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Abstract

The mid-training phase has emerged as a crit-
ical bridge for enhancing the reasoning capa-
bilities of Vision-Language Models, yet its ef-
fectiveness is constrained by the scarcity of
high-quality visual reasoning data. While data
synthesis offers a promising alternative, con-
ventional stateless synthesis paradigms produce
shallow trajectories that quickly succumb to
utility plateaus. To overcome this, we pro-
pose VisMind, a novel multi-agent collabora-
tive framework that generates deep-reasoning
Stateful Synthetic Dialogue (SSD) from vi-
sual inputs. By orchestrating iterative problem-
solving, where peer student agents engage in
bidirectional critique under the ground-truth-
anchored guidance of a teacher, VisMind trans-
forms static, fragmented responses into rich,
multi-turn logical derivations. Utilizing this
interactive paradigm, we construct a dense mid-
training corpus of approximately 1.14B tokens.
Extensive experiments across the Qwen2-VL
and InternVL3 model families demonstrate that
applying this corpus via Continued Pretrain-
ing consistently outperforms a representative
stateless synthesis approach and elevates stan-
dard baselines by up to a 2.24% absolute aver-
age gain across comprehensive mathematical
and logical benchmarks. Furthermore, in-depth
analysis reveals that the SSD paradigm exhibits
continuous linear scaling without early satura-
tion, fosters intrinsic reasoning generalization,
and establishes a robust cognitive foundation
that enhances the efficacy of subsequent Rein-
forcement Learning with Verifiable Rewards.

1 Introduction

Vision-Language Models (VLMs) have advanced
multimodal intelligence, yet robust visual reason-
ing remains challenging (Kimi Team et al., 2026;
Bai et al., 2025; Achiam et al., 2023). Conven-
tional pipelines establish foundational knowledge
and cross-modal alignment through pre-training on
massive data (Liu et al., 2023), transitioning to post-

training via Reinforcement Learning with Verifi-
able Rewards (RLVR) (Guo et al., 2025) and Super-
vised Fine-Tuning (SFT) (Ouyang et al., 2022) to
strengthen reasoning and human alignment (Zhang
et al., 2024a; Chu et al., 2025). Bridging these
stages, mid-training alters data distributions to tar-
get objectives including domain expansion and data
quality (Wang et al., 2025; Tu et al., 2025). As a
primary approach, Continued Pretraining (CPT)
(Gururangan et al., 2020; Mo et al., 2025) applies
next-token prediction on refined, domain-specific
corpora to internalize specialized knowledge. In-
tegrating high-quality instruction data during the
CPT annealing phase enhances base models by
aligning distributions and mitigating noise to prime
them for effective post-training (Parmar et al., 2024;
Hu et al., 2024). However, this synergy is impeded
by the dearth of high-quality visual reasoning data,
which remains difficult to curate due to complex
spatial-logical alignments (Wang et al., 2024b; Ku-
michev et al., 2024).

To mitigate data scarcity, research increasingly
adopts data synthesis (Akter et al., 2025; Yang et al.,
2025; Ding et al., 2023). While promising, main-
stream synthetic methods (e.g., response diversifi-
cation, query expansion, and retrospective enhance-
ment (Chen et al., 2025b)) rely on stateless infer-
ence, where a solitary completion pass from an ini-
tial prompt yields basic Query-Answer (QA) pairs
or shallow Short Chain-of-Thought (CoT) (Wei
et al., 2022) trajectories (see Figure 1, Top). Re-
stricted by limited seeds, these stateless paradigms
struggle to transcend the model’s primary proba-
bility space even with high-temperature sampling,
failing to exploit the generator’s reasoning poten-
tial and causing data utility plateaus and stagnant
scaling (Madaan et al., 2023). Trained on such data,
models learn trivial heuristics rather than internal-
izing the complex, multi-hop logic and reflective
error-correction required for robust visual reason-
ing (Chen et al., 2025a). Scaling volume alone
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Figure 1: Data synthesis paradigms. Top: Stateless synthesis employs single-turn inference for static QA pairs
with shallow reasoning topologies. Bottom: VisMind orchestrates iterative multi-agent interactions for dynamic
dialogues with deep logical trajectories.

cannot resolve these deficiencies, which necessi-
tates a transition toward stateful generation where
dynamic interaction cycles push the generator to
construct deeper logical trajectories.

To overcome these limitations, we propose Vis-
Mind,1 a novel multi-agent framework generating
sophisticated Stateful Synthetic Dialogue (SSD)
(see Figure 1, Bottom). Moving beyond the soli-
tary completion passes of stateless generation, Vis-
Mind simulates iterative problem-solving on visual
seeds, with peer students collaboratively explor-
ing multimodal queries. Instead of static outputs,
they engage in bidirectional critique by proposing,
challenging, and evaluating reasoning steps. For
validation, a ground-truth-aware teacher provides
corrective hints rather than direct solutions, steer-
ing them to refine logic across multiple cycles. This
supervised collaboration replaces fragmented Short
CoT answers with multi-turn Long CoT trajecto-
ries embedding alternative path exploration, reflec-
tive behaviors, and joint error correction. By fully
exploiting the generator’s potential via stateful in-
teraction, the SSD paradigm yields a high-quality
synthetic corpus infused with rich knowledge and
reasoning behaviors to strengthen base models dur-
ing mid-training.

1The code is available at https://github.com/
XylonFu/VisMind.

Through VisMind, we synthesize a 1.14B-token
SSD corpus. Four VLM variants mid-trained on
this corpus via CPT, followed by standard SFT,
consistently outperform their pure SFT baselines,
achieving up to 2.24% absolute average gains
across comprehensive reasoning benchmarks. Cru-
cially, under identical configurations, this stateful
approach surpasses stateless QA synthesis by up
to 2.23%, validating the superiority of interactive
dynamics over static generation. Furthermore, SSD
avoids single-pass homogenization, exhibiting high
semantic diversity and continuous data utility scal-
ing. Probing intrinsic reasoning capabilities ver-
ifies that this paradigm fosters genuine cognitive
generalization rather than superficial memorization.
Ultimately, internalizing these complex derivations
establishes a robust cognitive foundation, prevent-
ing strategy collapse during subsequent RLVR.

In summary, our main contributions include:

• Stateful synthesis paradigm. We introduce
VisMind, an open-source multi-agent frame-
work that fundamentally shifts visual data syn-
thesis from static, single-turn inference to dy-
namic, self-refining dialogue. This pipeline
provides a scalable mechanism to generate
dense, long-horizon reasoning trajectories, ef-
fectively utilized to synthesize our 1.14B-
token mid-training corpus.
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• Empirical scaling dynamics. We establish
that interactive stateful dynamics successfully
break the data utility plateaus inherent to con-
ventional stateless synthesis. By validating
continuous data utility scaling and bypass-
ing response homogenization, we confirm that
teacher-guided peer critique offers a sustain-
able pathway for scaling reasoning data.

• Foundation for alignment pipeline. We re-
veal a critical synergy between mid-training
and reinforcement learning. By demonstrating
that internalizing complex derivations fosters
intrinsic cognitive generalization, we identify
that a robust mid-trained reasoning founda-
tion is a vital prerequisite for preventing pol-
icy degradation and sustaining effective explo-
ration during RLVR.

2 The VisMind framework

VisMind orchestrates SSD through a three-stage
workflow where multi-agent interaction transforms
static visual seeds into multi-turn trajectories, fol-
lowed by rule-based filtering, leading to training
integrating SSD via CPT before SFT on the seeds.

2.1 Stateful synthetic dialogue

We formulate SSD generation as a supervised,
multi-turn Markovian interaction among three spe-
cialized agents: two peer-reasoning students (α
and β) engaging in bidirectional critique, and a
ground-truth-aware teacher (τ ).

2.1.1 Problem formulation
Given a visual reasoning query Q = (x, v), where
x represents the textual instruction and v repre-
sents the associated visual modalities positioned as
a fixed leading context, along with a corresponding
ground-truth solution GT , our objective is to syn-
thesize a valid dialogue trace D = ⟨Q,R⟩. Here,
R = (ρ1, ρ2, . . . , ρK) represents the ordered se-
quence of K utterances generated by the agents.
We define a macroscopic exchange cycle t between
the two student agents, incrementing t solely upon
the completion of β’s utterance.

We define the active agent state space as S =
{α, β, τ}, supplemented by a terminal state ξ. The
generation of R is a conditional sequential de-
cision process, initialized at σ1 = α. To emu-
late independent problem-solving, GT is strictly
isolated from the student agents. The probabil-
ity distribution of the utterance ρk and the next-

speaker transition σk+1 at step k is conditioned
on the current agent σk and the dialogue histories
R<k = (ρ1, . . . , ρk−1) and R≤k = (ρ1, . . . , ρk):

P (ρk, σk+1 | Q,R<k, σk, GT ) =




Pα(ρk | Q,R<k) · I(σk+1 = β),

if σk = α

Pβ(ρk | Q,R<k) ·Πβ(σk+1 | Q,R≤k),

if σk = β, σk+1 ∈ {α, τ}

Pτ (ρk | Q,R<k, GT ) ·Πτ (σk+1 | Q,R≤k, GT ),

if σk = τ, σk+1 ∈ {α, ξ}
(1)

where I(·) denotes an indicator function, Πβ and
Πτ denote routing policies over admissible next
states, and Pα, Pβ, Pτ denote the generation dis-
tributions parameterized by a single underlying
generator model, from which distinct reasoning
and routing behaviors are elicited by condition-
ing on role-specific system prompts (see Appendix
A). The framework samples trajectories that are
accepted by the teacher, retaining the valid trace
D∗ = ⟨Q,R⟩ if and only if the final transition
reaches the terminal state ξ within the maximum
exchange cycle limit Tmax:

R ∼ P (R | Q,GT ),

D∗ = ⟨Q,R⟩ s.t. σK+1 = ξ ∧ t ≤ Tmax
(2)

2.1.2 Multi-agent collaborative dynamics
Collaborative exploration (α ↔ β). Students α
and β iteratively generate reasoning steps (ρα, ρβ)
while exploring alternative reasoning paths. This
peer-to-peer loop is driven by bidirectional critique,
where each student evaluates the counterpart’s pre-
vious derivation by explicitly supporting or chal-
lenging its logic. This lateral exploration mitigates
the exploration deficit inherent to binary student-
teacher setups, preventing premature convergence
on suboptimal branches prior to supervised inter-
vention. While both agents act as equal peers in
reasoning and verification, the framework imposes
an asymmetric routing mechanism to manage dia-
logue progression, where β uniquely acts as a con-
ditional router. Based on its internal verification of
the augmented context (Q,R≤k), β determines the
state transition σk+1 ∈ {α, τ} by returning control
to α to rectify identified mistakes, or invoking the
teacher when the derivation is deemed fully correct
and requires final validation.
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Figure 2: The VisMind training pipeline. Base models are mid-trained on the synthesized SSD corpus to fortify
foundational reasoning, followed by post-training on the original visual instructions for final alignment.

Supervised intervention (τ ). When invoked
(σk = τ ), the teacher evaluates the accumulated
history R<k for reasoning accuracy using its priv-
ileged access to GT . Upon detecting errors, mis-
conceptions, or incomplete logic, τ generates con-
structive feedback and hints (ρτ ) rather than di-
rect answers. By routing the conversation back to
the students (σk+1 = α), this intervention com-
pels them to integrate the feedback to refine their
derivation, effectively preventing cascading errors
without sacrificing cognitive depth.

Termination and convergence (ξ). The inter-
action cycle continues until τ confirms the deriva-
tion is congruent with GT , issuing the termina-
tion signal (σk+1 = ξ). If t reaches Tmax without
validation, the trace is discarded. Repeated exe-
cution across diverse queries yields the raw syn-
thetic corpus Craw = {D∗

1, . . . ,D∗
N}, comprising

N successfully verified trajectories. Collectively,
the stateful interaction paradigm overcomes the
limitations of solitary inference, yielding a corpus
of complex, multi-turn reasoning trajectories ready
for filtering.

2.2 Data filtering

To ensure the high fidelity of the raw synthetic cor-
pus Craw, we implement a three-stage rule-based
filtering pipeline. The first two stages act as re-
jection filters, discarding the entire dialogue trace
D∗ upon failure, while the final stage performs
content-level sanitization.

Language verification. Although our multi-
agent prompts constrain the models to communi-
cate exclusively in English, we utilize Unicode
block matching to reject any dialogue D∗ contain-
ing non-English character sets, excluding mathe-
matical symbols. Out-of-domain scripts indicate a
failure in instruction following, rendering the inter-
action unreliable.

Repetition detection. Extended multi-turn gen-
eration makes VLMs susceptible to inference degra-
dation and pathological text loops. We apply a se-
quential pattern detector to discard trajectories ex-

hibiting consecutive triple repetitions of any word
or phrase, thereby preserving the lexical diversity
and logical progression of the corpus.

Format cleaning. In validated dialogues, all
internal markers managing Markovian state transi-
tions and termination are systematically stripped.2

The remaining outputs are concatenated into clean,
contiguous conversational trajectories suitable for
the subsequent mid-training phase.

2.3 Training pipeline

As illustrated in Figure 2, VisMind modifies the
conventional VLM training trajectory by inserting
a strategic mid-training phase between initial pre-
training and post-training, executed through a three-
step pipeline.

Seed data preparation. We utilize standard vi-
sual instruction data, typically reserved for the SFT
stage, as foundational seeds. Each raw instance,
comprising a multimodal query Q and a static an-
swer A, is processed through the SSD framework.
By sampling each seed n times and applying the
rejection filters, we transcend the static A to extract
up to n diverse, multi-turn reasoning trajectories
R, providing the structural complexity required for
mid-training.

Mid-training via CPT. The pretrained base
model is mid-trained on the filtered SSD cor-
pus using the CPT objective. Processing these
long-horizon conversational trajectories enables the
model to internalize the underlying cognitive logic
and multi-turn reasoning patterns embedded within
the SSD trajectories, thereby yielding a robust rea-
soning base model.

Post-training via SFT. Finally, the reasoning
base model undergoes standard SFT using the orig-
inal visual instruction seeds. With foundational
logic solidified during CPT, this stage focuses on
aligning the model’s reasoning behaviors with di-
verse human instructions and specific formatting
constraints to produce the final reasoning model.

2#TO_STUDENT_ALPHA#, #TO_TEACHER#, and
#END_CONVERSATION#.
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3 Experiments

3.1 Setup

Data synthesis. We utilize 118K multimodal in-
structions from the visualwebinstruct subset of
the VisualWebInstruct (Jia et al., 2025) dataset as
foundational seeds. To generate the SSD corpus,
the aligned InternVL3-14B model is deployed as
the agent generator via the vLLM (Kwon et al.,
2023) framework. To govern the multi-agent in-
teraction, we set Tmax to 5 and sample each seed
instance 8 times with a temperature of 0.7, a top-p
of 0.8, and a maximum of 8192 new tokens per
generation.

Training configuration. Experiments are con-
ducted on 4× NVIDIA A800 80GB GPUs within
a single node using the SWIFT (Zhao et al., 2025)
framework. We apply the CPT and subsequent
SFT pipeline to the pretrained base models of the
Qwen2-VL (2B, 7B) (Wang et al., 2024c) and In-
ternVL3 (2B, 8B) (Zhu et al., 2025) series.3 Train-
ing is optimized using DeepSpeed (Rasley et al.,
2020) ZeRO-3 with a learning rate of 1× 10−5, a
warmup ratio of 0.05, and 3 epochs. The global
batch size is 8 for 2B models and 4 for 7B/8B mod-
els, with a gradient accumulation step of 2. For
sequence processing, we enable padding-free pack-
ing and FlashAttention (Dao et al., 2022), restrict-
ing the maximum token length per sample to 4096.
These configurations are applied uniformly across
both training stages. For Qwen-series models, we
implement specific constraints by restricting the
maximum pixel count to 262,144 due to computa-
tional limits, equating to approximately 334 visual
tokens under the inherent 28× 28 pixel-per-token
resolution, and, following the official implemen-
tation, by freezing the Vision Transformer (ViT)
(Dosovitskiy et al., 2021) and the vision-language
adapter during the SFT stage. Unspecified hyper-
parameters follow default framework settings, and
all parameters not explicitly mentioned as frozen
remain trainable throughout the training process.

Baselines and evaluation. Our primary base-
lines consist of models trained exclusively via stan-
dard SFT on the original visual instruction seeds.
To contrast our framework with conventional state-
less synthesis, we also evaluate a comparative ap-
proach using QA pairs generated via query expan-
sion (Chen et al., 2025b) (see Appendix B), utiliz-

3Selected due to hardware constraints and the scarcity of
open-source base VLMs, as most exclusively release post-
trained checkpoints.

ing identical generation configurations and training
pipelines as those used in VisMind but differing
solely in the synthesized mid-training data. To
assess visual, mathematical, and logical reason-
ing capabilities, we adopt the benchmark selection
from InternVL3, covering MathVerse Mini (Zhang
et al., 2024b), MathVision (Wang et al., 2024a), and
MathVista Mini (Lu et al., 2024) for mathematical
reasoning, supplemented by DynaMath (Zou et al.,
2025), WeMath (Qiao et al., 2025), and LogicVista
(Xiao et al., 2024) for logical reasoning.

3.2 Results
Scale and structural expansion. The agentic gen-
eration framework transforms static visual instruc-
tions into structurally complex reasoning trajecto-
ries. The initial visualwebinstruct seed subset
contains 60.73M tokens, averaging 512.60 tokens
per sequence. Given identical seeds and sampling,
single-pass stateless inference yields 485.54M to-
kens, averaging 514.33 tokens per sequence. In
contrast, following multi-agent generation and rule-
based data filtering, yielding a 77% trajectory re-
tention rate, the SSD corpus scales to 1.14B tokens,
tripling the average trajectory length to 1560.32
tokens. This volumetric and structural expansion
establishes the dense, long-horizon data foundation
required for effective mid-training (see Appendix
H for a comparative example).

Multi-agent interaction dynamics. Detailing
the macroscopic student-teacher loop, subplots (b)
and (c) of Appendix Figure 4 reveal that while
49.6% of dialogues converge in a single cycle, the
remainder necessitate sustained problem-solving,
with 45.1% requiring multiple teacher interventions
to rectify flawed logic and 9.1% reaching the limit
of five exchange cycles. Isolating micro-level peer
dynamics prior to teacher invocation, subplot (d)
demonstrates that although 91.9% of internal ex-
changes conclude in two utterances, 8.1% extend to
four or six, confirming the routing agent β enforces
autonomous revisions before external validation.
These macro and micro behaviors jointly shape the
total utterance count K in subplot (a), where the
standard α → β → τ cadence peaks at multiples
of three (e.g., K ∈ {3, 6, 9}) and structural vari-
ance from autonomous peer rejections systemati-
cally generates intermediate dialogue lengths (e.g.,
K ∈ {5, 8}). These interaction metrics demon-
strate that the stateful synthesis framework encodes
iterative reasoning chains, alternative path explo-
ration, and reflective error correction into the SSD.
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Model Method MathVerse MathVision MathVista DynaMath WeMath LogicVista Average

Qwen2-VL-2B Baseline 11.68% 13.95% 39.80% 23.69% 10.95% 32.66% 22.12%
QA 11.78% 14.01% 43.10% 25.49% 11.33% 29.08% 22.47%
VisMind 14.90% 14.90% 42.60% 27.64% 13.90% 29.31% 23.88%

Qwen2-VL-7B Baseline 20.43% 20.43% 56.60% 36.65% 22.76% 40.72% 32.93%
QA 22.51% 21.25% 55.40% 36.63% 22.00% 39.82% 32.94%
VisMind 24.87% 22.14% 59.00% 37.37% 25.81% 41.83% 35.17%

InternVL3-2B Baseline 19.72% 19.28% 51.20% 33.43% 17.90% 35.57% 29.52%
QA 20.46% 19.11% 49.40% 35.13% 22.00% 32.89% 29.83%
VisMind 22.72% 20.26% 48.80% 36.41% 22.38% 37.58% 31.36%

InternVL3-8B Baseline 25.28% 25.82% 63.60% 45.23% 33.43% 42.73% 39.35%
QA 24.24% 27.27% 59.60% 45.79% 36.48% 42.51% 39.31%
VisMind 24.06% 27.93% 60.20% 46.81% 34.95% 44.52% 39.74%

Table 1: Performance comparison across mathematical and logical reasoning benchmarks. Baseline represents base
models trained solely via SFT on the visual instruction seeds. VisMind denotes base models mid-trained on the
SSD corpus, followed by SFT on identical seeds. QA signifies base models mid-trained on the QA pairs synthesized
via the comparative stateless query expansion approach.

Comparison of reasoning performance. Table
1 compares VisMind against standard SFT base-
lines and the comparative QA approach. Integrat-
ing the SSD corpus via CPT consistently improves
average accuracy across all evaluated models,
yielding absolute average gains of 1.76%, 2.24%,
1.84%, and 0.39% over the standard baselines
for Qwen2-VL-2B, Qwen2-VL-7B, InternVL3-2B,
and InternVL3-8B, respectively. These improve-
ments span complex reasoning tasks, with consis-
tent increases on benchmarks such as MathVision
and DynaMath. Furthermore, while the stateless
QA method occasionally provides marginal im-
provements over the baseline, VisMind consistently
outperforms it in average accuracy across all eval-
uated models despite sharing identical seeds and
training pipelines, achieving margins up to +2.23%
and +1.53% on the Qwen2-VL-7B and InternVL3-
2B models, respectively. Consequently, these em-
pirical gains validate the efficacy of the interactive
generation paradigm, establishing that training on
multi-turn trajectories substantially bolsters accu-
racy across complex visual reasoning tasks.

3.3 Analysis

How do scalability and diversity compare be-
tween stateful and stateless paradigms?

To dissect the mechanisms underlying the ob-
served reasoning enhancements, we evaluate data
utility by scaling the synthesized samples per
seed up to eight during the mid-training of the
InternVL3-2B model. As illustrated in Figure 3(a),
the model mid-trained on the SSD corpus exhibits

continuous, near-linear accuracy improvements as
the sampling scale increases, showing no satura-
tion at the maximum evaluated scale. In contrast,
the utility of the QA corpus plateaus and degrades
beyond four samples. This divergence indicates
that while stateless inference rapidly exhausts the
utility of single-pass outputs, stateful interaction
continuously distills rich knowledge and diverse
reasoning behaviors from identical seeds.

To quantify the semantic variance driving this
persistent utility, we compute the intra-group co-
sine similarity, detailed in Appendix C, of the out-
puts across a shared random subset of 1,000 in-
struction seeds using the Qwen3-Embedding-0.6B
(Zhang et al., 2025) model. Figure 3(b) demon-
strates that the SSD distribution shifts toward lower
similarity, achieving a reduced average of 0.220
compared to 0.261 for the QA method. Further-
more, the stateful paradigm suppresses highly re-
dundant outputs, lowering the maximum similarity
bound from 0.489 to 0.392. This measurable re-
duction confirms that dynamically accumulating
dialogue history continuously alters the condition-
ing context. This progressively expanding prompt
inherently diversifies the generator’s search space,
bypassing the response homogenization of static
inputs to sustain data utility.

Does VisMind foster genuine reasoning or
merely memorize synthetic patterns?

To answer this, we evaluate the framework on
two independent benchmarks, where MME-CoT
(Jiang et al., 2025) assesses thought process quality,
robustness, and efficiency, and MME-Reasoning
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Figure 3: Data utility scaling and semantic diversity of the SSD and QA corpora, represented in blue and orange
respectively. (a) Scaling effects on data utility: evaluates average reasoning accuracy across synthesized samples per
seed n, tracking performance evolution as the sampling scale increases. (b) Semantic diversity of synthetic corpora:
presents the probability density of intra-group cosine similarities from text embeddings, where lower similarity
denotes higher diversity among multiple outputs from identical seeds, and dashed lines mark the group averages.

(Yuan et al., 2026) tests the breadth of logical rea-
soning across diverse scenarios. As detailed in Ap-
pendix Table 3, integrating the QA corpus synthe-
sized via stateless inference typically degrades the
structural integrity of the thought process relative to
the standard baseline. In contrast, VisMind restores
and enhances performance, marked by an increase
in the Qwen2-VL-2B model’s Overall score from
0.266 for the stateless comparative approach to
0.346. High scores in CoT Relevance and Quality
suggest that rather than memorizing static synthetic
templates that impede the QA models, the stateful
interaction paradigm enables the model to internal-
ize the dynamic reasoning behaviors required to
transcend surface-level heuristics.

Appendix Table 4 corroborates this conclusion,
showing that while the stateless QA approach di-
minishes reasoning capabilities across the evalu-
ated model configurations, VisMind demonstrates
consistent gains across core logical paradigms in-
cluding inductive, deductive, and abductive reason-
ing. For InternVL3-8B, VisMind exhibits substan-
tial advantages over the QA approach in Causal
Chain of 43.06 versus 33.33 and Deductive reason-
ing of 32.03 versus 27.45. The performance gap on
these independent benchmarks indicates that the it-
erative refinement within the SSD trajectories trans-
lates into generalized cognitive capabilities. These
findings demonstrate that the structural complexity
of the stateful paradigm imparts the multi-faceted
logic necessary to establish a robust cognitive foun-
dation, effectively bolstering the model’s reasoning
generalization to outperform both standard direct
post-training and conventional stateless synthesis
in complex reasoning depth.

Can VisMind provide a more robust founda-
tion for RLVR?

To evaluate the synergy between mid-training
paradigms and RLVR, we apply Group Relative
Policy Optimization (GRPO) (Guo et al., 2025) to
the respective SFT checkpoints of the evaluated
Qwen2-VL configurations using approximately 9k
reasoning samples from the OpenVLThinker (Deng
et al., 2025) dataset. Driven by an external veri-
fication reward mechanism (see Appendix E), the
optimization spans a maximum of 500 steps, equat-
ing to roughly seven epochs, with checkpoints pre-
served at 50-step intervals. As illustrated in Table
2, GRPO induces a performance divergence. Vis-
Mind leverages the reward signals, advancing its
2B and 7B models from their initial SFT averages
of 23.88% and 35.17% to 24.54% and 35.81%, re-
spectively. Conversely, the standard baseline and
the comparative QA approach exhibit post-RLVR
degradation, evidenced by the 7B model trained
via the QA approach regressing from 32.94% to
32.38%. This divergence demonstrates the depen-
dency of RLVR on the foundational robustness of
the initial policy. When the policy relies on shal-
low heuristics inherent to standard SFT or data
synthesized via stateless inference, the reinforce-
ment learning feedback mechanism amplifies logi-
cal inconsistencies. Reward signals consequently
reinforce erroneous trajectories, biasing the policy
toward unreliable reasoning patterns. These find-
ings confirm that the stateful interaction paradigm
establishes the cognitive stability required to sus-
tain RLVR exploration, enabling continuous per-
formance scaling rather than strategy collapse.
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Model Method (+GRPO) MathVerse MathVision MathVista DynaMath WeMath LogicVista Average

Qwen2-VL-2B Baseline 9.75% 12.96% 42.00% 23.17% 10.29% 27.96% 21.02%
QA 10.03% 13.19% 43.50% 25.31% 10.48% 27.52% 21.67%
VisMind 15.30% 14.67% 44.00% 27.17% 15.90% 30.20% 24.54%

Qwen2-VL-7B Baseline 19.47% 19.64% 58.30% 36.47% 21.62% 40.72% 32.70%
QA 20.46% 19.74% 59.40% 36.11% 22.76% 35.79% 32.38%
VisMind 25.41% 22.07% 61.20% 37.52% 25.90% 42.73% 35.81%

Table 2: Mathematical and logical reasoning performance of the Qwen2-VL series optimized via RLVR. GRPO is
applied uniformly to the SFT checkpoints of the standard baseline, the comparative QA approach, and the VisMind
framework to assess their synergy with reinforcement learning and the stability of their initial cognitive foundations.

4 Related work

Visual reasoning and mid-training. While VLMs
achieve broad multimodal alignment (Zhang et al.,
2024a), translating perception into complex rea-
soning remains challenging (Wu et al., 2023). Re-
cent paradigms bridge this gap via mid-training
(Tu et al., 2025). Executing CPT on curated cor-
pora mitigates data saturation and systematically
enhances logical competencies (Mo et al., 2025).
Crucial for internalizing specialized knowledge
like biomedical diagnostics (Zhang et al., 2026)
and embodied priors (Yu et al., 2026), mid-training
depends on high-quality reasoning data, necessitat-
ing robust synthesis frameworks.

Stateless data synthesis. To mitigate data
scarcity and repetition (Hao et al., 2026), foun-
dational synthesis approaches extract entities for
domain corpora (Yang et al., 2025) and construct
concept graphs to scale instruction tuning (Tang
et al., 2024). For complex reasoning, methods
bootstrap questions via backward reasoning (Yu
et al., 2024) and key-point matrices (Huang et al.,
2025). To increase structural complexity, frame-
works construct preference trees (Yuan et al., 2025),
expand queries (Chen et al., 2025b), and transform
text into simulated dialogues (Akter et al., 2025).
However, these stateless paradigms rely on solitary
inference passes, yielding static trajectories that re-
strict search spaces and precipitate utility plateaus.
VisMind breaks these plateaus through stateful in-
teraction, diversifying exploration via accumulated
dialogue history.

Multi-agent collaboration. Multi-agent frame-
works scale inference compute by synthesizing gen-
eral instructions (Tang et al., 2025), automating
trajectory verification (Sengupta et al., 2024), and
scaling workflows via decentralized architectures
(Wang et al., 2026). For deeper reasoning, stud-
ies leverage diverse debates (Hegazy, 2024), tree

search coordination (Ye et al., 2024), structured
roles (Li et al., 2024), and textual critiques (Wang
et al., 2023). Although collaborative agents de-
compose multimodal queries during inference (An-
vekar et al., 2025), current paradigms risk unguided
reasoning drifts and overlook mid-training. Vis-
Mind addresses these gaps via a peer-teacher triad.
Coupling bidirectional peer critique for lateral ex-
ploration with supervised teacher intervention for
factual grounding prevents premature convergence,
synthesizing SSD to embed complex derivations.

5 Conclusion

In this paper, we introduced VisMind, a multi-agent
collaborative framework designed to overcome the
limitations of stateless data synthesis during vi-
sual mid-training. By orchestrating bidirectional
peer critique and ground-truth-anchored supervised
intervention, the proposed stateful paradigm trans-
forms static visual instructions into complex, dy-
namic reasoning trajectories. This structured in-
teraction mitigates the exploration deficit inherent
to solitary inference, yielding a high-quality SSD
corpus. Empirical evaluations demonstrate that in-
tegrating this corpus via CPT consistently improves
diverse VLMs over standard baselines, while
outperforming comparative stateless approaches
across comprehensive mathematical and logical
benchmarks. Furthermore, our analysis reveals that
the stateful paradigm bypasses traditional data util-
ity plateaus, exhibits linear scaling, fosters intrinsic
reasoning generalization, and establishes the foun-
dational robustness required to sustain subsequent
RLVR without strategy collapse. While the three-
agent formulation provides an effective approach,
future work will explore structural ablations across
agent configurations and lightweight interaction
mechanisms to reduce the computational overhead
of the synthesis process.
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Limitations

While VisMind demonstrates substantial empirical
success, we acknowledge three primary limitations
in our current study.

Computational cost and experimental scale.
Multi-agent interaction inherently incurs higher
computational costs than single-turn inference, re-
stricting the scale of our empirical validation. Fu-
ture verification requires scaling the seed data
volume, comparing a broader range of synthesis
methodologies, and evaluating across more diverse
model families and larger parameter scales.

Agent configuration and homogeneity. Our
framework relies on a fixed triad of two peer stu-
dents and one teacher, instantiated by a single gen-
erator model. We have not conducted ablation stud-
ies on the number of interacting agents to opti-
mize the trade-off between generation efficiency
and trajectory quality. Additionally, employing het-
erogeneous setups where different frontier models
assume distinct agent roles remains an unexplored
direction for introducing cognitive diversity.

Interpretability of data efficacy. Although em-
pirical results confirm that the SSD corpus sig-
nificantly enhances reasoning, the fine-grained
mechanisms underlying this improvement remain
opaque. Our analysis relies on macro-level bench-
mark scores rather than investigating exactly why
these dynamic trajectories yield high-quality train-
ing signals. Future work requires mechanistic inter-
pretability to explicitly attribute downstream per-
formance gains to specific multi-agent behaviors.

Ethical considerations

This research does not involve human subjects,
crowdsourcing, or the collection of personally iden-
tifiable information or offensive content, utilizing
only publicly available datasets for data synthesis.
The proposed VisMind framework focuses strictly
on enhancing the logical and mathematical reason-
ing capabilities of existing VLMs, and does not in-
herently introduce new ethical risks, societal biases,
or malicious applications beyond those generally
associated with foundational multimodal models.
Furthermore, in accordance with ACL guidelines
regarding the use of generative AI, we transparently
disclose that large language models were utilized
as assistive tools strictly for manuscript language
polishing and experimental code generation, with
the authors retaining full responsibility for the final
scientific content and integrity.
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A Agent prompt templates

This section provides the exact role-specific
prompts utilized to instantiate the multi-agent
Markovian interaction within the VisMind frame-
work. A single Vision-Language Model is
prompted differently to fulfill the roles of the two
peer students (α, β) and the teacher (τ ).

Student α system prompt

Role: student_alpha
Task: Contribute to a multi-turn conversa-
tion with student_beta to solve a problem.
Incorporate any provided images and
text, and strictly follow the given problem
context.

Instructions:
1. Develop a detailed discussion where
you reason thoughtfully, reflect critically,
and evaluate student_beta’s approaches by
either supporting or challenging them.
2. Actively explore alternative ideas,
methods, or perspectives that could lead to
a solution.
3. Seamlessly continue the conversation by
integrating any hints or feedback from the
teacher.
4. Only output your conversation contribu-
tion, excluding any extra content, praise,
thanks, or encouragement.
5. Communicate strictly in English, regard-
less of input language.

START THE CONVERSATION NOW. BE-
GIN WITH ’student_alpha:’.

Student β system prompt

Role: student_beta
Task: Contribute to a multi-turn conversa-
tion with student_alpha to solve a problem.
Incorporate any provided images and
text, and strictly follow the given problem
context.
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Instructions:
1. Develop a detailed discussion where you
reason thoughtfully, reflect critically, and
evaluate student_alpha’s approaches by
either supporting or challenging them.
2. Actively explore alternative ideas,
methods, or perspectives that could lead to
a solution.
3. Seamlessly continue the conversation by
integrating any hints or feedback from the
teacher.
4. After reasoning, place
’#TO_TEACHER#’ at the end if
you believe everything is correct, or
’#TO_STUDENT_ALPHA#’ if you find
mistakes.
5. Only output your conversation contribu-
tion, excluding any extra content, praise,
thanks, or encouragement.
6. Communicate strictly in English, regard-
less of input language.

START THE CONVERSATION NOW. BE-
GIN WITH ’student_beta:’.

Teacher τ system prompt

Role: teacher
Task: Evaluate the conversation between
student_alpha and student_beta based on
the question, ground truth solution, and
images provided.

Instructions:
1. Review the conversation for both the
reasoning process and the final answer
accuracy.
2. Identify any errors, misconceptions, or
incomplete reasoning in the discussion.
3. Provide constructive feedback, hints, and
suggestions that guide the students to refine
the conversation.
4. After reviewing, place
’#END_CONVERSATION#’ at the
end if everything is correct, or
’#TO_STUDENT_ALPHA#’ if you
find mistakes.
5. Only output your feedback contribution,
excluding any extra content, praise, thanks,
or encouragement.

6. Communicate strictly in English,
regardless of input language.

Teacher τ user prompt

Conversation:
{conversation}

Question:
{question}

Ground Truth Solution:
{solution}

Please evaluate the conversation based on
the ground truth solution.
Provide your feedback starting with
’teacher:’. If everything is correct, con-
clude with ’#END_CONVERSATION#’.
If you find any errors, conclude with
’#TO_STUDENT_ALPHA#’.

B Query expansion prompt

This section provides the query expansion prompt
utilized to statelessly generate the QA pairs for the
comparative approach, adapted from Chen et al.
(2025b) with minor modifications.

Query expansion prompt

Visual Question: {question}
Solution: {answer}

Your goal is to create a different visual ques-
tion and its solution from a given visual
question, its solution, and the associated im-
ages. You should follow these steps:
1. Convert the visual question (using both
text and images) into a statement.
2. Create a new visual question based on the
statement and the images.
3. Provide a solution to the new visual ques-
tion.
4. Review the solution and clearly state
whether you accept or refuse it, along with
a brief explanation of your decision.
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C Calculation of intra-group cosine
similarity

This section provides the intra-group cosine sim-
ilarity calculation. For each instruction seed, we
synthesize n distinct outputs to form an evaluation
group g. Let Eg represent the corresponding set of
text embeddings {e1, e2, . . . , en} extracted via the
Qwen3-Embedding-0.6B model. The intra-group
cosine similarity Sg represents the arithmetic mean
of all unique pairwise similarities within the group:

Sg =
2

n(n− 1)

n−1∑

i=1

n∑

j=i+1

ei · ej
∥ei∥∥ej∥

(3)

where ei · ej denotes the dot product, and ∥ei∥
denotes the L2 norm. The coefficient 2

n(n−1) nor-
malizes the sum by the number of upper-triangular
index pairs. The probability density in Figure 3(b)
is estimated over all Sg values across the respective
corpora.

D Calculation of overall radar area

This section provides the Overall Radar Area calcu-
lation for MME-CoT aggregation. Since the MME-
CoT benchmark lacks an official aggregate score,
we compute the radar chart area, consistent with
the visualizations in the original paper, to serve as
a comprehensive indicator of overall performance.
Let {v1, . . . , v6} denote the six core sub-metrics
(Precision, Recall, Stability, Efficacy, Relevance,
Reflection), min-max normalized to radial lengths
vi ∈ [0, 1]. Arranged in a fixed radial sequence
with equal angular spacing θ = π

3 , the Overall
Radar Area A is formulated as:

A =
1

2
sin

(π
3

) 6∑

i=1

vivi+1 (4)

where v7 ≡ v1 closes the polygon. By main-
taining a consistent axis sequence across all evalu-
ations, a larger total area A directly indicates supe-
rior comprehensive reasoning capabilities.

E Reward mechanism for RLVR

This section provides the reward function utilized
during the RLVR phase. We implement a binary
reward structure driven entirely by external model
verification. Let y represent the complete generated
trajectory. The General Verifier (Ma et al., 2025)
model evaluates the semantic equivalence between

this trajectory and the ground truth. The verifica-
tion indicator ϕverify(y) evaluates to true if and only
if the verifier explicitly confirms this equivalence.
The terminal reward R(y) is formalized via the
following piecewise function:

R(y) =

{
1.0, if ϕverify(y)

0.0, otherwise
(5)

The prompt template governing this verification
process is detailed below:

General verifier prompt

User: ### Question: {question}

### Ground Truth Answer: {truth}

### Student Answer: {answer}

For the above question, please verify if the
student’s answer is equivalent to the ground
truth answer.
Do not solve the question by yourself; just
check if the student’s answer is equivalent
to the ground truth answer.
If the student’s answer is correct, output "Fi-
nal Decision: Yes". If the student’s answer
is incorrect, output "Final Decision: No".
Assistant:

F Agent interaction distributions

This section provides a granular breakdown of inter-
action metrics within the synthesized SSD corpus
through the distributions in Figure 4.

G Model generalization performance

This section provides model generalization perfor-
mance across all configurations, with full results
reported in Table 3 for MME-CoT and Table 4 for
MME-Reasoning.

H Comparative example of synthetic data

This section provides a comparative example
demonstrating the transformation of an initial vi-
sual seed into both a stateful synthetic dialogue and
a stateless query answer. Bracketed annotations
within the SSD are added to highlight fine-grained
cognitive behaviors driven by multi-agent interac-
tion. These non-generated labels categorize rea-
soning into: Deductive Execution (blue), Lateral
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CoT Quality (%) CoT Robustness (%) CoT Efficiency (%) Overall

Model Method F1 Score Precision Recall Average Stability Efficacy Average Relevance Reflection Radar Area

Qwen2-VL-2B Baseline 36.910 86.530 23.460 -0.504 1.024 -2.031 58.700 91.950 25.460 0.278
QA 36.770 84.970 23.460 -5.231 -8.191 -2.270 55.920 85.300 26.530 0.266
VisMind 42.090 87.690 27.690 0.614 -0.683 1.912 61.220 92.350 30.090 0.346

Qwen2-VL-7B Baseline 51.820 88.290 36.670 -1.434 0.000 -2.867 57.750 81.650 33.840 0.379
QA 48.640 84.180 34.200 -3.106 -2.389 -3.823 52.710 77.350 28.060 0.305
VisMind 53.840 88.220 38.740 -1.459 -1.365 -1.553 58.830 82.800 34.860 0.398

InternVL3-2B Baseline 41.910 89.400 27.370 -1.809 -1.706 -1.912 57.330 92.800 21.860 0.269
QA 35.430 66.090 24.200 -5.546 -7.509 -3.584 54.270 93.800 14.750 0.150
VisMind 42.270 90.340 27.590 -0.068 0.341 -0.478 58.880 94.000 23.770 0.296

InternVL3-8B Baseline 47.950 89.260 32.780 0.597 0.000 1.195 59.910 86.600 33.230 0.384
QA 47.830 89.870 32.590 -4.574 -5.802 -3.345 56.560 85.400 27.730 0.318
VisMind 46.790 88.830 31.760 0.606 -0.341 1.553 61.820 91.300 32.350 0.380

Table 3: Model performance on the MME-CoT benchmark. CoT Quality measures the fundamental accuracy of
reasoning rationales. CoT Robustness evaluates logical consistency under varying prompts. CoT Efficiency assesses
the presence of redundant or harmful overthinking. Overall is computed as the area of a radar chart (see Appendix
D).

Model Capability Reasoning Type

Model Method Plan & Exp Calculation Spatial-Temp Causal Chain Pattern Inductive Deductive Abductive Overall

Qwen2-VL-2B Baseline 8.84 10.94 25.89 17.36 16.06 21.45 20.26 11.56 17.68
QA 9.94 9.12 24.11 20.83 10.91 19.03 18.95 11.31 16.41
VisMind 11.60 11.55 22.70 29.17 14.85 21.75 20.48 11.81 17.93

Qwen2-VL-7B Baseline 12.71 14.59 33.33 31.25 18.79 25.38 23.53 18.09 22.22
QA 14.64 15.20 23.76 34.03 12.73 20.85 23.31 15.83 20.12
VisMind 14.64 17.93 31.91 30.56 19.70 26.59 25.93 18.84 23.74

InternVL3-2B Baseline 14.36 14.89 26.95 29.17 15.45 22.96 23.31 16.33 20.88
QA 12.71 17.33 28.37 28.47 15.76 21.15 24.18 14.57 20.12
VisMind 14.09 14.59 31.21 30.56 17.27 24.77 24.62 15.83 21.72

InternVL3-8B Baseline 17.68 18.84 30.14 36.81 18.79 27.49 28.10 16.33 23.99
QA 14.09 19.76 30.14 33.33 17.27 24.47 27.45 17.34 23.23
VisMind 21.82 24.32 30.50 43.06 20.00 25.98 32.03 19.60 26.18

Table 4: Model performance on the MME-Reasoning benchmark. Model Capability evaluates specific skill domains.
Reasoning Type categorizes performance based on fundamental logical paradigms. The Overall score reflects
holistic performance.
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Figure 4: Statistical distribution of multi-agent inter-
action metrics within the SSD corpus. Across all sub-
plots, the y-axis represents the relative frequency (%),
while the x-axis denotes the respective count for: (a)
Utterances per dialogue trace (K); (b) Exchange cy-
cles per dialogue trace (t); (c) Supervised interventions
per dialogue trace (τ ); and (d) Peer utterances prior to
supervised intervention (α ↔ β).

Exploration (orange), Critique & Boundary Setting
(purple), Error & Anomaly Detection (red), and
Pedagogical Meta-Cognition (teal).

Seed

Velocity time graph of a particle of mass 3
Kg moving in a straight line in shown in
the figure. The work done by all the forces
acting on the particle in a time t = 3s is

SSD

student_alpha: [Deductive reasoning:
Principle application] To find the work
done by all the forces acting on the parti-
cle in 3 seconds, we need to calculate the
change in kinetic energy of the particle. The
work-energy principle states that the work
done by all forces is equal to the change in
kinetic energy.
[Information extraction: Graph coordi-
nates] First, let’s determine the initial and
final velocities from the graph. At t = 0, the

velocity v is 40 m/s. At t = 3 s, the velocity
v is -20 m/s.
The kinetic energy KE is given by the for-
mula:

KE =
1

2
mv2

[Quantitative execution: Kinetic energy]
The initial kinetic energy KEi is:

KEi =
1

2
× 3× (40)2

=
1

2
× 3× 1600 = 2400 J

The final kinetic energy KEf is:

KEf =
1

2
× 3× (−20)2

=
1

2
× 3× 400 = 600 J

The change in kinetic energy ∆KE is:

∆KE = KEf −KEi

= 600− 2400 = −1800 J

Therefore, the work done by all the forces
acting on the particle in 3 seconds is -1800
J.

student_beta: [Peer methodology cri-
tique] I see that you calculated the work
done by considering the change in kinetic
energy. [Lateral exploration: Kinematic
approach] However, I think we should also
consider the area under the velocity-time
graph, which represents the displacement, to
ensure accuracy. The area under the graph
from t = 0 to t = 3 s is a triangle with base
3 s and height 40 m/s.
[Heuristic pitfall: Naive area calculation]
The area (displacement) s is:

s =
1

2
× 3× 40 = 60m

Using the work-energy principle, the work
done W is:

W = F × s

But we don’t have the force F . Alternatively,
we can use the change in kinetic energy as
you did. Did I miss something?

24508



student_alpha: You’re correct that the area
under the velocity-time graph represents dis-
placement, but in this case, the work done by
all forces is directly related to the change in
kinetic energy, not the displacement. [Theo-
retical boundary clarification] The work-
energy principle tells us that the work done
is equal to the change in kinetic energy,
which we calculated as -1800 J. The dis-
placement calculation is useful for other
types of work, like gravitational or frictional
forces, but here, the change in kinetic energy
gives the work done by all forces.
[Methodological translation & Deductive
expansion] However, if you want to verify,
we can calculate the acceleration from the
graph:

a =
∆v

∆t
=

−20− 40

3
= −20m/s2

The force F can be found using Newton’s
second law:

F = m× a = 3× (−20) = −60N

The work done W using force and displace-
ment:

W = F × s

= −60× 60 = −3600 J

[Anomaly detection: Conflicting results]
This discrepancy suggests a mistake. Let’s
re-evaluate the displacement calculation.
The area should actually be:

s =
1

2
× 3× (40− (−20))

=
1

2
× 3× 60 = 90m

Then,

W = F × s

= −60× 90 = −5400 J

[Conceptual misconception: Ignoring x-
intercept] This still doesn’t match our initial
calculation. It seems there might be an error
in interpreting the displacement. [Strate-
gic retreat: Reverting to verified method]
Let’s stick with the change in kinetic energy
as it aligns with the work-energy principle.

student_beta: I see the confusion now.
The correct approach is indeed using the
change in kinetic energy, which gives -1800
J. Thank you for clarifying that. [Reflective
error isolation: Signed vs. absolute area]
However, let’s ensure that we understand
why the area under the velocity-time graph
didn’t align with our calculations. The area
under the graph represents the displacement,
but since the velocity changes sign, the dis-
placement is not simply the area of the tri-
angle. The correct displacement should be
calculated considering the area above and
below the time axis.
[Corrective derivation: Piecewise integra-
tion] The area above the axis (positive dis-
placement) is:

s1 =
1

2
× 2× 40 = 40m

The area below the axis (negative displace-
ment) is:

s2 =
1

2
× 1× 20 = 10m

So, the net displacement s is:

s = s1 − s2

= 40− 10 = 30m

[Cross-paradigm alignment: Kinematics
matches energy] Using this displacement
and the force F = −60N:

W = F × s

= −60× 30 = −1800 J

This matches our initial calculation using
the change in kinetic energy. Therefore, the
work done by all the forces acting on the
particle in 3 seconds is indeed -1800 J.

teacher: [Global trajectory evaluation]
The conversation between student_alpha
and student_beta is mostly accurate and
demonstrates a good understanding of the
work-energy principle. They correctly iden-
tify that the work done by all forces is equal
to the change in kinetic energy. The initial
calculations of kinetic energy are correct,
and the final answer matches the ground
truth solution.
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However, there are some misconceptions
and errors in the discussion about the area
under the velocity-time graph:
1. Displacement Calculation: [Specific er-
ror attribution] Student_beta initially cal-
culates the displacement as a simple triangle
area, which is incorrect because the velocity
changes sign. The correct approach is to
consider the areas above and below the time
axis separately, which student_beta later cor-
rectly identifies.
2. Force and Work Calculation: The force
calculation using acceleration is correct, but
the initial displacement calculation is wrong,
leading to an incorrect work calculation. Af-
ter correcting the displacement, the work
calculation aligns with the change in kinetic
energy.
3. Re-evaluation of Displacement: Stu-
dent_alpha initially miscalculates the dis-
placement by not considering the change in
sign of velocity. The corrected calculation
by student_beta is accurate.
The conversation shows a learning process,
and the final conclusion is correct. [Epis-
temic reinforcement: Signed displace-
ment] However, the initial errors in displace-
ment calculation could confuse students. It’s
important to emphasize that the area under
the velocity-time graph must consider the
sign of velocity when calculating displace-
ment.

QA

Visual Question:
A velocity-time graph of a particle of mass
3 kg moving in a straight line is shown. The
graph indicates that the particle starts at 0
m/s, reaches a maximum velocity of 40 m/s
at 2 seconds, and then decreases to -20 m/s
at 4 seconds. Calculate the total distance
traveled by the particle over the 4-second
interval.

Solution:
Step 1: Understand the graph

• The graph shows a triangular velocity
profile.

• The particle accelerates uniformly from
0 m/s to 40 m/s over the first 2 seconds.

• Then it decelerates uniformly to -20
m/s over the next 2 seconds.

Step 2: Calculate the area under the graph
for distance
The area under a velocity-time graph rep-
resents the displacement. Since the graph
is a triangle, we can calculate the area as
follows:
- For the first 2 seconds:

Area1 =
1

2
× base × height

Area1 =
1

2
× 2 s × 40m/s

Area1 = 40m

- For the next 2 seconds:

Area2 =
1

2
× base × height

Area2 =
1

2
× 2 s × 20m/s

Area2 = 20m

Step 3: Calculate total distance
Since the particle changes direction, we take
the absolute values of the areas to find the
total distance traveled:

Total distance = |Area1|+ |Area2|

Total distance = 40m + 20m

Total distance = 60m

Acceptance:
I accept the solution. The calculations cor-
rectly use the area under the velocity-time
graph to determine the total distance trav-
eled by the particle over the given interval,
accounting for changes in direction.
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