.4 48.2 493 72.5 56.4
w/o vision-centric reasoning 39.0 36.5 752 50.2 48.7 68.5 53.0
w/o cold-start 39.1 36.8 733 46.3 479 62.3 51.0
AIR RLVR

w/o identification reward 39.9 40.0 74.8 46.1 50.1 71.7 53.8
w/o retrieval reward 38.2 424 75.7 47.8 50.5 69.2 54.0
w/ text CoT 41.1 41.0 76.8 48.8 52.8 70.5 55.2
Conan | 427 | 44.6 | 810 | 510 | 523 | 728 | 574

Table 2. Ablation results of Conan, where the best results are in boldface.

grounded reasoning. And the two text-CoT mod-
els (e.g., Video-R1 and VideoChat-R1) perform no-
tably worse than Conan, demonstrating the advan-
tages of visual evidence identification and retrieval.
Moreover, Conan consistently outperforms video-
CoT approaches (e.g., Video-MTR and Rewatch-
R1), showcasing more precise evidence localiza-
tion, and more effective frame retrieval of Conan.
Notably, Conan also generalizes well to long video
understanding tasks, with an average improvement
of 6.9%, proving the robustness and scalability of
our framework.

Conan as an Evidence Retriever. To further as-
sess Conan’s evidence localization capability, we
compare different models used as evidence re-
triever, each selecting up to 16 key frames per video
for Qwen2.5-VL-7B-Instruct to perform question
answering. As shown in Figure 3, Conan yields the
highest performance, highlighting its superior abil-
ity to identify informative visual evidence. Addi-
tional results under varying frame settings and base
models are provided in Appendix C.2. And training
dynamics can be found in Appendix C.3.

4.3. Ablation Study

To investigate the contribution of each component
in our framework, we conduct a comprehensive ab-
lation study with multiple Conan variants.

For the dataset design, we introduce two vari-
ants: 1) w/o multi-scale evidence, which merges the
context type into the distractor category in multi-
scale frame categorization; and 2) w/o difficulty

sampling, which replaces the evidence difficulty-
aware sampling with random sampling.

For the multi-stage progressive cold-start strat-
egy, we develop four variants: 1) w/o textual
reasoning, which excludes the textual reasoning
stage; 2) w/o multimodal alignment reasoning,
which skips the multimodal alignment reasoning
stage; and 3) w/o vision-centric reasoning, which
removes the vision-centric reasoning stage. 4)
w/o cold-start, which bypasses the three cold-start
stages and directly employs AIR RLVR to train the
model on the Conan-RLVR-31k dataset.

For the AIR RLVR framework, we design three
variants: 1) w/o identification reward, which dis-
cards the identification reward; 2) w/o retrieval re-
ward, which removes the retrieval reward; and 3)
w/ text CoT, which enforces single-round text-CoT
paradigm performing pure textual reasoning and
answering without additional retrieval in training
and evaluation procedures.

The ablation results in Table 2 reveal several key
findings: a) Dataset design. w/o multi-scale evi-
dence underperforms Conan, confirming the ben-
efits of multi-scale frame identification in pro-
viding richer contextual cues. Moreover, Conan
outperforms w/o difficulty sampling, which vali-
dates that evidence difficulty-aware sampling ef-
fectively guides the model to progressively acquire
multi-step reasoning abilities. b) Progressive cold-
start. Conan consistently surpasses w/o textual
reasoning, w/o multimodal alignment reasoning,
w/o vision-centric reasoning, and w/o cold start,
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The video shows characters in the Minecraft game choosing to wear different colored shirts, what

effect might this have in the game?
A. Different colored shirts may unlock hidden crafting recipes or resource nodes.

B. Different colored shirts may trigger different game events or interactions with other characters.

C. Different colored shirts may change the time of day or weather conditions in the game.
D. Different colored shirts may alter the player's movement speed and jumping ability.

Text CoT

Frame

Video CoT
Video-MTR

Retrieval

After reviewing the options carefully, the most plausible explanation is that different colored shirts may unlock hidden crafting recipes or resource nodes.

Video-R1 Apswer: A

shirt-color-triggered events.
Action Decision: Random Frames Sampling

Frame Identification: Context frames

Round 2

' of shirt-color effects...B: The only plausible effect is that different
~ 7z X B evidence is not sufficient, we must retrieve the surroundin;
[ 2 —Faal 2

Reasoning: Let me think about this for a moment. The question is asking about the effects of characters wearing different colored shirts in the Minecraft game... ®

Frame Identification: Distractor frames

Evidence Reasoning: ...We need to identify how wearing differently colored shirts affects gameplay, specifically in the context of the Minecraft mod “Friendycraft.” The key is
to find evidence that the shirt color triggers any in-game effect...Since the frames do not contain the required evidence, we must randomly retrieve more frames to verify the

Evidence Reasoning: In the previous round we lacked direct evidence

clips...verify the shirt-color-triggered events. Action Decision: Specific
Frames Retrieval 00:15:50-00:16:05, 00:31:30-00:31:45

Distractor frames

Evidence Reasoning: ...The frames describe various game events and

[\ - ol I interactions (flag capture, team lists, etc.) that are directly tied to the
\ g [ | ~ " M | player’s shirt color...Conclusion: The evidence consistently shows
=" e h that different colored shirts trigger different game events and

Context frames

Round 3

Frame Identification: Evidence frames

interactions with other characters. Therefore, the correct answer is B
Action Decision: Confident Question Answering B

Figure 4. A qualitative example from VRBench, including the QA pair and the reasoning traces of Video-R1 (Text CoT),

Video-MTR (Video CoT), and Conan.

which demonstrates that the multi-stage progres-
sive cold-start is crucial for gradually activating the
model’s multi-hop reasoning capabilities. c) AIR
RLVR. Conan outperforms w/o identification re-
ward and w/o retrieval reward, proving their effec-
tiveness in refining evidence localization accuracy
and frame retrieval efficiency, respectively. And w/
text CoT underperforms Conan, which validates the
superiority of the Conan-style reasoning paradigm.

4.4. Qualitative Evaluation

Figure 4 presents a qualitative comparison on VR-
Bench [33] among Video-R1, Video-MTR, and Co-
nan. Video-R1 conducts pure textual reasoning
without visual grounding, resulting in a halluci-
nated answer driven by linguistic priors. Video-
MTR incorporates frame retrieval but fails to local-
ize relevant evidence, leading to weak alignment
between retrieved frames and the question. In con-
trast, Conan performs multi-step reasoning with ac-
curate evidence grounding and efficient frame re-
trieval. In Round 1, it recognizes the absence of
causal cues and performs random frames sampling
to expand the search space. In Round 2, guided
by contextual signals, it retrieves frames around

key timestamps of player interactions. In Round 3,
Conan identifies visual evidence of color-triggered
game events (e.g., team activities, flag captures)
and integrates these clues to infer the correct op-
tion. This comparison highlights Conan’s superior
ability to localize, reason over, and act upon multi-
scale visual evidence. More qualitative cases and
error analyses are in Appendix C.4.

5. Conclusion and Future work

In this work, we present Conan, a novel framework
that equips MLLMs with Conan-like visual reason-
ing through frame identification, evidence reason-
ing, and action decision. Employing the Conan-
91k dataset, constructed via multi-scale frame cat-
egorization, reasoning trace construction, and evi-
dence difficulty-aware sampling, we devise a multi-
stage progressive cold-start strategy alongside a
joint Identification-Reasoning-Action (AIR) RLVR
framework to progressively cultivate robust multi-
step reasoning abilities. In future work, we plan
to extend Conan toward chain-of-frame reasoning,
enabling dynamic frame generation during reason-
ing to tackle more complex video reasoning tasks.
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