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Abstract

Interleaved visual-text chain-of-thought reasoning, generating intermediate
visual artifacts to support deduction, is a promising paradigm for complex mul-
timodal tasks. However, models suffer a representation tax causing systematic
performance degradation when translating abstract reasoning into structured
spatial visualizations. We attribute this to alignment bias in conventional
supervised fine-tuning, which optimizes labels while neglecting synchroniza-
tion between visual semantics and textual reasoning trajectories. To address
this, we propose a pedagogical distillation framework grounded in the Explain-
on-Blackboard (EoB) paradigm. Guided by multimedia learning and social
constructivism, our method requires teacher models to generate temporally and
semantically aligned teaching trajectories comprising a discourse channel for
logical explanation and a canvas channel for incremental HTML/SVG construc-
tion. A dynamic-rubric quality assurance mechanism with multi-stage filtering
retains only high-fidelity trajectories for distillation. To validate our approach, we
construct Cas-Bench, a 1,000-problem multidisciplinary protocol. Experiments
show an 8B-parameter model fine-tuned on 4,000 distilled trajectories achieves
a 69.76% relative improvement on Cas-Bench over baselines across MMMU,
MMMU-Pro, MathVision, and MathVista benchmarks.
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1 Introduction

Interleaved visual-text chain-of-thought (CoT) reasoning, which uses procedural visual
information to assist model inference, has become an important technique for solving
complex multimodal problems [1, 2]. Recent works explore this direction from multiple
angles. For example, Visual Sketchpad [3] generates process images through explicit
Python-based plotting, whereas approaches like [4, 5] perform implicit visual infor-
mation modeling within latent spaces. However, Cheng et al. [6] observe that naively
combining procedural visual information with textual CoT can increase the reason-
ing burden of the model and lead to performance degradation. Although subsequent
methods [7] use self-learning strategies to improve interleaved reasoning capabilities,
a fundamental problem persists. During inference, the visual semantic features gener-
ated by current models exhibit a distributional misalignment with the accompanying
textual semantics.

We argue that this alignment bias stems from a structural deficiency in conven-
tional supervised fine-tuning (SFT). Standard SFT paradigms optimize predominantly
toward outcome labels. They treat the final answer as the sole supervision signal and
neglect explicit constraints on intermediate visual representations. Consequently, the
attention of the model is not effectively guided to synchronize its visual generation
with the evolving logical narrative. This observation motivates a core research ques-
tion: how can we design a training methodology that enforces tight semantic and
temporal alignment between textual reasoning and visual construction?

Beyond the training challenge, we identify a parallel deficiency in existing
evaluation protocols. Current multimodal benchmarks, such as MMMU [8] and Math-
Vista [9], rely mostly on outcome-based metrics that measure only final-answer
accuracy. Such metrics inherently mask fragmented reasoning paths and cannot dis-
tinguish genuine visual-augmented reasoning from shortcut learning [10, 11]. A model
that arrives at the correct answer has not necessarily reasoned coherently through
a visual medium. This evaluative blind spot compounds the alignment problem,
as models receive no gradient signal encouraging the quality of intermediate visual
representations.

To address both challenges, we propose a pedagogical distillation framework based
on discourse and canvas channels, grounded in the Explain-on-Blackboard” (EoB)
paradigm. The core insight is drawn from cognitive science. In both human and arti-
ficial intelligence, pedagogical explanation represents a rigorous form of knowledge
externalization [12]. Mayer’s Cognitive Theory of Multimedia Learning and Paivio’s
Dual Coding Theory indicate that deep comprehension requires the simultaneous
synchronization of verbal and visual channels [13, 14]. Viewed through the lens of
Vygotsky’s Zone of Proximal Development [15], the blackboard” serves as a cognitive
scaffold that forces the model to externalize intermediate abstractions and construct
the spatial structure necessary to convey its logic. This requirement imposes stronger
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Fig. 1: Overview of the proposed dual-stream pedagogical distillation framework.
Given a problem input, a teacher model generates synchronized Pedagogical Discourse
(textual logic) and Canvas Collaboration (incremental HTML/SVG visuals), simu-
lating a real-time blackboard teaching process. The distilled trajectories are used to
fine-tune lightweight student models.

cognitive constraints than answer-seeking alone, as it mandates decomposing internal
reasoning into a sequence of transparent, spatially grounded, and verifiable steps.

Our methodology operates in three stages. First, we use frontier teacher models
(Gemini-3-Pro and Claude-Opus-4.5) to generate teaching trajectories comprising a
discourse channel for step-by-step textual explanation and a canvas channel for incre-
mental HTML/SVG visual construction, maintaining strict temporal and semantic
alignment between the two. Second, we develop a Dynamic-Rubric quality assur-
ance mechanism that automatically translates abstract pedagogical dimensions into
concrete, domain-specific, machine-verifiable rubric items, enabling scalable multi-
stage filtering of the generated trajectories. Third, we perform process-oriented SFT
on lightweight student models using the curated teaching trajectory data, provid-
ing supervision signals that reward the alignment of logical deduction with visual
representation.

To validate our approach, we construct Cas-Bench, an evaluation protocol com-
prising 1,000 expert-curated problems from three authoritative sources (CoMT [6],
MathVision [16], and MMMU-Pro [17]) that span mathematics, natural sciences,
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engineering, and humanities. Our empirical investigation reveals that frontier mod-
els suffer from a “representation tax”. For instance, Gemini-3-Pro achieves 73.72 on
the discourse channel but drops to 66.31 on the canvas channel, which quantifies the
cognitive overhead of translating abstract logic into structured code. Fine-tuning an
8B-parameter model on 4,000 distilled trajectories yields a 69.76% relative improve-
ment on Cas-Bench and absolute gains of 3 to 4 points across MMMU, MMMU-Pro,
MathVision, and MathVista.

In summary, our main contributions are:

• We propose a pedagogical distillation framework using discourse and canvas chan-
nels that enforces temporal and semantic alignment between textual reasoning and
visual construction, providing a principled training methodology for interleaved
visual-text reasoning.

• We formalize the “Explain-on-Blackboard” paradigm based on cognitive and ped-
agogical theories from Mayer, Paivio, and Vygotsky and develop a dynamic-rubric
quality assurance mechanism for scalable data curation.

• We introduce Cas-Bench, a 1,000-problem evaluation protocol with process-oriented
metrics, to serve as a diagnostic tool for assessing interleaved reasoning capabilities.

• We demonstrate that process-oriented fine-tuning on the distilled teaching tra-
jectories yields improvements on Cas-Bench and four established multimodal
benchmarks, confirming the effectiveness and generalizability of the proposed
methodology.

2 Related Work

2.1 From Linguistic CoT to Visual Externalization

CoT prompting has improved the deductive capabilities of language models by encour-
aging step-by-step linguistic reasoning [18, 19]. However, as tasks increase in spatial
and high-dimensional complexity [20, 21], purely linguistic CoT often proves insuffi-
cient. To address this, recent efforts explore interleaved reasoning and tool-augmented
generation, which allow models to invoke external visual modules or generate inter-
mediate diagrams [22–24]. Notably, Canvas-CoT [25] proposes using HTML/SVG as
a universal substrate for visual thought. Although theoretically promising, execut-
ing such visual reasoning imposes a substantial “representation tax”, requiring both
robust logical deduction and precise structured code synthesis. Our work addresses this
bottleneck by proposing a distillation-based training methodology that systematically
teaches models to align visual construction with textual reasoning.

2.2 Knowledge Distillation for Multimodal Reasoning

Knowledge distillation from frontier LMMs is standard practice for training lightweight
open-source models [26, 27]. Traditional instruction-tuning datasets focus primarily
on visual question answering or generic conversational alignment, emphasizing the
mapping between an input image and a correct textual response [28–30]. While some
recent works [31] attempt to distill reasoning traces, they rarely enforce strict tem-
poral and semantic alignment between textual explanations and corresponding visual
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Fig. 2: The teaching trajectories distillation pipeline. Teacher models generate syn-
chronized pedagogical trajectories, which undergo dynamic-rubric quality assurance
and multi-stage filtering before being used to fine-tune student models.

updates. Our approach departs from standard VQA-style synthesis by explicitly mod-
eling teaching trajectories composed of discourse and canvas channels. We distill not
only the answer but the teaching-oriented construction process, ensuring that fine-
tuned student models learn to synchronize logical discourse with executable canvas
manipulation.

2.3 Multimodal Reasoning Benchmarks

The rapid development of LMMs has driven the creation of various benchmarks
for complex reasoning [32, 33]. Datasets such as MMMU [8], MathVision [16], and
CoMT [6] establish rigorous testing grounds for multimodal comprehension. How-
ever, the dominant evaluation paradigm relies on end-task accuracy [10, 11], which
conflates genuine deductive reasoning with coincidental correctness. Cas-Bench com-
plements these benchmarks by providing a process-oriented evaluation protocol that
assesses the structural and semantic quality of intermediate visual artifacts, serving
as a diagnostic tool to validate our proposed methodology.

3 Methodology

This section outlines the methodology for distilling teaching trajectories. We define
the problem and the representation tax phenomenon (Section 3.1), establish the the-
oretical foundation of the Explain-on-Blackboard (EoB) paradigm (Section 3.2), and
detail the generation protocol (Section 3.3). We then describe the dynamic-rubric qual-
ity assurance mechanism (Section 3.4) and the process-oriented fine-tuning strategy
(Section 3.5).
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3.1 Problem Formulation: The Representation Tax

We model the generation process of a Large Multimodal Model (LMM) as follows.
Given a problem P = (t, v) where t denotes the textual query and v repre-
sents an optional visual input, the model generates a latent reasoning chain Z =
(z1, z2, . . . , zT ), where each zt represents a discrete reasoning step. This latent process
is externalized into two observable channels.

The discourse channel, serving as pedagogical discourse (PD), provides a textual
explanation D = (d1, . . . , dT ) where each segment dt is a linguistic manifestation of
latent step zt, modeled by the emission probability p(D | Z).

The canvas channel, serving as canvas collaboration (CC), consists of a sequence
of manipulation commands C = (c1, . . . , cT ) where each command ct is a structured
HTML/SVG representation of zt, modeled by p(C | Z).

The ideal interleaved reasoning process requires both channels to be high-quality
and temporally synchronized. We formalize the core bottleneck as the representation
tax:

Taxrep = Q(SPD)−Q(SCC), (1)

where Q(·) denotes a quality function over the respective channel. A high Taxrep

indicates that a model possesses strong linguistic deductive capabilities but struggles
to map these abstractions onto structured spatial representations. This tax arises from
the necessity to simultaneously maintain logical state, adhere to strict code syntax,
and perform precise spatial planning.

This representation tax is not a mere capability gap to be measured, but a training
deficiency to be addressed. Conventional SFT optimizes p(answer | P ), providing no
gradient signal for the quality of intermediate visual representations. We optimize a
process-oriented objective that supervises both channels jointly:

L = −
T
∑

t=1

[log p(dt | d<t, c<t, P ) + log p(ct | d≤t, c<t, P )] , (2)

The cross-channel conditioning ensures that the textual and visual outputs are
generated in a mutually informed, temporally aligned manner.

3.2 The Explain-on-Blackboard Framework

To instantiate the process-oriented training objective, we require high-quality training
data where textual reasoning and visual construction are tightly synchronized. The
Explain-on-Blackboard paradigm provides the cognitive framework for generating such
data.

This paradigm transitions from simple problem-solving to pedagogical explana-
tion, as teaching represents a rigorous form of knowledge externalization [12]. The
framework rests on three complementary cognitive theories.

Dual coding theory [14] posits that human cognition operates through functionally
independent but interconnected verbal and non-verbal channels. Deep comprehen-
sion arises when information is encoded simultaneously in both. In our framework,
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this translates to the requirement that every reasoning step must produce a textual
explanation and a corresponding visual update.

The cognitive theory of multimedia learning [13] extends dual coding to instruc-
tional design, establishing that meaningful learning occurs when learners actively
select, organize, and integrate verbal and pictorial representations. This motivates our
requirement for temporal synchronization, ensuring visual elements appear in lockstep
with their corresponding textual explanations rather than as post-hoc summaries.

Vygotsky’s zone of proximal development [15] provides the scaffolding rationale.
The blackboard serves as a cognitive scaffold that forces the model to externalize
intermediate abstractions, architect the spatial structure necessary to convey its logic,
and build complexity incrementally. This requirement eliminates shortcut learning, as
the model cannot skip intermediate steps without producing visible gaps in the visual
narrative.

We select HTML/SVG as the universal substrate for visual thought. Compared
to bitmap image generation, its syntactic hierarchy imposes structural precision that
mirrors logical reasoning structure. It is natively interpretable, allowing direct inspec-
tion of the visual reasoning process, and supports incremental construction through
DOM manipulation to naturally align with step-by-step pedagogical explanation.

3.3 Teaching Trajectories Distillation

The distillation pipeline comprises teacher-driven generation and multi-stage quality
filtering.

3.3.1 Teacher-Driven Generation

We use Gemini-3-Pro and Claude-Opus-4.5 as teacher models to synthesize pedagogi-
cal demonstrations. Given a problem instance from Geometry3K [34], FigureQA [35],
SuperCLEVR [36], or TabMWP [37], the teacher is prompted to act as a virtual tutor
to generate coherent teaching trajectories.

The discourse channel provides a step-by-step linguistic explanation that artic-
ulates the logical deduction process, supplying conceptual grounding and explicit
reasoning transitions. Concurrently, the canvas channel produces a sequence of exe-
cutable HTML/SVG operations that incrementally build an interpretable visual
scaffold synchronized with the discourse.

Our generation protocol enforces strict temporal and semantic alignment between
these channels. Each reasoning step in the discourse must trigger a meaningful update
on the visual canvas, transforming the complex task of teaching via a blackboard
into a structured supervision signal. Using two distinct teacher models also mitigates
teacher-specific bias in the distilled data.

3.3.2 Multi-Stage Quality Filtering

Raw teacher outputs vary in quality. To guarantee that only high-fidelity trajecto-
ries enter the training set, we implement a rigorous filtering pipeline consisting of
automated evaluation and human verification.
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Fig. 3: The dynamic-rubric quality assurance mechanism. Expert-defined pedagogical
dimensions are automatically expanded into domain-specific, machine-verifiable rubric
items with differentiated weights, including essential (w = 3), important (w = 2),
optional (w = 1), and penalty-based pitfall items (w = −1).

Each generated trajectory is automatically reviewed using a dynamic-rubric mecha-
nism, detailed in Section 3.4. We use a high-capability reasoning model as the evaluator
and impose strict admission thresholds. For the discourse channel, each trajectory is
scored across logical rigor, instructional clarity, heuristic engagement, and strategic
generalizability. A trajectory is accepted only if the score in each dimension exceeds
80 out of 100 and no incorrect concepts penalty is triggered. For the canvas channel,
a formal code verification engine enforces 100% compliance with technical action val-
idation. The generated canvas must also achieve an automated score of at least 75 in
both constructive integrity and spatio-temporal coherence.

Following automated filtering, human annotators perform a comprehensive review
of the admitted samples. They focus on subtle issues that automated evaluation might
overlook, such as whether the HTML/SVG-rendered graphical layout is visually well-
structured and whether mathematical symbols contain recognition errors. Through
this mechanism, we retained approximately 4,000 high-quality data samples from the
initial pool.
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3.4 Dynamic-Rubric Quality Assurance

Assessing trajectory quality during the filtering stage requires a robust evaluation
mechanism. Manually designing detailed rubric items for every domain is unscalable,
so we address this through an automated rubric construction process.

3.4.1 Expert Framework Formulation

The foundation of our quality assurance system is an evaluation framework established
by a committee of twelve professors from diverse academic fields. The framework
decomposes teaching quality into dimensions grounded in educational psychology and
visual communication principles for both the discourse and canvas channels.

The discourse channel dimensions comprise logical rigor, instructional clarity,
heuristic engagement, and strategic generalizability. Logical rigor assesses whether
the model presents a valid chain of deductive reasoning without gaps or fallacies.
Instructional clarity evaluates the model’s ability to structure its explanation cleanly,
decompose complex concepts, and use accessible language. Heuristic engagement
assesses whether the model encourages critical thinking by posing reflective questions.
Strategic generalizability evaluates whether the model abstracts the problem-solving
process into a strategy applicable to a broader class of problems.

The canvas channel dimensions include constructive integrity, spatio-temporal
coherence, semantic fidelity, and technical action validation. Constructive integrity
checks if the canvas includes all information required to understand the solution.
Spatio-temporal coherence evaluates whether the arrangement and sequence of visual
elements align with the logical flow of the explanation. Semantic fidelity verifies the
correctness of visual elements like mathematical notations and labels. Technical action
validation uses a programmatic engine to check HTML/SVG syntax validity, action
types, and parameter completeness.

3.4.2 LLM-Driven Rubric Generation

Because the expert-defined dimensions are too abstract for direct use in an automated
scoring system, we use a language model to translate them into concrete, domain-
specific rubric items through a three-step process.

First, we provide the model with the dimension’s formal definition, the specific
academic domain of the task, and few-shot examples showing high-quality trajectories
within that domain. Second, the model generates four verifiable sub-items that instan-
tiate the abstract dimension in context. For instance, when processing logical rigor
for a math problem, the model generates criteria such as ensuring the final answer
is arithmetically correct and each derivation step logically follows from the previous
one. Third, each generated sub-item is assigned a weight reflecting its pedagogical
importance:

wj =



















3, essential,

2, important,

1, optional,

−1, pitfall,

(3)
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The inclusion of pitfall items with negative weights is a critical design choice. These
items describe common teaching mistakes, such as using overly complex jargon, which
introduces a non-monotonic penalty to ensure that superficial fluency cannot mask
underlying logical contradictions.

3.4.3 Automated Scoring

An evaluator model assesses the response against each rubric item to assign a
normalized score rj ∈ [0, 1]. The quality score for each channel is computed as:

Q(Channel) =

∑m

j=1
wj · rj

∑m

j=1
|wj |

× 100, (4)

where m denotes the total number of rubric items and |wj | normalizes the score. The
Cas-Bench Composite Score (CBS) combines both channels:

CBS =
QPD +QCC

2
. (5)

This hierarchical scoring provides the quality threshold for data filtering and forms
the evaluation metric for benchmarking.

3.4.4 Evaluation Consistency

Traditional evaluation approaches often suffer from high variance in complex reasoning
tasks. By decomposing the evaluation into a hierarchical model with bounded, normal-
ized sub-items, we mathematically constrain the variance of the estimator. Empirical
validation against human expert judgments yields a Pearson correlation exceeding 0.94
across all eight evaluation dimensions.

3.5 Process-Oriented Fine-Tuning

With the curated dataset, we perform supervised fine-tuning on lightweight student
models. The training objective follows Eq. (2), where the model learns to gener-
ate interleaved discourse and canvas tokens conditioned on the problem input and
preceding context from both channels.

To isolate the contributions of our specific data structure, we design three training
variants for ablation. In the text-only variant, the student is fine-tuned exclusively
on the discourse channel, discarding all visual canvas operations. In the image-only
variant, the student is fine-tuned solely on the final visual canvas artifacts, without the
accompanying logical explanations. In our proposed teaching trajectories approach,
the student is fine-tuned on the complete, synchronized dataset where textual discourse
and incremental canvas construction are tightly aligned.

This ablation design directly tests the hypothesis that the alignment between tex-
tual reasoning and visual construction, rather than either modality in isolation, is the
critical factor for effective interleaved reasoning.
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Fig. 4: The distribution of the 1,000 benchmark tasks in Cas-Bench. The inner ring
represents the source datasets, and the outer ring specifies the corresponding academic
disciplines.

4 Evaluation Protocol: Cas-Bench

We construct Cas-Bench, a diagnostic benchmark designed to evaluate interleaved
visual-text reasoning.

4.1 Benchmark Construction

Cas-Bench comprises 1,000 problems sourced from three multimodal benchmarks:
CoMT [6], MathVision [16], and MMMU-Pro [17]. The problems are distributed across
multiple academic disciplines, including mathematics (approximately 40%), natural
sciences (30%), engineering and technology (15%), and humanities and arts (15%).
This distribution ensures that the benchmark tests both mathematical problem-solving
and the ability to adapt visual representations to the characteristics of different fields.
The overall statistical information is shown in Figure 4.

As illustrated in Figure 5, each problem is defined as a pair (t, v), where t denotes
the textual query and v represents an optional visual input. The model is prompted to
produce teaching trajectories consisting of a discourse channel and a canvas channel,
forming a synchronized, interleaved process of explanation and visualization.
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Fig. 5: The input and output structure of the Cas-Bench task. The pipeline illustrates
the transformation of multi-domain problems into synchronized teaching trajectories
comprising discourse and canvas channels.

4.2 Evaluation Metrics

The evaluation follows the dynamic-rubric framework described in Section 3.4. Each
model output is scored across eight dimensions, with four allocated to each channel.
The CBS metric aggregates these into a single composite score. The representation
tax Taxrep = Q(SPD) − Q(SCC) quantifies the performance gap between linguistic
reasoning and visual externalization for each model.

5 Experiments

5.1 Experimental Setup

We conduct a comprehensive evaluation on Cas-Bench and four established mul-
timodal benchmarks: MMMU (val) [8], MMMU-Pro [17], MathVision [16], and
MathVista (testmini) [9]. The evaluated models span 16 systems across two cate-
gories: (1) proprietary frontier models, including Gemini-3-Pro, GPT-5.2, GPT-4o,
Gemini-2.5-Pro, Claude-Opus-4.5, Claude-Sonnet-4, and Claude-3-Sonnet; and (2)
open-source models of various scales, including Qwen3-VL-235B, InternVL2.5-78B,
LLaVA-OneVision-72B, Qwen2.5-VL-72B, Yi-VL-34B, Phi-4-Vision-14B, Qwen3-VL-
8B, and Qwen2.5-VL-7B. Our fine-tuned models (Qwen3-8B-sft and Qwen3-4B-sft)
use Qwen3-VL-8B-Instruct and Qwen3-VL-4B-Instruct as base models, respectively.
The sampling temperature is fixed at 0.0 for all models to ensure reproducibility.

5.2 The Representation Tax in Frontier Models

Table 1 and Figure 6 reveal a performance stratification across 16 models that supports
our hypothesis regarding the representation tax. Proprietary models establish the
upper bound, with Gemini-3-Pro leading at 70.02, followed by GPT-5.2 (68.15) and
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Table 1: Main evaluation results on Cas-Bench. Final denotes the arithmetic mean
of PD and CC channel scores. All scores are on a scale of [-100, 100]. Tax denotes the
representation tax (QPD −QCC). The best score in each column is in bold, and the
second best is underlined.

Pedagogical Discourse (PD) Canvas Collaboration (CC)

Model Final Tax Score LR IC HE SG Score CI STC SF TAV

Proprietary Models

Gemini-3-Pro 70.02 7.41 73.72 75.14 77.89 72.54 69.28 66.31 49.06 64.82 67.25 84.10
GPT-5.2 68.15 4.70 70.50 72.30 75.10 68.20 66.40 65.80 47.50 66.10 66.50 83.10
Gemini-2.5-Pro 65.65 2.89 67.10 69.58 73.81 62.79 62.16 64.21 46.67 65.17 64.97 80.02
Claude-Opus-4.5 62.77 -4.71 60.41 57.98 65.53 63.72 54.38 65.12 44.88 67.27 63.79 84.52
Claude-Sonnet-4 61.30 3.70 62.70 60.45 67.80 63.25 59.30 59.00 39.50 61.85 54.90 79.75
GPT-4o 60.25 6.50 63.50 61.20 68.45 62.30 62.05 57.00 37.85 58.40 52.75 79.00
Claude-3-Sonnet 55.43 2.06 56.46 55.10 61.80 52.50 56.45 54.40 35.70 58.10 43.30 80.50

Open-Source Models

Qwen3-VL-235B 49.78 4.30 51.93 42.35 59.47 59.21 46.64 47.63 25.12 44.53 37.62 83.26
InternVL2.5-78B 45.30 6.70 48.65 39.80 55.40 51.20 48.20 41.95 19.45 39.70 27.85 80.80
Qwen3-8B-sft (Ours) 42.55 6.50 45.80 35.50 51.20 48.10 38.40 39.30 15.10 35.80 25.10 81.20
LLaVA-OneVision-72B 37.25 5.70 40.10 29.50 48.30 43.10 39.50 34.40 9.80 30.20 19.60 78.00
Qwen3-4B-sft (Ours) 35.80 6.20 38.90 28.50 46.20 41.60 39.30 32.70 11.20 29.40 18.50 71.70
Yi-VL-34B 34.65 6.14 37.72 27.90 44.80 40.50 37.70 31.58 8.50 28.40 18.62 70.80
Phi-4-Vision-14B 31.40 7.60 35.20 23.80 43.50 37.40 36.10 27.60 4.20 23.50 13.70 69.00
Qwen2.5-VL-72B 28.43 8.55 32.70 16.99 45.23 44.61 23.95 24.15 -1.95 16.56 4.66 77.33
Qwen3-VL-8B 27.04 7.78 30.93 12.30 40.11 44.31 25.63 23.15 1.02 15.51 5.34 70.72
Qwen2.5-VL-7B 20.33 3.05 21.85 14.47 34.88 23.67 12.86 18.80 -4.06 14.43 2.09 62.78

Gemini-2.5-Pro (65.65). Native open-source models struggle by comparison; the 235B-
parameter Qwen3-VL scores 49.78, while the 72B-parameter Qwen2.5-VL reaches only
28.43. This disparity indicates that current open-source models cannot autonomously
architect the spatial visual scaffolds required for interleaved reasoning.

Almost all models systematically score higher on PD than on CC, as shown in
Figure 6. The representation tax is pervasive. Qwen2.5-VL-72B exhibits the largest gap
(Tax = 8.55), followed by Qwen3-VL-8B (Tax = 7.78) and Phi-4-Vision-14B (Tax =
7.60). Open-source models frequently output negative scores in Constructive Integrity
(e.g., Qwen2.5-VL-7B at −4.06, Qwen2.5-VL-72B at −1.95), reflecting deficiencies in
generating critical visual components.

Claude-Opus-4.5 provides a notable exception by exhibiting a negative represen-
tation tax (Tax = −4.71) and achieving a higher CC score (65.12) than PD score
(60.41). This model excels in Spatio-Temporal Coherence (67.27, the highest among
all models) and Technical Action Validation (84.52), suggesting a strong capability to
orchestrate progressive visual construction despite weaker linguistic pedagogy. This
divergence implies that the two channels require independent optimization and that
the representation tax is not strictly tied to overall model capacity.

Figure 7(a) further shows that model scale alone fails to resolve the interleaved rea-
soning challenge. The 72B-parameter LLaVA-OneVision (37.25) and Qwen2.5-VL-72B
(28.43) underperform our fine-tuned 8B model (42.55), demonstrating that process-
oriented supervision compensates for parameter disadvantages. Figure 7(b) illustrates
that the representation tax remains consistent across model families. Open-source base
models average Tax ≈ 6.2 compared to Tax ≈ 3.2 for proprietary models, indicating
that proprietary models likely benefit from more balanced cross-modal training.
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Fig. 6: Visualization of the representation tax across all 16 evaluated models. Blue bars
represent Pedagogical Discourse (PD) scores; orange bars represent Canvas Collabo-
ration (CC) scores. The annotated values above each pair indicate the representation
tax (Tax = QPD −QCC). A positive tax (red) indicates that linguistic reasoning out-
performs visual construction; a negative tax (green) indicates the reverse.

5.3 Effectiveness of Distilling Teaching Trajectories

Table 2 validates our methodology, showing that distilling teaching trajectories
provides the highest quality supervision across all benchmarks, student capacities
(4B/8B), and teacher models.

Channel alignment is the critical factor.

Fine-tuning the Qwen3-VL-8B model with Gemini-sourced teaching trajectories
achieves substantial absolute gains over the baseline, reaching 73.2 on MMMU (+3.6)
and 80.6 on MathVista (+3.4). These improvements remain consistent across both
teacher models, ruling out teacher-specific artifacts.
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Fig. 7: (a) Relationship between model scale and CBS performance for open-source
models. Our fine-tuned 8B model (red star) surpasses models with 4–9× more param-
eters. The dashed arrow shows the improvement from the 8B base to the fine-tuned
version (+57.4%). (b) Representation tax by model, showing that the PD-CC gap is
pervasive across both proprietary and open-source models.

Table 2: Ablation study on the effectiveness of distilling teaching trajectories. We
compare our approach against text-only and image-only baselines using two student
models and two teacher models across four established benchmarks.

Teacher Model Training Data MMMU (val) MMMU-Pro MathVision MathVista

Student Model: Qwen3-VL-4B-Instruct

No Teacher - 67.4 53.2 51.6 73.7

Gemini-3-pro
Text only 68.6 54.5 53.1 75.2
Image only 67.2 53.4 51.5 73.8
Ours 70.8 56.5 55.2 77.1

Claude-Opus-4.5

Text only 69.1 54.8 52.9 74.9
Image only 67.5 53.1 51.8 73.5
Ours 71.1 57.0 54.8 76.8

Student Model: Qwen3-VL-8B-Instruct

No Teacher - 69.6 55.9 53.9 77.2

Gemini-3-pro
Text only 71.2 57.1 55.4 78.8
Image only 69.4 56.1 53.8 77.0
Ours 73.2 59.4 57.5 80.6

Claude-Opus-4.5

Text only 70.8 57.5 55.1 79.1
Image only 69.7 55.7 54.1 77.3
Ours 73.5 59.8 57.2 81.1

Unimodal training is insufficient.

The “Image only” configuration yields negligible or negative improvements (dropping
the 4B baseline from 67.4 to 67.2 on MMMU), confirming that isolated visual artifacts
lack actionable deductive signals without a logical narrative. “Text only” supervision
offers moderate gains through conventional CoT distillation but consistently under-
performs our aligned approach by 2–3 points. Purely linguistic CoT fails to ground
complex spatial logic.
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Fig. 8: Per-dimension ablation of training data variants on the Qwen3-VL-8B student
model. The teaching trajectories approach (red) yields the largest gains in Canvas Col-
laboration dimensions (CI, STC, SF), confirming that the alignment between text and
visuals, rather than either modality alone, is the critical supervision signal. Numerical
annotations show the absolute gain over the base model for key dimensions.

Cas-Bench performance.

The fine-tuned Qwen3-8B-sft achieves a Final Score of 42.55, representing a 69.76%
relative improvement over the base Qwen3-VL-8B (27.04). The smaller Qwen3-4B-sft
reaches 35.80, surpassing the 34B-parameter Yi-VL (34.65) and approaching the 72B-
parameter LLaVA-OneVision (37.25). The CC score of Qwen3-8B-sft (39.30) exceeds
that of the much larger Qwen2.5-VL-72B (24.15) and InternVL2.5-78B (41.95 for
78B vs. 39.30 for 8B). Process-oriented supervision effectively offsets parameter scale
limitations in visual reasoning tasks.

Per-dimension ablation.

Figure 8 details how each training variant affects the eight evaluation dimensions.
The teaching trajectories approach yields the most pronounced gains in Canvas Col-
laboration dimensions, improving Spatio-Temporal Coherence by +20.3 points and
Constructive Integrity by +14.1 points over the base model. “Text only” training
provides minimal benefit in these specific areas, confirming that textual CoT super-
vision cannot teach spatial construction. “Image only” training provides negligible
improvement across all dimensions and causes some regressions (HE drops from 44.31
to 43.90). TAV remains the only dimension where all variants perform comparably, as
HTML/SVG syntax is relatively straightforward to learn from any training signal.

5.4 Data Efficiency Analysis

We evaluate whether the observed gains depend on large-scale data or benefit primarily
from our curation strategy. Figure 9 presents performance as a function of training
set size across eight checkpoints from 500 to 4,000 instances.

The initial gains are steep, as the 8B model achieves a CBS of 30.2 (an 11.7%
relative improvement) with only 500 teaching trajectories. This confirms that a small
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Fig. 9: Performance scaling with training data volume. Both the 4B and 8B student
models show rapid initial gains that plateau around 3,000–3,500 samples, suggest-
ing that 4,000 high-quality teaching trajectories provide near-saturating supervision.
Dashed horizontal lines indicate base model performance (no fine-tuning).

amount of aligned process data provides meaningful supervision. Diminishing returns
appear around 3,000 samples, and the final 1,000 samples contribute only 1.25 CBS
points for the 8B model. This scaling behavior remains consistent across CBS, MMMU,
and MathVista for both model scales, indicating a fundamental property of the dis-
tillation framework rather than a task-specific artifact. Consequently, the quality of
alignment, ensured by dynamic-rubric filtering, outweighs raw data volume.

5.5 Fine-Grained Analysis: Mathematics Domain

To investigate behavioral patterns, we conduct a fine-grained analysis using
mathematics-specific rubric criteria (Figures 10 and 11). Mathematics serves as an
ideal stress-test because it demands abstract symbolic manipulation alongside precise
spatial-temporal alignment.

(a) Logical Rigor and Instructional Clarity
(b) Heuristic Engagement and Strategic
Generalizability

Fig. 10: Fine-grained radar charts of Pedagogical Discourse in the mathematics
domain.
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(a) Constructive Integrity and Spatio-
Temporal Coherence

(b) Semantic Fidelity and Technical Action
Validation

Fig. 11: Fine-grained radar charts of Canvas Collaboration in the mathematics
domain.

High-order logical rigor remains a proprietary advantage.

Gemini-3-Pro and Claude-Opus-4.5 dominate foundational metrics like Accurate Final
Answer (84.1 and 73.6) and Rigorous Reasoning (76.8 and 62.5). Gemini-3-Pro is the
only model demonstrating viable Error Identification capability (48.4, while others
fall below 30.0). Open-source models lack the self-correcting deductive mechanisms
needed to identify logical fallacies during the teaching process.

The spatial-symbolic bottleneck is the primary vulnerability.

The CC channel exposes the most significant weaknesses. Proprietary models maintain
stable Formula Presentation (around 53–54) and Formula/Notation Accuracy (74–79),
but Gemini-3-Pro is the only model to exceed 50 in comprehensive Visual Repre-
sentation (70.2). Models broadly struggle to accurately map complex mathematical
notations onto precise 2D canvas coordinates.

Syntax mastery does not imply semantic coherence.

A divergence emerges in Technical Action Validation, where almost all models perform
well (Qwen3-VL-235B achieves 95.4 in HTML Validity). However, syntactic correct-
ness does not guarantee semantic coherence. Claude-Opus-4.5 surpasses Gemini-3-Pro
in Logical Flow (81.6 vs. 75.1), demonstrating that the core challenge lies in temporally
synchronizing code with the evolving logical narrative rather than generating valid
syntax. This finding supports our emphasis on temporal alignment during distillation.

5.6 Cross-Disciplinary Analysis

Figure 12 presents a cross-domain performance heatmap that captures the varying
pedagogical requirements across disciplines. All models exhibit a performance gradi-
ent from Mathematics (most demanding) through Natural Sciences and Engineering
to Humanities (most forgiving). For proprietary models, this gradient is moderate;
Gemini-3-Pro drops from 72.5 in Mathematics to 66.5 in Humanities. For open-source
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Fig. 12: Cross-domain CBS performance heatmap. The black horizontal line separates
proprietary (above) from open-source (below) models. All models show a consistent
performance gradient from Mathematics (hardest) to Humanities (most forgiving),
with the gap widening for weaker models.

models, the gradient is steeper, with Qwen3-VL-8B dropping from 29.5 to 23.5 (a
20.3% relative decline).

In STEM tasks, the evaluation heavily penalizes logical gaps. Mathematical teach-
ing relies on exact spatial mapping and rigid deductive chains, requiring stringent
Logical Rigor and precise Constructive Integrity. In Humanities tasks, the pedagogical
focus shifts to conceptual exploration and relational mapping. The canvas is typically
used for mind maps, timelines, or thematic comparisons rather than equations. HTM-
L/SVG constraints are more forgiving in these domains, shifting the emphasis from
mathematical accuracy to semantic organization.
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Our fine-tuned models maintain relatively consistent cross-domain performance.
Qwen3-8B-sft achieves 45.2 in Mathematics and 38.5 in Humanities. This narrower
gap compared to similarly sized base models suggests that the teaching trajectories,
which span all four domains, provide balanced cross-disciplinary supervision.

6 Conclusion

In this paper, we have presented a dual-stream pedagogical distillation framework for
interleaved visual-text reasoning, grounded in the “Explain-on-Blackboard” paradigm.
Our core methodological contribution lies in the principled enforcement of tempo-
ral and semantic alignment between textual reasoning and visual construction during
knowledge distillation from frontier teacher models. By drawing on cognitive theories
of multimedia learning, dual coding, and social constructivism, we establish that ped-
agogical explanation provides the ideal cognitive scaffold for generating high-quality,
aligned training data.

Our empirical evaluation reveals a significant representation tax in current models,
quantifying the cognitive overhead of translating abstract logic into structured spatial
representations. The proposed dynamic-rubric quality assurance mechanism provides
a scalable solution for curating process-oriented training data, achieving over 94%
alignment with human expert judgments. Through ablation studies, we demonstrate
that the alignment between textual and visual streams, rather than either modality
in isolation, is the critical factor for effective interleaved reasoning.

The practical impact of our approach is substantial: a lightweight 8B-parameter
model fine-tuned on 4,000 distilled trajectories achieves a 69.76% relative improvement
on Cas-Bench and consistent gains across four established multimodal benchmarks,
validating the effectiveness of process-oriented supervision. These results suggest that
structured knowledge distillation can effectively compensate for parameter scale, pro-
viding a scalable pathway for endowing compact models with interpretable, human-like
visual reasoning capabilities.

Future work may extend this framework to interactive teaching environments,
explore reinforcement learning from process feedback, and develop domain-adaptive
distillation strategies that account for the epistemological differences between STEM
and humanities tasks.
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Appendix A Prompts

The evaluation prompts and rubric generation prompts are shown in Figure A1,
Figure A2, Figure A3, Figure A4, Figure A5, Figure A6, Figure A7, and Figure A8.
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Fig. A1: Prompt for Pedagogical Discourse Evaluation (1/2).
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USER

Given the following question, explanation, correct standard answer, correct solution, and rubrics, evaluate each rubric indiv idually 

with strict adherence to the Anti-Inflation Measures above and calculate the final weighted score.

<question> {question} </question>

<explanation> {explanation} </explanation>

<standard_ans>

{standard_ans}

</standard_ans>

<solution> {solution} </solution>

<rubrics> {rubric_list_string} </rubrics>

Evaluation Instructions:

For each rubric item in the provided list, output:

rubric_title: [The title of the rubric]

satisfaction_score: [A number from 0 to 100, determined STRICTLY by the Scoring Guidelines]

reasoning: [A concrete 1-2 sentence explanation. For scores >= 80, you MUST state the minor flaw. For scores <= 70, you MUST 

state the missing depth or specific gap.]

After evaluating all rubrics, calculate the final weighted score using this formula:

Final Score = Σ(weight × satisfaction_score) / Σ(positive_weights_only)
Only sum the weights that are positive (Essential, Important, Optional rubrics).

Pitfall rubrics (with negative weights) only contribute to the numerator as penalties.

Important note about Pitfall rubrics:

For rubrics with negative weights (Pitfall categories):

- A satisfaction_score of 0 means the pitfall is completely avoided (no penalty).

- A satisfaction_score of 100 means the pitfall is fully triggered (full penalty).

- Intermediate scores represent partial triggering of the pitfall.

Overall Score Expectation Context:

- A final score above 85 should correspond to an overall excellent explanation.

- A final score between 70 and 84 should correspond to a good to very good explanation.

- A final score between 60 and 69 should correspond to an adequate but flawed explanation.

- A final score below 60 indicates a substantially poor explanation.

Use this context to sanity-check your rubric-level scores.

Output format must be a valid JSON object with:

rubric_evaluations: A list of objects, each containing `rubric_title`, `satisfaction_score`, and `reasoning`.

final_score: The calculated final weighted score (rounded to 3 decimal places).

Your JSON evaluation:

Evaluator Prompt (PD)

Fig. A2: Prompt for Pedagogical Discourse Evaluation (2/2).
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Fig. A3: Prompt for Canvas Collaboration Evaluation (1/2).
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USER
Given the following question, correct standard answer, correct solution, and rubrics, evaluate ONLY THE CONTENT IN THE 
PROVIDED IMAGE(S)  against each rubric individually with strict adherence to the Anti-Inflation Measures above and calculate 
the final weighted score.

<question> {question} </question>
<standard_ans>
{standard_ans}
</standard_ans>
<solution> {solution} </solution>
<rubrics> {rubric_list_string} </rubrics>

Evaluation Instructions:

For each rubric item in the provided list, output:
rubric_title: [The title of the rubric]
satisfaction_score: [A number from 0 to 100, determined STRICTLY by the Scoring Guidelines based SOLELY on the image(s)]
reasoning: [A concrete 1-2 sentence explanation based only on the image(s). For scores >= 80, you MUST state the minor visual 
flaw. For scores <= 70, you MUST state the missing visual depth or specific gap.]

After evaluating all rubrics, calculate the final weighted score using this formula:
Final Score = Σ(weight × satisfaction_score) / Σ(positive_weights_only)
Only sum the weights that are positive (Essential, Important, Optional rubrics).
Pitfall rubrics (with negative weights) only contribute to the numerator as penalties.

Important note about Pitfall rubrics:
For rubrics with negative weights (Pitfall categories):
- A satisfaction_score of 0 means the pitfall is completely avoided (no penalty) in the visual content.
- A satisfaction_score of 100 means the pitfall is fully triggered (full penalty) by the visual content.
- Intermediate scores represent partial triggering of the pitfall by the visual content.

Overall Score Expectation Context:
- A final score above 85 should correspond to overall excellent visual explanations.
- A final score between 70 and 84 should correspond to good to very good visual explanations.
- A final score between 60 and 69 should correspond to adequate but visually flawed explanations.
- A final score below 60 indicates a substantially poor visual explanation.
Use this context to sanity-check your rubric-level scores.

Critical Focus Notice:Your evaluation MUST BE SOLELY AND EXPLICITLY based on the content of the image(s). Ignore the 
quality of the accompanying text explanation. If a concept is described in text but not effectively visualized, the visual content 
should be penalized accordingly.

Output format must be a valid JSON object with:
rubric_evaluations: A list of objects, each containing `rubric_title`, `satisfaction_score`, and `reasoning`.
final_score: The calculated final weighted score (rounded to 3 decimal places).

Your JSON evaluation:

Evaluator Prompt (CC)

Fig. A4: Prompt for Canvas Collaboration Evaluation (2/2).
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Fig. A5: Prompt for Pedagogical Discourse Rubric Generation (1/2).
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Fig. A6: Prompt for Pedagogical Discourse Rubric Generation (2/2).
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Fig. A7: Prompt for Canvas Collaboration Rubric Generation (1/2).
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Fig. A8: Prompt for Canvas Collaboration Rubric Generation (2/2).
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