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Abstract

Recent advances in vision language models (VLM) en-001
able multimodal reasoning over text and images, yet strong002
mathematical performance does not inherently translate003
into effective tutoring behavior. We present VLMath, a004
multimodal vision language system designed for pedagog-005
ically aligned math tutoring. Built on Phi-3.5-Vision-006
Instruct, VLMath is trained using a synthetic teacher-007
student dataset constructed from MathVision problems and008
Gemini-generated Socratic dialogues. We introduce a009
pedagogically masked fine-tuning objective that condi-010
tions on student turns and visual context while optimizing011
only teacher responses, encouraging scaffolded and reflec-012
tive reasoning. Evaluated on MathTutorBench, VLMath013
achieves state-of-the-art pedagogical performance, reach-014
ing 0.94 in scaffolding and 0.99 in pedagogy instruction-015
following, surpassing substantially larger models includ-016
ing GPT-4o and LearnLM 1.5 Pro. We further demon-017
strate that a 4-bit quantized variant preserves instructional018
quality, response stability, and reasoning behavior. Our re-019
sults show that explicit pedagogical alignment, rather than020
model scale alone, is key to effective multimodal tutoring021
and enables efficient deployment on resource-constrained022
devices.023

1. Introduction024

In recent years, educational technology has increasingly fo-025
cused on intelligent tutoring systems that provide personal-026
ized, adaptive support for learners [4, 19, 43]. Such systems027
emulate many of the benefits of one-on-one human tutor-028
ing, long recognized as one of the most effective forms of029
instruction [21]. Meanwhile, embodied social robots intro-030
duce new possibilities for learning interaction by combin-031
ing physical presence, social cues, and dialogue-based en-032
gagement [18, 20, 27]. Studies show that learners working033
with social robots demonstrate improved motivation, atten-034
tion, and retention compared to screen-based systems [36].035

Beyond engagement and personalization, however, the ef- 036
fectiveness of both human and artificial tutors depends crit- 037
ically on how they support learners’ underlying cognitive 038
processes. 039

Metacognition, often described as “thinking about one’s 040
thinking,” and self-regulated learning are central to deep, 041
transferable understanding. Tutors that encourage learners 042
to articulate reasoning, examine mistakes, and plan strate- 043
gies consistently improve comprehension and knowledge 044
transfer [9, 11, 38]. Embedding such reflective dialogue 045
within AI tutoring systems promotes active learning rather 046
than passive answer retrieval [28]. 047

Recent advances in VLMs enable tutors to reason over 048
both linguistic and visual inputs, aligning with how humans 049
approach math problems involving diagrams and equations 050
[49]. However, existing multimodal models are rarely 051
trained on data that reflects authentic educational interac- 052
tions. While these developments advance multimodal edu- 053
cational AI, significant challenges remain in deploying such 054
systems as effective tutors. Bridging this gap requires ped- 055
agogically informed training data that integrates reasoning 056
and scaffolding within teacher-student exchanges [51]. 057

Four main limitations are present. First, situational 058
awareness (the ability to perceive and respond to a learner’s 059
cognitive and visual state) remains limited. Effective tu- 060
tors must adapt not only to problem content but also to con- 061
textual cues [7, 38]. Second, robust multimodal reasoning 062
is essential in domains such as mathematics, which require 063
integrating textual and visual information [23]. Third, ped- 064
agogical grounding is often weak, as most large models are 065
optimized for general reasoning rather than structured in- 066
structional dialogue [49]. Fourth, real-world educational 067
deployments face regulatory constraints: for example, the 068
U.S. Children’s Online Privacy Protection Act (COPPA) re- 069
stricts the collection and transmission of data from children 070
under 13 [12], making cloud-based APIs impossible to use 071
in many settings. 072

Our work addresses the latter three of these limitations. 073
We present VLMath, a multimodal model for math tutor- 074
ing built on Phi-3.5-Vision-Instruct [2]. Phi-3.5 serves as 075
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a strong yet efficient foundation for tutoring and is com-076
pact enough (4.2B parameters) to be deployed on low-cost077
edge devices [5]. To address the lack of pedagogically078
grounded data, we construct a synthetic teacher-student di-079
alogue corpus derived from MathVision [44] and enriched080
using Gemini [41]. MathVision provides multimodal math081
problems combining text and diagrams, while Gemini gen-082
erates Socratic-style dialogues in which the teacher guides083
reasoning, offers hints, and corrects misconceptions to sim-084
ulate authentic instructional exchanges. We then fine-tune085
the model using a pedagogically masked objective that con-086
ditions on student turns and optimizes only for teacher re-087
sponses. This encourages reflective tutoring behavior rather088
than direct solution exposition, aligning the model’s dia-089
logue dynamics with human instructional strategies. We090
think about this approach as a form of black-box distillation091
[40] from the more powerful API-based Gemini model and092
show that training on the resulting dataset enables VLMath093
to outperform larger API-based models.094

We evaluate the model on MathTutorBench [51], a par-095
ticularly relevant benchmark comprising eight metrics es-096
sential for competent math tutoring. This benchmark is097
valuable because it measures multiple, relatively indepen-098
dent capabilities that capture distinct aspects of effective tu-099
toring. Our model achieves state-of-the-art results in scaf-100
folding and pedagogical instruction-following, outperform-101
ing GPT-4o [17] and LearnLM-1.5-Pro [42] on key peda-102
gogical dimensions.103

2. Related Work104

2.1. Social-Robotic Tutoring Systems105

Socially interactive robots have been extensively studied106
as learning companions that integrate embodiment, social107
cues, and dialogue to enhance learner engagement and mo-108
tivation [18, 20, 27]. Robots such as Pepper [26], NAO [34],109
and ABii [37] have been deployed in classrooms and one-110
on-one settings, where physical presence improves atten-111
tion, emotional involvement, and retention [33, 36]. Be-112
yond embodiment, adaptive dialogue and personalization113
enable robot tutors to emulate human pedagogical strategies114
[15, 24]. However, most rely on cloud-based or scripted115
conversational pipelines that limit reasoning depth, multi-116
modal understanding, and responsiveness. Our work ex-117
tends this line by introducing a multimodal, locally deploy-118
able tutor that achieves pedagogical adaptability while pre-119
serving efficiency and data privacy.120

2.2. Multimodal and Vision-Language Tutoring121

Recent progress in large multimodal models (LMMs) such122
as GPT-4V [3], Gemini [41], Qwen-VL [45], and Phi-3.5-123
Vision-Instruct [1] has enabled systems capable of inte-124
grated visual-linguistic reasoning. This capability is par-125

ticularly relevant to mathematics education, where effec- 126
tive problem solving requires combining textual, symbolic, 127
and diagrammatic understanding. Previous works such as 128
MathVista [23], MathVision [44], and MathDial [51] have 129
advanced multimodal evaluation by linking visual compre- 130
hension with pedagogical dialogue. Prior studies demon- 131
strate that combining linguistic and visual reasoning en- 132
hances problem-solving performance and student compre- 133
hension [49]. However, existing LMMs are optimized for 134
general reasoning rather than instructional dialogue, and 135
few studies assess their pedagogical alignment or adaptivity 136
in tutoring contexts. Our approach builds on this foundation 137
by incorporating pedagogy-aligned fine-tuning and efficient 138
quantization for real-time educational deployment. 139

2.3. Metacognitive and Self-Regulated Learning 140

Metacognition and self-regulated learning are central to ef- 141
fective tutoring, fostering learners’ ability to plan, moni- 142
tor, and evaluate their reasoning [39]. Pedagogical strate- 143
gies that prompt reflection and error analysis enhance com- 144
prehension and knowledge transfer [9, 11, 38]. While 145
traditional tutoring systems incorporate reflective prompts 146
[8, 29], most remain text-based and domain-limited. 147

VLMath extends these metacognitive principles through 148
Socratic, multimodal dialogue, conditioning on student rea- 149
soning to generate adaptive, feedback-driven teacher re- 150
sponses. This integration of pedagogical theory with visual 151
reasoning enables VLMath to act as a reflective tutor that 152
promotes self-monitoring and conceptual understanding. 153

2.4. Efficient Multimodal Models for Education 154

Large-scale multimodal models demonstrate impressive 155
reasoning capability, but their resource demands hinder de- 156
ployment in educational contexts that prioritize privacy, ac- 157
cessibility, and real-time interaction [32]. Deploying foun- 158
dation models such as GPT-4V [50] or Gemini [41]typically 159
requires cloud infrastructure with high compute and mem- 160
ory costs, posing challenges for school networks, classroom 161
robots, or personal learning devices with limited hardware 162
resources. Moreover, cloud-based inference raises con- 163
cerns about student data privacy, latency, and fairness across 164
socio-economic contexts, motivating research on compact 165
and locally deployable alternatives. Recent work in model 166
compression and quantization has shown that efficient in- 167
ference is achievable without significant performance loss. 168
Techniques such as GPTQ [13] and QLoRA [10], as well 169
as low-bit quantization methods implemented in the Bit- 170
sAndBytes library [31], reduce model footprint by up to 171
an order of magnitude while maintaining reasoning qual- 172
ity. Despite these advances, few studies explore quanti- 173
zation within pedagogical or multimodal tutoring settings. 174
Our work bridges this gap by fine-tuning and quantizing a 175
VLM to 4-bit precision, demonstrating that efficient multi- 176
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Figure 1. Pipeline for constructing the synthetic teacher–student conversation dataset used to fine-tune VLMath. Each sample begins with
a multimodal math problem from MathVision (left). The image and text, combined with an engineered prompt, are passed to the Gemini
API to generate Socratic-style dialogues (right), where the teacher scaffolds reasoning and the student iteratively works toward the solution.

modal tutoring can retain pedagogical depth while operat-177
ing on resource-constrained devices.178

3. Methods179

3.1. Overview180

We propose a simple yet effective strategy to transform a181
general-purpose VLM into an educationally grounded math182
tutor with inherent pedagogical abilities. The resulting183
model can guide students, pose clarifying questions, and184
provide adaptive feedback. Our approach integrates two185
core components: a Synthetic Pedagogical Dataset and a186
Pedagogically Masked Fine Tuning Objective, which we187
describe in detail in the following sections.188

3.2. Synthetic Pedagogical Dataset Construction189

While strong performance on mathematical reasoning is190
common among large VLMs, teaching quality, specifically191
how models scaffold reasoning and guide learners, is not192
inherently improved by math expertise. As shown in Ta-193
ble 1, large models such as LearnLM 1.5 Pro [42], LLaMA194
3.1 70B Instruct [14], and GPT 4o [17] achieve excellent195
results in Math Expertise and Student Understanding, re-196
flecting their mathematical proficiency and general reason-197
ing ability. However, teacher response generation does not198
follow the same trend. For example, LearnLM 1.5 Pro199

performs comparably to the much smaller LLaMA 3.2 3B 200
Instruct [14], and GPT 4o performs worse in scaffolding 201
than LLaMA 3B. This suggests that high mathematical skill 202
alone does not make a model an effective tutor and prompt- 203
ing alone is insufficient to elicit pedagogical behavior from 204
generic large models. 205

To address this limitation, we developed a synthetic mul- 206
timodal tutoring dataset guided by two primary objectives: 207
(1) inclusion of visual content, and (2) explicit modeling 208
of teacher scaffolding behavior. Many math tutoring prob- 209
lems involve diagrams or figures; therefore, visual context 210
must be incorporated during training to align with multi- 211
modal reasoning at test time. In addition, teacher turns must 212
demonstrate progressive reasoning, strategic questioning, 213
misconception correction, and guided reflection, encourag- 214
ing conceptual understanding rather than direct answer de- 215
livery. Existing datasets such as MathDial [25] provide rich 216
text based tutoring conversations but are unsuitable for mul- 217
timodal pedagogy due to several limitations: (1) MathDial 218
lacks image based problems, making it incompatible with 219
vision language tutoring, and (2) its scope is narrow, focus- 220
ing primarily on grade school arithmetic rather than broader 221
visual reasoning tasks (3) MathDial is used repeatedly in 222
math benchmarks, including MathTutorBench [51], making 223
it an unsuitable source for training. 224

To bridge these gaps, we extend MathVision problems 225
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with Gemini generated Socratic dialogues, integrating real-226
istic student teacher exchanges grounded in visual mathe-227
matical contexts. Figure 1 illustrates our synthetic dialogue228
generation pipeline. Each instance begins with a multi-229
modal math problem from MathVision [44], including a di-230
agram and text description. These inputs are provided to the231
Gemini API using a prompt that elicits pedagogically rich232
Socratic tutoring interactions. Gemini generates multi turn233
dialogues in which the teacher offers scaffolding, concep-234
tual hints, and reflective feedback while the student reasons235
toward the solution.236

Each dialogue concludes when the student reaches the237
correct solution, capturing a full learning trajectory. In to-238
tal, the dataset consists of 304 multimodal tutoring conver-239
sations derived from MathVision problems, each containing240
between 5 and 10 back and forth conversations between the241
teacher and the student.242

3.3. Pedagogically Masked Fine-Tuning Objective243

Each training instance consists of a visual context and a244
multi-turn dialogue between a student and a teacher. We245
represent an example as246

x = (v, s1:K , t1:K),247

where v is the visual input (e.g., a diagram or graph), s1:K248
are the student turns, and t1:K are the corresponding teacher249
responses. Since instruction-tuned models such as Phi-3.5-250
Vision-Instruct follow a user-assistant chat template, we251
treat the student as the user and the teacher as the assistant.252
After applying this template to each turn, every training ex-253
ample becomes a single token sequence:254

∀ui ∈ D, ui = [ vi, s1, t1, s2, t2, . . . , sKi , tKi ].255

The model pθ is conditioned on both the visual con-256
text and all prior student utterances but optimized only for257
teacher responses, following [3, 30]:258

pθ(ti | v, s≤i, t<i),259

where ti denotes the next teacher token. This conditioning260
enables the model to interpret the student’s reasoning and261
the visual content before generating an appropriate peda-262
gogical response. To focus learning solely on teacher be-263
havior, we define a binary mask mt ∈ {0, 1} indicating264
whether a token ut belongs to a teacher turn. The fine-265
tuning objective computes the causal language-modeling266
loss only over teacher tokens:267

Lped = −
T∑

t=1

mt log pθ(ut | v, u<t)268

In practice, non-teacher tokens are assigned a label of −100269
(the standard ignore index) so they do not contribute to270

the loss or gradient. This setup allows the model to leverage 271
the entire multimodal dialogue as context while learning to 272
produce only pedagogically meaningful teacher responses. 273

3.4. Implementation Details 274

We fine-tune Phi-3.5-Vision-Instruct using the Hugging 275
Face [47] Trainer framework with full-parameter opti- 276
mization and mixed-precision training (bf16). All exper- 277
iments are conducted on a single NVIDIA H200 GPU. We 278
train the model for two epochs with an effective batch size 279
of 8 and a learning rate of 1 × 10−5, without any warm- 280
up schedule. Gradient clipping is applied at a maximum 281
norm of 1.0 for stability. The setup consists of two train- 282
ing epochs, a batch size of 8, no learning-rate warm-up, and 283
bf16 mixed-precision training. 284

3.5. Quantization 285

Large VLMs such as Phi-3.5-Vision-Instruct exhibit re- 286
markable multimodal reasoning capabilities but remain 287
computationally intensive, constraining their deployment 288
in privacy-sensitive educational environments that demand 289
low latency, local inference, and limited hardware re- 290
sources. In intelligent tutoring systems, where responsive- 291
ness and data protection are paramount, model compression 292
techniques are essential to bridge the gap between pedagog- 293
ical utility and computational feasibility. 294

Among these techniques, quantization stands out as a 295
principled approach to reduce memory footprint and infer- 296
ence cost by representing model parameters with reduced 297
numerical precision while retaining most of the model’s ex- 298
pressive capacity. We employ 4-bit weight quantization us- 299
ing the BitsAndBytes library [31], which implements the 300
NF4 (Normalized Float 4) scheme, an algorithm specifi- 301
cally optimized for the approximately normal distribution 302
of neural network weights. 303

Formally, for each weight block W , the quantization pro- 304
cedure is defined as: 305

α = max
i∈block

|Wi|, W̃i =
Wi

α
, (1) 306

307

j = argmin
k

|W̃i − qk|, Ŵi = α · qj , (2) 308

where α denotes the block-wise scaling factor and qk ∈ 309
{q1, q2, . . . , q16} are the fixed quantization levels. The nor- 310

malized weights W̃i are thus projected onto the nearest 311
quantization level, and the scaling factor ensures recon- 312
struction fidelity during de-quantization. 313

Internally, BitsAndBytes packs two 4-bit values into a 314
single 8-bit container, achieving a substantial memory com- 315
pression relative to bf16 models. Quantized weights are 316
stored in this compact form, while matrix multiplications 317
and gradient accumulations are executed in float16 or 318
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Table 1. Comparison of language models on metacognitive, pedagogical, and problem-solving dimensions in math tutoring tasks.

Model Problem
Solving

Socratic
Questioning

Solution
Correctness

Mistake
Location

Mistake
Correction

Scaffolding
Win Rate

Pedagogy IF
Win Rate

Scaffolding
(Hard)

Pedagogy IF
(Hard)

LearnLM-1.5-Pro [42] 0.94 0.32 0.75 0.57 0.74 0.64 0.68 0.66 0.67

LLaMA3.1-70B-Inst. [14] 0.91 0.29 0.71 0.56 0.19 0.63 0.70 0.49 0.49

GPT-4o [17] 0.90 0.48 0.67 0.37 0.84 0.50 0.82 0.46 0.70

Qwen2.5-Math-7B [48] 0.88 0.35 0.43 0.47 0.49 0.06 0.07 0.05 0.05

Qwen2.5-7B-Socr. [16] 0.73 0.32 0.05 0.39 0.23 0.39 0.39 0.28 0.28

LLaMA3.1-8B-Inst. [46] 0.70 0.29 0.63 0.29 0.09 0.61 0.67 0.46 0.49

Llemma-7B-SciTut. [6] 0.62 0.29 0.66 0.29 0.16 0.37 0.48 0.38 0.42

LLaMA3.2-3B-Inst. [14] 0.60 0.29 0.67 0.41 0.13 0.64 0.63 0.45 0.40

Phi3.5-Vision-Instruct [1] 0.69 0.38 0.54 0.31 0.12 0.30 0.46 0.35 0.42

Phi3.5-Vision-Instruct-4bit 0.65 0.39 0.55 0.27 0.09 0.33 0.41 0.38 0.42

VLMath-4bit 0.68 0.34 0.63 0.18 0.13 0.92 0.98 0.85 0.93

VLMath 0.69 0.33 0.57 0.27 0.04 0.94 0.99 0.87 0.94

bfloat16 precision to preserve numerical stability dur-319
ing both training and inference. Our mixed-precision de-320
sign selectively quantizes the most memory-intensive com-321
ponents, the transformer’s linear projections (query, key,322
value, output, and feed-forward layers), to 4 bits, while323
preserving normalization layers (e.g., LayerNorm), non-324
linear activations, and residual connections in higher pre-325
cision. This configuration balances efficiency and stabil-326
ity, ensuring smooth gradient propagation and mitigating327
quantization-induced degradation.328

4. Experiments329

4.1. Experimental Objective330

We evaluate VLMath to test the following hypotheses:331

1. Pedagogical masking improves tutor-like reasoning.332
We questioned whether multimodal training with a ped-333
agogically masked objective on our synthetic dataset re-334
sults is an effective math tutor.335

2. Quantization preserves instructional quality. We ex-336
plored whether quantization preserves the core capabili-337
ties and pedagogical abilities of the proposed model.338

4.2. Evaluation Setup339

We conduct all experiments using MathTutorBench [51], a340
large-scale benchmark designed to measure the metacogni-341
tive and pedagogical capabilities of tutoring models. Math-342
TutorBench consists of both text-based metrics such as343
BLEU [35] or ROUGE [22], and reward-model prefer-344
ences to assess instructional quality across nine dimensions:345
problem solving, Socratic questioning, solution correctness,346

mistake localization, mistake correction, scaffolding, and 347
pedagogy instruction-following, with additional hard vari- 348
ants for the scaffolding and pedagogy tasks. This evalua- 349
tion framework captures not only correctness but also how 350
effectively a model behaves like a human tutor. 351

4.3. Quantitative Results 352

4.3.1. Comparison with Existing Models 353

Table 1 compares VLMath against VLMs across reasoning, 354
metacognitive, and pedagogical dimensions. While models 355
such as LearnLM 1.5 Pro [42], LLaMA 3.1 70B Instruct 356
[14], and GPT 4o [17] achieve strong problem solving per- 357
formance, their scaffolding and pedagogical metrics remain 358
limited. This confirms that mathematical expertise does not 359
automatically translate into effective tutoring behavior. 360

In contrast, VLMath achieves substantial gains in Scaf- 361
folding Win Rate and Pedagogy IF Win Rate while main- 362
taining competitive reasoning accuracy. Notably, VLMath 363
reaches a Scaffolding Win Rate of 0.94 and Pedagogy IF 364
Win Rate of 0.99, significantly outperforming larger mod- 365
els in instructional quality. These results demonstrate that 366
pedagogical fine tuning is effective for tutor alignment. 367

4.3.2. Effect of Pedagogical Fine Tuning 368

To isolate the effect of our pedagogical fine-tuning approach 369
compared to standard Supervised Fine Tuning (SFT), we 370
trained the same model under identical training conditions 371
using the same dataset. Table 4 shows that the pedagog- 372
ically masked objective consistently outperforms standard 373
SFT across all evaluated metrics. In scaffolding, perfor- 374
mance improves from 0.83 to 0.94, and from 0.78 to 0.87. 375
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Table 2. Performance of VLMath variants trained on different pedagogical datasets across MathTutorBench metrics.

Model Problem
Solving

Socratic
Questioning

Solution
Correctness

Mistake
Location

Mistake
Correction

Scaffolding
Win Rate

Pedagogy IF
Win Rate

Scaffolding
(Hard)

Pedagogy IF
(Hard)

Phi3.5-Vision-Instruct 0.70 0.38 0.54 0.31 0.18 0.30 0.46 0.35 0.43

VLMath-Mistake Correction 0.71 0.39 0.57 0.23 0.29 0.38 0.56 0.31 0.51

VLMath-Scaffolding 0.71 0.33 0.58 0.27 0.11 0.87 0.96 0.81 0.94

VLMath-Socratic 0.72 0.34 0.57 0.21 0.11 0.94 0.99 0.87 0.95

Table 3. Performance of 4bit VLMath variants trained on different pedagogical datasets across MathTutorBench metrics.

Model Problem
Solving

Socratic
Questioning

Solution
Correctness

Mistake
Location

Mistake
Correction

Scaffolding
Win Rate

Pedagogy IF
Win Rate

Scaffolding
(Hard)

Pedagogy IF
(Hard)

Phi3.5-Vision-Instruct-4bit 0.66 0.39 0.56 0.27 0.15 0.33 0.41 0.38 0.42

VLMath-4bit-Mistake Correction 0.67 0.40 0.57 0.20 0.25 0.36 0.49 0.29 0.52

VLMath-4bit-Scaffolding 0.66 0.35 0.61 0.21 0.12 0.81 0.96 0.80 0.91

VLMath-4bit-Socratic 0.68 0.34 0.63 0.18 0.13 0.92 0.98 0.85 0.93

Table 4. Comparison of standard SFT and pedagogical masking

Objective Scaf. Scaf. (H) Ped-IF Ped-IF (H)

Standard SFT 0.83 0.78 0.97 0.91
Pedagogically masked 0.94 0.87 0.99 0.94

Similarly, pedagogical instruction-following improves from376
0.97 to 0.99, and from 0.91 to 0.94 in the harder variant.377
These results indicate that restricting the loss to teacher to-378
kens substantially enhances the model’s ability to scaffold379
reasoning and adhere to pedagogical dialogue strategies,380
particularly in more challenging evaluation settings.381

4.3.3. Effect of Different Datasets382

To further understand the effectiveness of our dataset,383
and, more broadly, our overall approach, we evaluated the384
model’s performance on three variations of the dataset, each385
containing the same number of conversations. As shown in386
Table 2, both the Scaffolding and Socratic datasets, which387
are designed to enhance pedagogical abilities, yield sub-388
stantial gains on the four pedagogical metrics. In contrast,389
the mistake-correction dataset was constructed with more390
directive teacher responses focused on identifying and cor-391
recting student errors. The prompts used in dataset gen-392
eration can be found in Appendix A . As Table 2 shows,393
this variant achieves an improvement of approximately 10%394
in mistake-correction performance, suggesting that our ap-395
proach generalizes beyond reward-based metrics and can396
effectively target other instructional skills.397

4.3.4. Effect of Quantization 398

We further evaluate 4 bit quantized versions of all VLMath 399
variants to assess robustness under reduced numerical pre- 400
cision. Each quantized model is trained with the same con- 401
figuration as its full precision counterpart. As shown in Ta- 402
ble 3, quantization preserves pedagogical alignment across 403
all instructional dimensions. The Socratic 4 bit variant 404
maintains high Scaffolding Win Rate of 0.92 and Pedagogy 405
IF Win Rate of 0.98, with stable reasoning performance. 406
Interestingly, Solution Correctness increases from 0.57 to 407
0.63 after quantization, suggesting a mild regularization ef- 408
fect. 409

Overall, these results demonstrate that VLMath-4bit re- 410
tains strong reasoning and instructional consistency under 411
low precision deployment, supporting efficient real time tu- 412
toring applications. 413

4.3.5. Response Length and Pedagogical Stability 414

To analyze linguistic efficiency and instructional stability, 415
we examine token length distributions (Figure 2) together 416
with statistical summaries of reasoning and pedagogical 417
metrics (Table 5) across baseline, fine tuned, and quantized 418
variants. Figure 2 is evaluated on the MathVista dataset, 419
while Table 5 is computed on MathTutorBench, providing 420
complementary perspectives on response behavior and ped- 421
agogical consistency. 422

We first compute the Kernel Density Estimation of gen- 423
erated token counts under identical prompts. As shown 424
in Figure 2(a), VLMath exhibits a narrower and more 425
stable token distribution than the baseline Phi-3.5-Vision- 426
Instruct. Fine tuning shifts the model toward more concise 427
instructional responses, reducing overly verbose explana- 428
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(a) Fine-tuning effects. Kernel density of generated token lengths for
Phi-3.5-Vision-Instruct and fine-tuned VLMath.
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(b) Quantization effects. Comparison of full-precision and 4-bit VLMath
models.

Figure 2. Kernel density estimation of generated token lengths across VLMath variants, (a) highlights the impact of pedagogical fine-tuning,
while (b) shows that 4-bit quantization maintains comparable linguistic efficiency and instructional coherence.

tions. Figure 2(b) extends the analysis to 4 bit variants.429
VLMath-4bit maintains a compact distribution comparable430
to its full precision counterpart, demonstrating that reduced431
numerical precision does not degrade linguistic coherence432
or instructional depth.433

Table 5 provides a complementary statistical analysis by434
reporting the mean, standard deviation, minimum, and max-435
imum token counts for each metric. Across most tasks,436
VLMath models, both full precision and quantized, show437
lower variability and narrower ranges than the baseline. For438
example, in the Scaffolding metric, the baseline exhibits a439
standard deviation of 40.36, compared to 17.05 for VLMath440
and 19.13 for VLMath 4bit. Similarly, Pedagogy variability441
decreases from 24.08 in the baseline to 13.53 after fine tun-442
ing. These reductions indicate improved stability and more443
consistent conversational pacing.444

Worst case behavior further illustrates these differences.445
While the baseline model occasionally hits the maximum446
token limit due to overly extended or repetitive reasoning,447
VLMath constrains maximum response lengths in the Scaf-448
folding task to approximately 125–151 tokens. This tighter449
control is particularly important in real-world tutoring sce-450
narios, where students are waiting for a response and ex-451
cessively long outputs can disrupt conversational flow and452
negatively impact the learning experience. By maintaining a453
bounded response length, VLMath avoids unnecessary ver-454
bosity and reduces latency compared to the base model.455

Overall, fine tuning improves both efficiency and stabil-456
ity, and these gains remain robust under 4 bit quantization.457
Together, the analyses confirm that pedagogical alignment458
not only enhances instructional quality but also promotes459
controlled and consistent dialogue behavior.460

Table 5. Summary of token length statistics for reasoning and ped-
agogical metrics across baseline and fine-tuned VLMath variants.

Tasks Model Mean Std Min–Max

Problem
Solving

Phi3.5-Vision-Instruct 98.53 48.51 23-467
Phi3.5-Vision-Instruct-4bit 93.74 50.91 21-1000
VLMath 110.73 67.62 10-1000
VLMath-4bit 99.13 65.31 10-1000

Socratic
Questioning

Phi3.5-Vision-Instruct 29.57 12.39 7-121
Phi3.5-Vision-Instruct-4bit 28.63 29.26 7-1000
VLMath 31.45 14.21 6-99
VLMath-4bit 27.95 12.02 6-113

Solution
Correctness

Phi3.5-Vision-Instruct 2 0.00 2-2
Phi3.5-Vision-Instruct-4bit 2 0.00 2-2
VLMath 2 0.00 2-2
VLMath-4bit 2 0.00 2-2

Mistake
Location

Phi3.5-Vision-Instruct 3 0.04 3-4
Phi3.5-Vision-Instruct-4bit 3 0.05 3-4
VLMath 3 0.00 3-4
VLMath-4bit 3 0.02 3-4

Mistake
Correction

Phi3.5-Vision-Instruct 77.94 107.58 6-1000
Phi3.5-Vision-Instruct-4bit 74.71 107.97 6-1000
VLMath 132.81 127.35 2-1000
VLMath-4bit 146.11 134.60 4-1000

Scaffolding

Phi3.5-Vision-Instruct 46.76 40.36 9-1000
Phi3.5-Vision-Instruct-4bit 51.06 34.16 14-313
VLMath 51.61 17.05 6-151
VLMath-4bit 52.28 19.13 11-125

Pedagogy

Phi3.5-Vision-Instruct 38.99 24.08 5-224
Phi3.5-Vision-Instruct-4bit 40.99 24.86 11-209
VLMath 44.79 13.53 7-113
VLMath-4bit 43.50 12.83 8-113

Scaffolding
(Hard)

Phi3.5-Vision-Instruct 40.61 26.92 9-290
Phi3.5-Vision-Instruct-4bit 47.04 29.38 13-248
VLMath 43.15 15.42 13-113
VLMath-4bit 44.57 17.95 12-137

Pedagogy IF
(Hard)

Phi3.5-Vision-Instruct 36.56 21.40 10-182
Phi3.5-Vision-Instruct-4bit 37.91 22.25 10-148
VLMath 40.81 13.12 9-98
VLMath-4bit 37.81 12.72 13-88
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Figure 3. Qualitative comparison of VLMath full precision (BF16) and 4-bit quantized responses on a geometry problem from the Math-
Vision test set. Both models guide the student through reasoning using Socratic questioning and step-by-step scaffolding.

4.4. Qualitative Analysis461

To further examine how VLMath functions as a teacher462
rather than merely a problem solver, we qualitatively com-463
pare responses from the full precision (bf16) and 4-bit quan-464
tized versions of our model on a representative geometry465
tutoring task drawn from the MathVision test split. Impor-466
tantly, this dataset was not used during training, ensuring467
that the dialogue reflects genuine generalization rather than468
memorization. In both cases, the student receives an image-469
based geometry problem describing a rectangle and is asked470
to determine the area of a subtriangle. This example repre-471
sents the type of multimodal reasoning problem to which472
the model was not exposed during training.473

Figure 3 shows that both models maintain clear peda-474
gogical structure. Each response begins with reassurance,475
then guides reasoning through structured questioning before476
confirming the solution. The full precision model provides477
slightly more elaboration, while the 4 bit version delivers478
more concise but equally coherent explanations. These re-479
sults demonstrate that 4 bit quantization preserves reasoning480
quality, Socratic questioning, and structured instructional481
behavior, even under aggressive compression and across un-482
seen multimodal problems.483

5. Conclusion484

We introduced VLMath, a multimodal vision language tu-485
tor that integrates visual reasoning, dialogue-based super-486
vision, and explicit pedagogical alignment to transform a487
general-purpose VLM into an instructional system. By con-488
structing a synthetic teacher-student dataset grounded in489

MathVision problems and Gemini-generated Socratic dia- 490
logues, and by applying a pedagogically masked fine-tuning 491
objective, we enable the model to generate structured, scaf- 492
folded teacher responses conditioned on student reason- 493
ing and visual context. Extensive evaluations on MathTu- 494
torBench demonstrate that VLMath achieves state-of-the- 495
art performance in scaffolding and pedagogical instruction- 496
following, outperforming substantially larger models. Ad- 497
ditional ablations confirm that both dataset design and 498
masked optimization are critical for tutor-like reasoning. 499
We further show that 4-bit quantization preserves peda- 500
gogical alignment, response stability, and structured dia- 501
logue behavior, supporting efficient and privacy-conscious 502
deployment. 503

Overall, our findings highlight that pedagogical supervi- 504
sion and training design, rather than scale alone, are central 505
to building effective multimodal tutoring systems. 506
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Appendix765

A. Dataset Prompting Experiments766

To investigate how prompt formulations influence the quality of767
dialogue generation, we experimented with three distinct prompt768
variants. Each was designed to highlight a particular aspect of tu-769
toring behavior, with an emphasis on scaffolding and pedagogical770
reasoning. Among these, the final formulation (Socratic dataset)771
produced the most consistent and highest quality training data.772

A.1. Prompt Variants773

A.1.1. Mistake Correction Prompt774

The Mistake Correction prompt is the first formulation we775
tested, introducing a diagnostic tutoring style where the teacher776
evaluates and repairs the student’s reasoning. Instead of giving777
direct answers, the teacher pinpoints the error, explains the778
misconception, and reconstructs the correct reasoning. This779
approach encourages error-aware thinking and precise feedback780
but often results in one-sided interactions, where the teacher781
corrects rather than guides. These limitations motivated the de-782
velopment of the Scaffolding and Socratic prompts (described in783
the following) to encourage more reflective and balanced dialogue.784

785
786

MISTAKE_CORRECTION_PROMPT = (787
lambda question, answer: f"""788
You are an expert math tutor who evaluates and789

corrects student solutions.790
791

Create a multi-turn student-teacher dialogue where:792
- The student presents an incorrect or partially793

correct solution.794
- The teacher first evaluates the student’s795

solution for correctness.796
- If the student’s response is incorrect, the797

teacher identifies the exact step or reasoning798
error where the first mistake occurs.799

- The teacher then explains why that step is wrong800
and provides the correct reasoning chain that801
leads to the correct numeric answer.802

803
The teacher should give clear, factual feedback --804

no vague hints or open-ended guidance.805
806

Question: {question}807
Ground truth answer: {answer}808

809
Return your response strictly in valid JSON with810

the following structure:811
[812
{"student": "value"},813
{"teacher": "value"},814
{"student": "value"},815
...816

]817
"""818

)819820

A.1.2. Scaffolding Prompt821

The Scaffolding prompt frames tutoring as a gradual reasoning822
process in which the teacher supports the student through struc-823
tured hints and reflective questioning rather than direct correction.824
The teacher encourages the learner to articulate intermediate steps,825
validate reasoning, and infer relationships from visual and textual826
cues. This approach models stepwise knowledge construction,827
producing longer, more structured dialogues that emphasize828
clarity and conceptual depth. However, too much guidance can829
make the dialogue less natural, leading to the Socratic prompt830
(described next), which keeps the depth of teaching while making831
conversations shorter and more learner-driven.832

833

834
SCAFFOLDING_PROMPT = ( 835

lambda question, answer: f""" 836
You are an expert math tutor who excels at 837

scaffolding -- guiding students to reason 838
deeply, 839

identify mistakes, and build understanding without 840
directly giving away answers. 841

842
Your goal is to create a multi-turn student-teacher 843

dialogue that demonstrates excellent 844
scaffolding. 845

Each teacher response should build upon the student 846
’s previous message -- encouraging reflection, 847

probing for reasoning, and guiding them toward 848
understanding. The teacher should never 849
directly state 850

the correct answer but should progressively help 851
the student reason it out. 852

853
Question: {question} 854
Ground truth answer: {answer} 855

856
Return your response strictly in valid JSON with 857

the following structure: 858
[ 859
{"student": "value"}, 860
{"teacher": "value"}, 861
{"student": "value"}, 862
... 863

] 864
""" 865

) 866867

A.1.3. Socratic Prompt 868

The Socratic prompt emphasizes reflective discovery and 869
metacognitive engagement. The teacher avoids direct explanation, 870
instead guiding the student through open ended questions that 871
promote independent reasoning. This approach produces concise, 872
inquiry driven dialogues that balance instructional guidance with 873
learner autonomy. Models trained on this dataset show stronger 874
pedagogical alignment, smoother conversational flow, and clearer 875
conceptual reasoning, demonstrating that inquiry based prompting 876
best supports generalizable tutoring behavior. 877

878
879

SOCRATIC_PROMPT = ( 880
lambda question, answer: f""" 881
You are an expert math tutor who uses the Socratic 882

questioning method to guide students toward 883
understanding. 884

Your goal is not to provide the answer, but to help 885
the student reason it out by asking thoughtful, 886
probing, 887

and guiding questions. 888
889

Given a math problem, the student’s answer, and an 890
image, create a multi-turn student-teacher 891
dialogue that 892

demonstrates excellent Socratic questioning. 893
Each teacher response should build on the student’s 894

previous statement and aim to: 895
- Decompose the problem into smaller, manageable 896

reasoning steps. 897
- Ask guiding questions that prompt reflection or 898

verification. 899
- Encourage the student to explain their thinking. 900
- Maintain a supportive and curious tone. 901

902
Question: {question} 903
Ground truth answer: {answer} 904

905
Return your response strictly in valid JSON with the 906

following structure: 907
[ 908
{"student": "value"}, 909
{"teacher": "value"}, 910
{"student": "value"}, 911
... 912

] 913
""" 914

) 915916
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