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Abstract

Multimodal Small-to-Medium sized Language
Models (MSLMs) have demonstrated strong
capabilities in integrating visual and textual
information but still face significant limita-
tions in visual comprehension and mathe-
matical reasoning, particularly in geometric
problems with diverse levels of visual infu-
sion. Current models struggle to accurately
decompose intricate visual inputs and con-
nect perception with structured reasoning, lead-
ing to suboptimal performance. To address
these challenges, we propose SpatialMath,
a novel Spatial Comprehension-Infused
Symbolic Reasoning Framework designed to
integrate spatial representations into structured
symbolic reasoning chains. SpatialMath em-
ploys a specialized perception module to ex-
tract spatially-grounded representations from
visual diagrams, capturing critical geometric
structures and spatial relationships. These rep-
resentations are then methodically infused into
symbolic reasoning chains, facilitating visual
comprehension-aware structured reasoning. To
this end, we introduce MATHVERSE-PLUS, a
novel dataset containing structured visual in-
terpretations and step-by-step reasoning paths
for vision-intensive mathematical problems.
SpatialMath significantly outperforms strong
multimodal baselines, achieving up to 10 per-
centage points improvement over supervised
fine-tuning with data augmentation in vision-
intensive settings. Robustness analysis reveals
that enhanced spatial representations directly
improve reasoning accuracy, reinforcing the
need for structured perception-to-reasoning
pipelines in MSLMs.

1 Introduction

Recent progress in generative AI has produced
Multimodal Small-to-medium sized Language
Models (MSLMs) capable of integrating visual and

*Equal Contribution.

textual information for tasks such as image caption-
ing and multimodal question answering. However,
MSLMs perform poorly on mathematical problems
requiring visual comprehension, including geomet-
ric diagrams and spatial reasoning, due to their
vision encoders being optimized for general image
understanding rather than for capturing the struc-
tured, symbolic, and spatial information essential
for mathematical tasks. This limits their effec-
tiveness in STEM applications and mathematical
problem solving.

Do MSLMs Truly Comprehend Visual Math-
ematical Information? The performance gap
between text-based and visually presented math
problems raises a deeper question: Do MSLMs ac-
tually comprehend mathematical information from
visual inputs, or are they simply generating approx-
imations based on weak feature extraction? While
recent MSLMs such as InternLM-XC2 (Dong et al.,
2024), LLaVA-NeXT (Liu et al., 2024b), LLaVA-
OneVision (Li et al., 2024), and Phi-3 (Abdin et al.,
2024b) excel in general vision-language tasks, in-
cluding image captioning (Vinyals et al., 2015; Ge
et al., 2024) and document-based question answer-
ing, they struggle with math reasoning tasks that
rely on purely visual representations. This limita-
tion is not merely anecdotal – quantitative evalua-
tions from MathVerse, a recently introduced bench-
mark for assessing visual mathematical reasoning
in MSLMs, highlight these deficiencies (Zhang
et al., 2024a). MathVerse evaluates models across
varying levels of textual-visual integration (Fig-
ure 1), revealing that while MSLMs perform well
on text-heavy problems, they fail on vision-dense
tasks like diagram-based angle computation and
coordinate-based proofs. For example, LLaVA-
NeXT-34B achieves 20% on text-dominant prob-
lems but only 9% on vision-only tasks. Further-
more, another similar study, the DYNAMATH
(Zou et al., 2025) benchmark, revealed that VLMs
consistently produce identical answers despite vari-
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Text Dominant Text Lite Vision Intensive Vision Dominant Vision OnlyText Only
Please directly answer the 
question and provide the 
correct option letter, e.g., A, 
B, C, D. 
Question: As shown in the 
figure, in triangle ABC, it is 
known that angle A = 80.0, 
angle B = 60.0, point D is 
on AB and point E is on AC, 
DE parallel BC, then the 
size of angle CED is ()
Choices:…

Please directly answer the 
question and provide the 
correct option letter, e.g., 
A, B, C, D.
Question: As shown in the 
figure, it is known that 
angle A = 80.0, angle B = 
60.0, DE parallel BC, then 
the size of angle CED is ()
Choices:…

Please directly answer the 
question and provide the 
correct option letter, e.g., 
A, B, C, D.
Question: As shown in the 
figure, it is known that 
angle A = 80.0, angle B = 
60.0, then the size of 
angle CED is ()
Choices:…

Please directly answer the 
question and provide the 
correct option letter, e.g., 
A, B, C, D.
Question: As shown in the 
figure, DE parallel BC, 
then the size of angle 
CED is ()
Choices:…

According to the question 
shown in the image, 
please directly answer the 
question and provide the 
correct option letter, e.g., 
A, B, C, D.

Please directly answer the 
question and provide the 
correct option letter, e.g., A, 
B, C, D. 
Question: As shown in the 
figure, in triangle ABC, it is 
known that angle A = 80.0, 
angle B = 60.0, point D is 
on AB and point E is on AC, 
DE parallel BC, then the 
size of angle CED is ()
Choices:…

Descriptive Information Implicit Property Essential Condition

Figure 1: An example from our dataset showcasing six settings of a geometrical mathematical problem.

ations in visual conditions. This behavior suggests
a reliance on memorization rather than reason-
ing grounded in generalized underlying principles.
This highlights the need to bridge visual perception
with mathematical understanding.

Given the observed deficiencies in MSLMs’ abil-
ity to process and reason about visually complex
mathematical problems, we investigate the follow-
ing key research questions:

• RQ1: How effectively do small-to-medium
sized multimodal language models (MSLMs)
extract and understand structured information
from visual mathematical problems?

• RQ2: Given an enriched textual spatial repre-
sentation of a mathematical problem, can small-
to-medium sized multimodal language models
(MSLMs) generate a structured, stepwise rea-
soning path leading to the correct solution?

To overcome the aforementioned limitations of
current MSLMs in mathematical reasoning, we
introduce SpatialMath that explicitly infuses vi-
sual comprehensions into symbolic reasoning. Our
approach consists of:

• SpatialMath-SX: Spatial Comprehension
Core. A vision-language model optimized
for extracting structured comprehension from
visual mathematical content. We formulate
SpatialMath-SX that utilizes the structured
interpretation generated by an MLLM, also re-
ferred as spatial comprehension (SC), during the
fine-tuning stage. MSLMs face challenges with
generic vision encoders that lack specialization
for mathematical content. To address this,
we employ Spatial Comprehension Learning,
where SpatialMath-SX transforms visual
inputs into enhanced textual interpretations,

capturing symbolic dependencies and spatial
relationships.

• SpatialMath-RX: Reasoning Infusion Core. A
dedicated solver that integrates spatial compre-
hension with symbolic reasoning to generate a
logically coherent solution. SpatialMath-RX
produces step-by-step solutions based on spatial
comprehension produced by SpatialMath-SX.
It emphasizes mapping reasoning chains (r) for
logical consistency and symbolic coherence in-
stead of relying solely on pattern matching. This
approach enhances interpretability and accuracy
by integrating visual perception with formal
mathematical reasoning.

We conduct comprehensive experimentation
with each module of SpatialMath. Notably,
SpatialMath achieves a mean accuracy enhance-
ment of 10.2% and 3.8% over the standard baseline
of supervised fine-tuning with data augmentation
on LLaVA-NeXT-34B and Phi-4, respectively. Fur-
thermore, SpatialMath-SX achieves a mean ac-
curacy enhancement of 2.0% (range: 0.8%-4.8%)
across eight default MSLMs on varying degrees of
visual infusion in a problem relative to the default
performance. Our contributions are as follows1:

• Our research shows that MSLMs struggle sig-
nificantly with understanding and reasoning
through visually intricate mathematical prob-
lems, resulting in less effective problem-solving.

• To address these challenges, we propose
Spatial Comprehension-Infused Symbolic
Reasoning Framework (SpatialMath), a novel
methodology to enhance both visual compre-
hension and symbolic reasoning, supported by
1Source code and dataset are available at https://

github.com/ab-iitd/spatial-math
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Question (Vision-Dominant)
To better understand the problem, let's break down the given information and 
the relationships within the triangle:
1. **Triangle ABC**: This is the main triangle in the problem. We are given two 
angles:
   - Angle A = 80
   - Angle B = 60
2. **Point D on AB and Point E on AC**: These points divide the sides AB and 
AC respectively.
3. **DE is parallel to BC**: This is a crucial piece of information. When a line 
segment (DE) is parallel to one side of a triangle (BC) and intersects the other 
two sides (AB and AC), it creates similar triangles. In this case, triangle ADE 
is similar to triangle ABC.
4. **Angle Relationships**:
   - Since DE is parallel to BC, angle ADE is equal to angle ABC, and angle 
AED is equal …
…
Hence, the simplified question becomes as follows: As shown in the figure, in 
triangle ABC, it is known that angle A = 80.0, angle B = 60.0, point D is on AB 
and point E is on AC, DE parallel BC, then the size of angle CED is ()..

Since DE is parallel to BC, triangle ADE is similar to triangle 
ABC by the Basic Proportionality Theorem (also known as 
Thales' theorem). 
This means that the corresponding angles of these triangles 
are equal.
Given:
- Angle A = 80
- Angle B = 60
In triangle ABC:
- Angle C = 180 - Angle A - Angle B = 180 - 80 - 60 = 40
Since DE is parallel to BC, angle ADE is equal to angle 
ABC, and angle AED is equal to angle ACB.
Therefore:- Angle ADE = Angle ABC = 60
……..
Now, angle CED is an exterior angle for triangle ADE at 
vertex E. The exterior angle is equal to the sum of the two 
non-adjacent interior angles.
Thus:
- Angle CED = Angle ADE + Angle DAE = 60 + 80 = 140
The correct option is: D: 140

Spatial Comprehension (SC)
Please directly answer the 
question and provide the 
correct option letter, 
e.g., A, B, C, D.

Question: As shown in the 
figure, DE parallel BC, then 
the size of angle CED is ()
Choices:…

Reasoning Chain (r)

Figure 2: An instance of SC: the Spatial Comprehension generated by an MLLM, specifically GPT-4o that
includes the text-only variant of the problem highlighted in with blue color, and r: the Reasoning Chain, which
consists of a series of sequential steps culminating in the final solution, also generated by the aforesaid MLLM.

MATHVERSE-PLUS, a novel dataset that offers spa-
tial comprehensions of complex visual math
problems and structured reasoning paths across
diverse visual complexity.

• Multi-faceted empirical evaluations demonstrate
that SpatialMath consistently outperforms ex-
isting baselines, improving both comprehension
and problem-solving accuracy in visual mathe-
matical reasoning across datasets and MSLMs.

2 Dataset

We introduce MATHVERSE-PLUS, an enhancement
of the MathVerse dataset, designed to facilitate
our SpatialMath. MathVerse is the only pub-
licly available dataset that systematically integrates
varying levels of visual and textual information
into mathematical problems, making it a suitable
foundation for evaluating MSLMs’ multimodal
reasoning capabilities. Originally derived from
multiple public sources (Chen et al., 2021; Lu
et al., 2021), MathVerse reformulates mathemat-
ical problems into six different representations –
ranging from text-only to vision-only – capturing
different degrees of visual infusion (see Figure 1).
Building upon this foundation, MATHVERSE-PLUS
extends MathVerse by enriching problem variants
with additional structured descriptions and step-
wise reasoning annotations as depicted in Figure 2.
This augmentation ensures that MSLMs can learn
both visual comprehension and symbolic reason-
ing more effectively. Data construction steps are
presented in Algorithm 1.

Statistics and Quality of MATHVERSE-PLUS. In
the construction of MATHVERSE-PLUS, this study
focuses exclusively on 2D and 3D geometric prob-

lems, deliberately excluding issues related to func-
tions to ensure the dataset is homogenized for
geometry-related purposes. Additionally, we con-
sider only five visual modalities derived from the
source dataset: Text-Dominant, Text-Lite, Vision-
Intensive, Vision-Dominant, and Vision-Only. The
Text-Only modality has been excluded, as it does
not align with the multimodal focus of this research.
MATHVERSE-PLUS consists of a total of 2.76K train-
ing instances, uniformly distributed across all five
settings. The test set comprises 500 uniformly dis-
tributed instances, reserved for evaluating model
performance and reporting results.

We conduct a manual evaluation of randomly-
selected 30 instances. Using a Likert scale (Likert,
1932) (0–5, with 5 indicating maximum correct-
ness and coherence), we obtain mean scores of
4.36± 0.86 and 4.46± 1.49 for MLLM generated
Spatial Comprehensions (SC) and Reasoning
Chain (RC), respectively, demonstrating high relia-
bility of the generated annotations (see Appendix
A for more details on MATHVERSE-PLUS).

3 Proposed Methodology

3.1 Preliminaries

We define a dataset D consisting of M geom-
etry questions and corresponding answers, rep-
resented as pairs (qj(t(d,i,e),v)

, aj), where j ∈
{1, 2, . . . , |M |}. Each question qj contains tex-
tual (t) and visual (v) components. The textual
component t is structured into:
• Descriptive Information (d): Explicitly pro-

vided details, i.e., geometric labels and numeri-
cal values.

• Implicit Properties (i): Inferred relationships,
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Answer

MLLM
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Spatial 
Comprehension (SC)

Reasoning Chain (r)

SpatialMath-SX 
(MSLM)

SpatialMath-RX 
(MSLM)

Spatial Comprehension Core

Reasoning Infusion Core

Fine-tuning

Fine-tuning

Spatial Comprehension

(1) (2)

(3)

(4) (5)

Reasoning 
chain 

+
Answer(6)
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Ground Truth

Figure 3: An overview of our framework: (1) Generating Spatial Comprehension (SC) for training set using
an MLLM; (2) Fine-tuning SpatialMath-SX to enhance visual comprehension; (3) Using SpatialMath-SX
at inference to generate SC for test set; (4) Generating Reasoning Chain data for train set; (5) Fine-tuning
SpatialMath-RX using generated SC for training set by SpatialMath-SX and Reasoning Chain; (6) Deploying
SpatialMath-RX at inference for problem-solving.

Algorithm 1 Data Construction Approach
Input: Dataset D containing M pairs of geometry ques-
tions and corresponding answers.
Step 1: Define Problem Variants.
• Define a set K consisting of six distinct problem variants,

each with different levels of textual and visual integra-
tion.

Step 2: Generate Ground-Truth Spatial Comprehen-
sion.
• Introduce Spatial Comprehension (SC), a elaborative

structured textual description of the problem’s visual
elements generated by an LLM serving as the ground-
truth representation of the problem’s visual content in
text-only form.

• Enhance the dataset with richer linguistic interpretations.
Step 3: Enrich the Spatial Comprehension.
• Enrich the LLM’s generated Spatial Comprehension

(SC) with the text-only form of the problem.
• Ensure factual summary of text-based interpretation of

visual elements.
Step 4: Generate Stepwise Reasoning Paths.
• For each problem variant, leverage a larger model to

generate structured Reasoning Chain (RC), capturing
stepwise logical dependencies and symbolic transforma-
tions.

• Use these structured reasoning paths to derive the correct
solution and improve interpretability.

Output: A dataset enriched with textual representations,
stepwise reasoning paths, and diverse problem variants.

including parallelism and symmetry.
• Essential Conditions (e): Key algebraic con-

straints necessary for solving the problem.
The objective is to predict aj given the multi-

modal input qj(t(d,i,e),v), formulated as:

aj = argmax
a∈A

p (a | qj(t(d,i,e),v)) (1)

where A is the answer space.

3.1.1 Problem Variants and Transformations
We extend the MathVerse formulation with varying
textual and visual integration to five settings and
exclude the Text-Only modality to align with the
multimodal focus of this research.

• Text-Dominant (qj(t(d,i,e),v)): All textual and visual input.

• Text-Lite (qj(t(i,e),v)): Text lacks descriptive details (d),
requiring reliance on i and e.

• Vision-Intensive (qj(t(e),v)): Only essential conditions (e)
are retained in text; implicit properties (i) must be inferred
from the visual input.

• Vision-Dominant (qj
(t(i),v

′
)
): Only implicit properties (i)

in Text, while numerical values are visually embedded.
• Vision-Only (qj

(,v
′′
)
): The problem is presented purely

visually, with no textual input.

Here, v′ enriches the diagram with essential nu-
meric labels, while v

′′
is fully self-contained, re-

quiring complete visual parsing.

3.2 SpatialMath-SX

While MSLMs aim to jointly comprehend and
solve visually complex mathematical problems,
their visual comprehension capabilities remain
a bottleneck. To address this, we introduce
SpatialMath-SX: Spatial Comprehension Core,
a dedicated module that independently evaluates
and enhances the model’s ability to interpret visual
information before reasoning over it.

3.2.1 Spatial Comprehension
SpatialMath-SX is trained on an auxiliary dataset
D′, derived from D, where each question-answer
pair (qj , aj) in D is transformed into a question-
comprehension pair (qk, csc) in D′. Here, csc rep-
resents spatial comprehension of the question, ex-
tracted from an MLLM that explicitly describes
key visual and textual elements. The transforma-
tion allows SpatialMath-SX to focus solely on the
comprehension, independent of reasoning.

The objective of SpatialMath-SX is to maxi-
mize the likelihood of generating the most accurate
spatial comprehension SC given the multimodal
question qk, is presented in Equation 2, where B
denotes the vocabulary space of possible compre-
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hensions. Additionally, to enrich the extracted com-
prehension, we integrate text-only variant of the
problem with LLM generated SC, resulting in the
enhanced objective:

SCkt(d,i,e) = argmax
sc∈B

p (sc | qk(t∗,v∗)) (2)

3.2.2 Learning Objective
Many mid-sized multimodal models struggle with
effective visual comprehension. To improve this,
we fine-tune a dedicated SpatialMath-SX using
parameter-efficient fine-tuning (PEFT) (Han et al.,
2024; Hu et al., 2021). Specifically, we apply
Low-Rank Adaptation (LoRA) to the multi-layer
perceptron (MLP) projector within the pre-trained
LLaVA-NeXT-34B model while keeping the LLM
and vision encoder frozen. A similar setup is fol-
lowed for Phi-4.
SpatialMath-SX is trained by minimizing the

negative log-likelihood (NLL) loss across all train-
ing instances n′:

LSX = −
n′∑

k=1

logP (SCkt(d,i,e) | q
k
(t∗,v∗)) (3)

3.3 SpatialMath-RX

An SpatialMath-SX can interpret the visual as-
pects of math problems and bridge different prob-
lem formats in vision-only settings but does not
improve step-wise reasoning toward the correct
solution. Mid-sized models often struggle with
multi-step deduction, and multimodal objectives
rarely align spatial features with structured reason-
ing. To address this, we propose SpatialMath-RX:
Reasoning Infusion Core, which embeds spatial
comprehension into reasoning chains for context-
aware, step-wise symbolic reasoning.

3.3.1 Learning Objective
To this end, we leverage the Reasoning Chain
(RC) generated by a comparatively larger model
to enhance the performance of a medium-sized
solver. The solver model is designed to first gen-
erate a Reasoning Chain, rk, then derive the
final answer ak given qk(t∗,v∗) and SC, (SCkt(d,i,e) .
Unlike SpatialMath-SX, which is trained us-
ing structured spatial comprehension labels (SC),
SpatialMath-RX is fine-tuned using a dataset ex-
plicitly enriched with structured reasoning steps
(RC) to facilitate progressive mathematical infer-
ence.

LRX = −
n′∑

k=1

logP (rk, ak | qk(t∗,v∗), SCkt(d,i,e))

(4)
In the process, an explicit alignment is achieved
between spatial comprehension and the structured
symbolic reasoning steps. The enhanced com-
prehension is leveraged in the reasoning infu-
sion core (SpatialMath-RX), which builds upon
SpatialMath-SX’s extracted information to per-
form accurate problem-solving. We employ the
LLaVA-NeXT-34B and Phi-4 models as the base
models, utilizing a similar PEFT strategy as
SpatialMath-SX. The joint optimization for rea-
soning follows in Equation 4.

Finally, the summarized formulation
SpatialMath is composed of both the spa-
tial comprehension core and the reasoning infusion
core (SpatialMath-SX + SpatialMath-RX) as
shown in Figure 3:

4 Experimental Setup

We conduct rigorous experiments using LLaVA-
and Phi-based architectures to evaluate the pro-
posed method. The dataset is split into 80% train
and 20% test sets. We use GPT-4o to generate
comprehension cues and reasoning chains for data
augmentation. All hyperparameters, prompts, and
other details are provided in the Appendix D.1 and
Appendix D.2, respectively.

Evaluation Metrics. We use accuracy as the pri-
mary metric, assigning 1 for correct and 0 for incor-
rect responses. Additionally, we employ Gemini
1.5 Pro (Team et al., 2024b) for post-processing
model outputs to extract & match the final answer.

Models. LLaVA-NeXT-34B and Phi-4 are
two primary backbones, used for modling
SpatialMath. To evaluate generalization, we
experiment with general, math-, and geometry-
focused MSLMs of various sizes; LLaVA-NeXT-
7B, LLaVA-OV-7B, InternLM-XC2, Phi-4 (Abdin
et al., 2024a), MultiMath-7B (Peng et al., 2024),
MATH-LLaVA, G-LLaVA (Gao et al., 2023), and
LLaVA-OV-70B (Li et al., 2024).

Baselines. We compare SpatialMath against
five strong baselines: (1) Zero-shot: direct model
response without additional training. (2) In-context
learning (ICL) (Brown et al., 2020): providing
3-shot demonstrations in the prompt. (3) Chain-
of-thought (CoT) prompting (Wei et al., 2023):
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Models All Text Dominant Text Lite Vision Intensive Vision Dominant Vision Only

(a): LLaVA-NeXT-34B as Base Model for both SpatialMath-SX and SpatialMath-RX
(b): Phi-4 as Base Model for both SpatialMath-SX and SpatialMath-RX

(a) (b) (a) (b) (a) (b) (a) (b) (a) (b) (a) (b)

Zero-Shot 18.0 28.2 25.0 34.0 18.0 30.0 21.0 30.0 13.0 27.0 13.0 20.0
ICL (1-shot) 10.0 28.4 15.0 32.0 10.0 33.0 5.0 31.0 11.0 22.0 9.0 24.0
CoT (1-shot) 17.2 28.0 27.0 31.0 18.0 33.0 15.0 30.0 17.0 22.0 9.0 24.0
SFT 18.0 33.4 22.0 38.0 20.0 35.0 22.0 33.0 15.0 30.0 11.0 31.0
SFT + Data Augmentation 19.2 24.6 21.0 35.0 23.0 25.0 18.0 22.0 20.0 22.0 14.0 19.0

SpatialMath 23.0 43.6 27.0 53.0 23.0 48.0 28.0 45.0 17.0 41.0 20.0 31.0

Table 1: Comparison of SpatialMath with baselines across various problem settings on accuracy scores. one tail
Mann-Whitney U test for p-values. We observe one tail Mann-Whitney U test-based p-value of 0.03 and 0.07 for
Phi-4 and LLaVA-based SpatialMath when compared to nearest baselines across visual infusions, respectively.

Solver Models All Text Dominant Text Lite Vision Intensive Vision Dominant Vision Only

(a): Default Solver Performance (Zero-shot Prompting)
(b): Default Solver Performance with LLaVA-NeXT-34B-based SpatialMath-SX

(a) (b) (a) (b) (a) (b) (a) (b) (a) (b) (a) (b)

Phi3.5 22.4 25.4 23.0 25.0 20.0 30.0 23.0 26.0 26.0 22.0 20.0 24.0
InternLMXC2 22.4 23.6 25.0 23.0 26.0 27.0 29.0 25.0 15.0 26.0 17.0 17.0
LLaVA-NeXT-34B 18.0 19.4 25.0 28.0 18.0 18.0 21.0 19.0 13.0 15.0 13.0 17.0
LLaVA OV 7B 30.6 35.4 34.0 43.0 36.0 38.0 34.0 38.0 26.0 33.0 23.0 25.0
LLaVA OV 70B 34.4 35.4 46.0 50.0 36.0 39.0 37.0 36.0 34.0 33.0 19.0 19.0
MultiMath-7B ⋄ 24.4 25.8 33.0 36.0 28.0 23.0 23.0 29.0 29.0 26.0 9.0 15.0
Math-LLaVA ⋄ 21.6 23.4 27.0 22.0 21.0 27.0 25.0 32.0 16.0 21.0 19.0 15.0
G-LLaVA ∗ 22.6 23.4 23.0 22.0 23.0 26.0 22.0 26.0 23.0 20.0 22.0 23.0

Table 2: Performance increase across various MSLMs attributed to Spatial Comprehension produced by the
LLaVA-NeXT-34B-based SpatialMath-SX (⋄ and ∗ represent Math- and domain-focused MSLMs, respectively).

prompting the model to explicitly generate inter-
mediate reasoning steps before answering. (4) Su-
pervised fine-tuning (SFT) (Radford et al., 2021):
fine-tuning directly on (qj , aj) pairs from the train-
ing set. (5) SFT + Data Augmentation: using
Spatial Comprehension (SC) and Reasoning
Chain (r) to fine-tune a standalone solver, inspired
by MultiMath-7B (Peng et al., 2024).

5 Results

5.1 Performance Comparison
SpatialMath demonstrates substantial perfor-
mance gains over baseline methods, particularly
in vision-dense settings across both base models–
LLaVA-NeXT-34B and Phi-4. As shown in Ta-
ble 1, for LLaVA-NeXT-34B, this approach yields
a 10.0 percentage point improvement in vision-
intensive settings and a 6.0 percentage point im-
provement in vision-only settings compared to
the Supervised Fine-tuning (SFT) + Data Aug-
mentation baseline. When averaged across all
settings, SpatialMath achieves a 3.8 percentage
point mean accuracy improvement, demonstrat-
ing robustness across formats. For Phi-4, it out-
performs SFT baseline with a notable 10.2 per-
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Figure 4: Performance of LLaVA-NeXT-34B-based
SpatialMath-SX alogn with default LLaVA-NeXT-
34B-based solver across three other public benchmarks-
MathVision, MathVista, and Geometry3K.

centage point mean accuracy gain across all set-
tings. These findings highlight the strength of in-
fusing Spatial Comprehension into structured
Reasoning Chain for addressing visually com-
plex mathematical problems.

5.2 Robustness: SpatialMath-SX

5.2.1 The significance of Spatial
Comprehension Core Across MSLMs

As shown in Table 2, passing Spatial
Comprehension extracted by SpatialMath-SX
as an additional context to default MSLMs
yields consistent improvements across various
settings. Specifically, we observe accuracy gains
up to 7.0, 11.0, and 6.0 percentage points for
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Setting BLEU4 R1 RLSum Met BERTScore

SpatialMath-SX: LLaVA-NeXT-34B
Default Zero-shot 8.8 49.0 45.6 22.9 84.7
SpatialMath-SX 38.3 66.8 64.7 54.2 89.7

SpatialMath-SX: LLaVA-NeXT-7B
Default Zero-shot 11.4 47.9 44.9 25.8 84.4
SpatialMath-SX 14.5 51.0 49.2 41.3 87.2

Table 3: Implicitly evaluate the fine-tuned
SpatialMath-SX by comparing generated SC
with ground truth using lexical and semantic metrics.

vision-only, vision-dominant, and vision-intensive
settings, respectively, leading to an overall mean
accuracy improvement of 2.0 (range: 0.8-4.8)
percentage points across all settings and solver
models. Notably, in the vision-dominant setting,
InternLM-XC2 and LLaVA-OV-7B achieve
substantial gains of 11.0 and 7.0 percentage points,
respectively, while LLaVA-NeXT-34B exhibits
a 4.0 percentage point boost in the vision-only
setting. These results highlight the robustness
and scalability of SpatialMath-SX’s structured
multimodal comprehension, particularly when
applied to specialized visual mathematical models
such as MultiMath-7B, reinforcing its efficacy in
diverse multimodal reasoning tasks. In response
to RQ1, the empirical results indicate that the
performance of MSLMs declines as the complexity
of visual inputs increases, struggling to understand
and process intricate visual information effectively.
Further, findings indicate that MSLMs with en-
riched textual spatial representation and reasoning
chains improve visual math problem-solving in
response to RQ2.

5.2.2 Evaluation Across Public Benchmarks

To evaluate data generalization, we used three re-
cent public visual-math benchmarks—MathVision
(173 samples), MathVista (146), and Geometry3K
(601)—which include out-of-distribution samples.
To mitigate out-of-domain issues, we focus exclu-
sively on geometry-based problems within these
datasets. Figure 4 illustrates the performance
difference of default MSLM’s with and with-
out the SpatialMath-SX’s output as additional
context, utilizing the LLaVA-NeXT-34B-based
fine-tuned model trained on MathVerse training
data. The results demonstrate that MSLM’s with
Spatial Comprehension yields improvements of
3.47, 0.68, and 5.99 percentage points for MathVi-
sion, MathVista, and Geometry3K, respectively,
thereby corroborating the robust generalization
across other datasets.

5.2.3 Implicit Evaluation
We evaluate fine-tuning robustness by assessing
SC quality across SpatialMath-SX models of
different sizes, beyond task accuracy. Gener-
ated SC are compared to GPT-4o ground-truth us-
ing BLEU, ROUGE (R1, RLSum), METEOR,
and BERTScore. Table 3 shows fine-tuned
SpatialMath-SX consistently outperforming zero-
shot models. Mean improvements of 16.3 (BLEU-
4), 10.45 (R1), 11.7 (RLSum), 23.4 (METEOR),
and 3.9 (BERTScore) confirm fine-tuning enhances
SC richness and alignment with ground truth.

5.3 Generalization: SpatialMath-RX
To assess SpatialMath-RX’s generalization,
we examine if a reasoning solver improves
with Spatial Comprehension from different
specialized SpatialMath-SX models. Specifically,
we investigate two 7B-sized SpatialMath-RX
– LLaVA-NeXT-7B and LLaVA-OV-7B, and
assess their performance using SC generated by
fine-tuned SpatialMath-SX variants. For LLaVA-
NeXT-7B, we consider two SpatialMath-SX
variants—LLaVA-NeXT-34B and LLaVA-
NeXT-7B, while for LLaVA-OV-7B, we use
LLaVA-NeXT-34B and LLaVA-OV-7B-based
SpatialMath-SX.

Table 4 shows that using SC generated from
the larger SpatialMath-SX (LLaVA-NeXT-34B)
model improves LLaVA-OV-7B’s mean accuracy
by 5.0% points across all settings. This confirms
that even relatively smaller SpatialMath-RX can
benefit from multimodal interpretations generated
by a more capable SpatialMath-SX. However, we
observe an inconsistent decline in performance
when SpatialMath-RX rely on SC from smaller
(7B-sized) SpatialMath-SX. Notably, LLaVA-
OV-7B exhibits an 8.0 percentage point drop in ac-
curacy when using SC generated from LLaVA-OV-
7B itself, highlighting the limitations of smaller
models in producing visual interpretations– even
after fine-tuning.

5.4 Evaluator Modeling: SpatialMath-SX
Inadequate quality of the SpatialMath-SX’s out-
put (SC) may adversely affect the SpatialMath-RX
core’s performance. To address this, we introduce
an intermediate evaluation step for SC between the
SpatialMath-SX and SpatialMath-RX cores. To
this end, we finetune an evaluative model for a
binary decision to determine whether the SC is use-
ful in relation to the underlined question. Based
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Solver Models All Text Dominant Text Lite Vision Intensive Vision Dominant Vision Only

SpatialMath-RX: LLaVA-NeXT-7B
SpatialMath-SX: (a): LLaVA-NeXT-34B (b): LLaVA-NeXT-7B

(a) (b) (a) (b) (a) (b) (a) (b) (a) (b) (a) (b)

Zero-shot 18.0 14.2 25.0 17.0 18.0 13.0 21.0 15.0 13.0 15.0 13.0 11.0
SpatialMath-SX + default solver 12.4 15.2 12.0 13.0 11.0 17.0 15.0 17.0 13.0 15.0 11.0 14.0
SpatialMath 15.4 13.6 14.0 14.0 13.0 13.0 18.0 14.0 18.0 13.0 14.0 14.0

SpatialMath-RX: LLaVA-OV-7B
SpatialMath-SX: (a): LLaVA-NeXT-34B (b): LLaVA-OV-7B

Zero-shot 30.6 30.6 34.0 34.0 36.0 36.0 34.0 34.0 26.0 26.0 23.0 23.0
SpatialMath-SX + default solver 35.6 30.2 44.0 39.0 38.0 32.0 38.0 30.0 33.0 28.0 25.0 22.0
SpatialMath 30.0 22.6 40.0 26.0 32.0 24.0 28.0 24.0 25.0 17.0 25.0 22.0

Table 4: Comparison of two distinct SpatialMath-SX models, focusing on a diverse range of parameters associated
with two SpatialMath-RX – LLaVA-NeXT-7B and LLaVA-OV-7B, across a variety of problem settings.
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Figure 5: Analysis on computational overhead in com-
parison to a single model baseline (SFT+Data Aug.)
approach. Bubble Size: Average #tokens generated

on the decision, we proceed to pass the SC to
SpatialMath-RX exclusively when the evaluator
model issues a "yes" response. To evaluate the
impact of this evaluative model, we utilize the im-
provement ratio, defined as the overall improve-
ment divided by the overall degradation in utiliz-
ing SC with SpatialMath-RX to quantify the ef-
fectiveness of quality control. We compare two
configurations: SpatialMath-SX with and without
the evaluative model across both baseline models,
LLaVA-NeXT-34B and Phi-4. Notably, evaluative
model enhances the improvement ratio from 1.13
to 2.0 for LLaVA-NeXT-34B and from 1.12 to 3.0
for Phi-4, respectively. (refer to Appendix C for
more details on evaluator modeling and metric.)

5.5 Computational Efficiency Analysis

The experimental results from Figure 5 demon-
strate that SpatialMath method is computation-
ally efficient compared to the integrated solver
(SFT + data augmentation) approach. While both
methods achieve comparable inference time, with
SpatialMath outperforming on all metrics (Accu-
racy: 23 vs. 19.2) and lower average inference
time (66.59 vs. 69.41 seconds). This highlights the
method’s effectiveness in balancing computational

overhead with improved performance outcomes.
Inference times are averaged over three runs on
a random set of 100 samples. Additionally, we
report the total number of tokens (word-level) gen-
erated by the model in each settings. Furthermore,
SpatialMath is 16× more computationally effi-
cient, requiring only two A100 80GB GPU com-
pared to MathPUMA’s 32 A100 80GB GPUs.

5.6 Error Analysis

Our failure case analysis reveals that a primary
source of error stems from inaccurate SC generated
by the SpatialMath-SX, affecting the solver’s re-
sponse quality adversely. Figure 6 highlights an
example from a text-dominant setting, where an
LLaVA-NeXT-34B-based SpatialMath-SX pro-
duces an incorrect comprehension of the prob-
lem. This erroneous SC leads LLaVA-NeXT-34B-
based SpatialMath-RX to deviate from the cor-
rect solution, ultimately generating an incorrect
answer. These findings emphasize the impor-
tance of quality control mechanisms in refining
SpatialMath-SX outputs, suggesting potential so-
lutions on error mitigation strategies. Accordingly,
we explore an intermediate step to evaluate the
quality of Spatial Comprehension, generate by
SpatialMath-SX, prior to forwarding them to the
SpatialMath-RX. In the future, research commu-
nity can investigate alternative approaches, such
as reinforcement learning from human feedback or
cross-context validation to address these challenge.

6 Related Work

Mathematical Reasoning in LLMs. Advance-
ments in MLLMs, such as GPT-4o (OpenAI et al.,
2024) and Gemini (Team et al., 2024a), have sig-
nificantly improved context understanding (Brown
et al., 2020) and logical reasoning (Wei et al.,
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Original Question 
Please directly answer the question and provide the 
correct option letter, e.g., A, B, C, D.

Question: As shown in the figure, in triangle ABC, AB = 
AC, passing point A to draw AD parallel BC. If angle 1 = 
70.0, then the size of angle BAC is ()

Choices:

A: 40°    B: 30°   C: 70°   D: 50°


SpatialMath-SX Output 
Here is an additional context which may help in solving 
the subsequent question.

Context:  ……….

4. **Angle 1 = 70: This is an angle within the triangle ABC. 
It is the angle at vertex A between sides AB and AC.

……….

Reasons for incorrectness of SC 
Point 4 states that Angle 1 is angle formed by AB and 
AC, which is incorrect as Angle 1 is formed due to CA 
and AD

Default Solver 
• A: 40°

Solver with SpatialMath-SX 
• C: 70°

Figure 6: An example of the unfavorable consequences
of misleading spatial comprehension caused by the
SpatialMath-SX on the SpatialMath-RX.

2022), enabling applications in mathematical rea-
soning and word problem-solving. Early research,
including MATH (Hendrycks et al., 2021) and
MWP-BERT (Liang et al., 2022), focused on text-
only problem-solving, excel in algebraic manipu-
lation and numerical inference but struggle with
spatial reasoning (Lu et al., 2023).

Visual Mathematical Reasoning. Models such
as LLaVA (Liu et al., 2023), InternLM-XC (Zhang
et al., 2023), Phi-3 (Abdin et al., 2024b), and
Pixtral (Agrawal et al., 2024) have shown strong
performance in visual understanding tasks such
as image captioning and VQA (Agrawal et al.,
2016), demonstrating impressive accuracy (Liu
et al., 2024a) but require additional techniques to
align symbolic notations with their visual repre-
sentations when applied in mathematical contexts
(Yan et al., 2024). Dedicated efforts to integrate
symbolic reasoning with diagrammatic understand-
ing have led to specialized multimodal models, in-
cluding MATH-Vision (Wang et al., 2024), MATH-
VISTA (Lu et al., 2024), Math-LLaVA (Shi et al.,
2024b), and CLEVR-Math (Lindström and Abra-
ham, 2022). They aim to preserve the syntactic
integrity of mathematical expressions while incor-
porating spatial reasoning from diagrams.

Novelty of Our Work. MathVerse (Zhang et al.,
2024a) analyzes visual mathematical reasoning by
assessing model performance with different levels
of visual infusion. However, it lacks a systematic

method for improving performance in vision-dense
contexts, a critical gap that our research effec-
tively addresses. Early approaches, such as MAVIS
(Zhang et al., 2024b) and Math-PUMA (Zhuang
et al., 2024), utilized multi-stage (3-4) training
pipelines with large-scale synthetic data, but faced
challenges in computational efficiency and scalabil-
ity to broader mathematical domains. These meth-
ods often rely heavily on synthetic data generation,
limiting practical applicability. Thus, prior efforts
remain computationally expensive or exhibit incon-
sistent performance in dense visual mathematical
reasoning, particularly due to tackling these tasks
in isolation. SpatialMath addresses these chal-
lenges by advancing visual comprehension-infused
symbolic reasoning in a computationally efficient
framework.

7 Conclusion

In this paper, we introduced a novel framework,
SpatialMath, supplemented by a new dataset,
MATHVERSE-PLUS. This approach aims to enhance
visual spatial comprehension and infuse it into the
sound symbolic reasoning capabilities of MSLMs
across a diverse range of visual and textual inte-
grations, specifically addressing geometric mathe-
matics problems. Empirical results reinforce that
SpatialMath surpasses contemporary baselines,
thereby representing a significant advance in devel-
oping medium-sized visual mathematics solvers,
which can proficiently interpret complex visual
mathematical problems and make sound logical
deductions.

8 Limitations

The proposed dataset, MATHVERSE-PLUS is de-
rived from an existing dataset, which necessi-
tates reliance on the authors of the source dataset
to establish the quality standards applied. Fur-
ther, the efficacy of the reasoning-enhanced solver,
SpatialMath-RX, is contingent upon the outcomes
generated by the SpatialMath-SX. Therefore, any
errors originating from the SpatialMath-SX: Spa-
tial Comprehension Core may propagate to the
SpatialMath-RX, potentially making an adverse
impact, despite the mitigation strategies presented
in this work.

Additionally, it is important to note that the
dataset is exclusively based on the English lan-
guage, thereby limiting our ability to assess the
applicability and effectiveness of the proposed
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methodology in non-English contexts, particularly
for low-resource languages.

9 Ethical Considerations

The proposed dataset, referred to as
MATHVERSE-PLUS represents an expansion
of an existing publicly available dataset and will
be released publicly in accordance with the source
dataset’s guidelines. All data annotators involved
in this study were compensated fairly for their
contributions. We recognize the lack of women’s
representation in MATHVERSE-PLUS annotations as
a reflection of the broader global gender disparity
in research and innovation; however, the authors
do not endorse this perspective. We are committed
to promoting gender and racial equality within
research fields.

Furthermore, we clarify that no generative AI
tools were utilized in the creation of this content,
aside from those used for spell-checking and gram-
mar correction. We emphasize that the scope of
MATHVERSE-PLUS is strictly dedicated to scientific
research purposes. The selection of GPT-4o for
data augmentation was a decision made based on
its popularity, and the authors do not express bias
toward any specific commercial large language
model.
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A Data Statistics and Quality

A.1 MathVerse.

MathVerse provides a diverse range of visual infu-
sion in geometric mathematical problems compris-
ing multi-choice and free-form style Q/A pairs. It
serves as a contemporary benchmark for evaluating
MSLMs with respect to their visual mathematical
reasoning capabilities. The dataset was derived
from various publicly accessible datasets and sub-
sequently transformed to incorporate varied de-
grees of visual infusion in mathematical inquiries.

The construction of the questions within Math-
Verse posits that a multiple-choice geometry prob-
lem typically comprises three components in addi-
tion to the answer choices – descriptive informa-
tion, an implicit property, and an essential condi-
tion. Descriptive information pertains to the di-
rectly observable and distinctly represented ele-
ments within the diagram, such as the presence
of geometric shapes or the intersection points of
functions. The implicit property necessitates a
higher level of visual perception to infer from the
diagram, signifying critical visual conditions for

problem-solving. This includes aspects such as
the parallelism and perpendicularity of lines, the
similarity and congruence of triangles, as well as
the classification and periodicity of functions. The
essential condition represents specific numerical or
algebraic measurements. By leveraging these three
properties along with the accompanying diagram,
MathVerse presents six versions of each problem
– Text-Dominant, Text-Only, Text-Lite, Vision-
Intensive, Vision-Dominant, and Vision-Only. No-
tably, the Vision-Only configuration presents the
mathematical problem solely in visual modality,
devoid of any textual information.

A.2 MATHVERSE-PLUS Statistics.
In the construction of the MATHVERSE-PLUS, this
study focuses exclusively on 2D and 3D geometric
problems, deliberately excluding issues related to
functions to ensure the dataset is homogenized for
geometry-related purposes. Additionally, we con-
sider only five visual modalities derived from the
source dataset: Text-Dominant, Text-Lite, Vision-
Intensive, Vision-Dominant, and Vision-Only. The
Text-Only modality has been excluded, as it does
not align with the multimodal focus of this research.
During the fine-tuning phases, a total of 2,260 in-
stances were considered across all settings, while
500 instances were allocated for testing purposes
in the results presented herein.

To ensure the quality of the augmented data,
we exclusively consider the Reasoning Chain (r)
in which the model’s final answer aligns with the
ground truth during the generation process. This
approach resulted in the selection of 1,690 high-
quality training instances for the SpatialMath-RX
and the (SFT + data augmentation) baseline fine-
tuning. In order to facilitate the model’s learn-
ing of a consistent Reasoning Chain, we utilize
the Reasoning Chain (r) derived from the Text-
Dominant setting across all ranges of visual infu-
sion. This strategy provides the model with the
maximum input necessary for the generation of the
Reasoning Chain.

A.3 Commentaries on Commercial LLM’s
Usage.

The recent advancements in open-source LLMs, ex-
emplified by DeepSeek-R1 with publicly available
code and weights, demonstrate performance com-
parable to that of commercial LLMs. This develop-
ment significantly alleviates the accessibility chal-
lenges posed by proprietary systems such as GPT-
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4. The data augmentation capabilities of GPT-4
can be effectively substituted with the open-source
DeepSeek-V3 (DeepSeek-AI, 2024) or LLaMA-4
2-Maverick.

In Figure 7, we present a qualitative analysis
of GPT4o and LLaMA-4-Maverick in generating
Spatial Comprehension. Analysis reveals that
both models demonstrate an impressive ability to
interpret the visual math problem and translate it
into a structured, conceptual breakdown. They ef-
fectively identify the core geometric components,
such as the triangle’s given angles and the crucial
relationship created by the parallel lines. The mod-
els showcase two distinct yet valuable descriptive
styles. GPT4o excels at providing a comprehen-
sive overview of the geometric properties, correctly
identifying concepts like similar triangles and cor-
responding angles, which lays a robust theoret-
ical foundation. On the other hand, LLaMA-4-
Maverick adopts a more direct, pedagogical ap-
proach, outlining a clear, step-by-step path to the
solution by highlighting the key principles needed.

B Extended Results

B.1 Performance Across Benchmarks

In the experiment, the selected categories of
data for Geometry 3K, MathVista, and MathVi-
sion were carefully defined to ensure thorough
Geometry-based visual math analysis. For Geom-
etry 3K, the entire test set comprised 610 sam-
ples, allowing for a comprehensive exploration of
geometry-related concepts. In the case of Math-
Vista, the data focused specifically on metrics asso-
ciated with angle measurement within the subject
of metric geometry - angle. Meanwhile, Math-
Vision was centered around the task of geome-
try problem-solving, emphasizing language profi-
ciency in English (geometry problem solving and
language - english). The detailed results are pre-
sented in Table 5.

B.2 Why SpatialMath-SX: Spatial
Comprehension Core Is Important

In this experiment, we evaluate the effectiveness of
incorporating Spatial Comprehension into struc-
tured reasoning chains using evolutionary analysis.
First, we fine-tune an additional SpatialMath-SX
variant, referred to as SpatialMath-SXtext_only,

2https://ai.meta.com/blog/
llama-4-multimodal-intelligence

which utilizes the text from ’Text Only’ setting,
the maximal textual description available for a
given question as an alternative SC. This formu-
lation enables a systematic assessment of the im-
pact of providing detailed available textual prob-
lem descriptions across diverse visual contexts.
We compare performance across three settings:
the default solver with SpatialMath-SXtext_only,
the default solver with SpatialMath-SX, and the
SpatialMath, applied to two base architectures,
LLaVA-NeXT-34B and Phi-4. The remaining ex-
perimental configurations align with those outlined
in the primary study within the paper.

The findings presented in Table 6 demonstrate
two key observations. First, the inclusion of a
detailed Spatial Comprehension, which encap-
sulates geometric elements and relationships, sig-
nificantly improves the performance of the de-
fault solver when compared to utilizing only the
maximal textual description of the problem. Sec-
ond, the integration of Spatial Comprehension
into Reasoning Chain yields substantial enhance-
ments across models and diverse visual-textual
settings. These results underscore the effective-
ness of the novel proposed methodology, visual-
comprehension-aware structured symbolic reason-
ing (SpatialMath), in augmenting the problem-
solving capabilities of MSLMs.

B.3 Computational Efficiency Analysis

The detailed experimental results are presented in
Table 7.

B.4 Robustness Across Temperature
Parameter

The section demonstrates the robustness of the pro-
posed methodology through the manipulation of
the model parameter known as Temperature, which
governs the randomness of the output. The findings
presented in Table 8 elucidate that the proposed
method exhibits a high degree of robustness across
various probabilistic vocabulary spaces, as influ-
enced by the parameter temperature across three
runs.

B.5 Commentaries on Closed-Source Models

Table 9 presents the evaluation results for the
MATHVERSE benchmark for closed-source mod-
els. These results are sourced from the original
publication by (Zhang et al., 2024a) and are pro-
vided here purely for reference purposes. We ob-
serve that the exponential increase in the num-
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Setting: Text Dominant
Prompt:

• Please generate the additional context for above question which may help in better comprehension of the problem.
Context may include elaboration and simplification of the problem such that it becomes easier to solve it. You must not
provide either the steps involve in the solution or the final solution to the problem

Question:

• As shown in the figure, in triangle ABC, it is known that angle A = 80.0, angle B = 60.0, point D is on AB and point E
is on AC, DE parallel BC, then the size of angle CED is () Choices: A: 40° B: 60° C: 120° D: 140°

Image:

Response - GPT4o:

• To better understand the problem, let’s break down the given information and the relationships within the triangle: 1.
**Triangle ABC**: This is the main triangle in the problem. We are given two angles: *Angle A = 80° *Angle B = 60°

2. **Point D on AB and Point E on AC**: These points divide the sides AB and AC respectively.

3. **DE is parallel to BC**: This is a crucial piece of information. When a line segment (DE) is parallel to one side of
a triangle (BC) and intersects the other two sides (AB and AC), it creates similar triangles. In this case, triangle ADE is
similar to triangle ABC.

4. **Angle Relationships**:

* Since DE is parallel to BC, angle ADE is equal to angle ABC, and angle AED is equal to angle ACB due to the
properties of parallel lines and corresponding angles.

5. **Finding Angle CED**:

* To find angle CED, we need to use the properties of similar triangles and the given angles. Since DE is parallel to BC,
angle CED will have a specific relationship with the angles in triangle ABC.

By understanding these relationships and properties, you can determine the size of angle CED using the given angles
and the fact that DE is parallel to BC. This context should help in comprehending the problem and setting up the
necessary steps to find the solution.

Response - LLaMA-4-Maverick:

• **Problem Context and Elaboration**

The given problem involves a triangle ABC with specific angle measures and points D and E on sides AB and AC,
respectively. The task is to determine the size of angle CED given that DE is parallel to BC.

**Given Information:** * Triangle ABC with known angles: angle A = 80.0 degrees and angle B = 60.0 degrees. *
Point D lies on side AB. * Point E lies on side AC. * DE is parallel to BC.

**Objective:** To find the measure of angle CED.

**Relevant Geometric Principles:** * The sum of the interior angles of a triangle is always 180 degrees. * When two
lines are parallel, corresponding angles are equal.

**Understanding the Figure:** Since DE is parallel to BC, corresponding angles formed by the transversal through
points A, E, and C will be equal. This implies that angle AED is equal to angle ACB due to the corresponding angles
property.

**Calculating Angle ACB:** Using the fact that the sum of the interior angles of a triangle is 180 degrees, we can
calculate angle ACB as follows:

angle A + angle B + angle C = 180 degrees 80 degrees + 60 degrees + angle C = 180 degrees angle C = 180 degrees -
140 degrees angle C = 40 degrees

**Implication for Angle CED:**

Since DE is parallel to BC, angle AED = angle ACB = 40 degrees. Knowing this, we can use the property that the sum
of the angles on a straight line is 180 degrees to find angle CED. angle AED + angle CED = 180 degrees Substituting
the known value of angle AED: 40 degrees + angle CED = 180 degrees This sets the stage for calculating angle CED.

The problem requires using the properties of parallel lines and the angles within a triangle to solve for angle CED.

Figure 7: A qualitative analysis of Spatial Comprehension generational capabilities of GPT4o and LLaMA-4.
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Benchmarks Default With SpatialMath-SX Improvements(in %) Samples Size

MathVision 15.61 19.08 3.47 173
MathVista 5.48 6.16 0.68 146
Geometry3K 8.82 14.81 5.99 601

Table 5: (Detail results) Performance of LLaVA-NeXT-34B-based SpatialMath-SX alogn with default LLaVA-
NeXT-34B-based solver across three other benchmarks- MathVision, MathVista, and Geometry3K.

Models All Text Dominant Text Lite Vision Intensive Vision Dominant Vision Only

(a): LLaVA-NeXT-34B as Base Model for both SpatialMath-SX and SpatialMath-RX
(b): Phi-4 as Base Model for both SpatialMath-SX and SpatialMath-RX

(a) (b) (a) (b) (a) (b) (a) (b) (a) (b) (a) (b)

SpatialMath-SXtext_only 18.0 29.2 25.0 35.0 18.0 30.0 21.0 30.0 13.0 30.0 13.0 21.0
SpatialMath-SX 19.4 30.4 28.0 36.0 18.0 34.0 19.0 31.0 15.0 26.0 17.0 25.0
SpatialMath 23.0 43.6 27.0 53.0 23.0 48.0 28.0 45.0 17.0 41.0 20.0 31.0

Table 6: Evolutionary Analysis for assessing the impact of SpatialMath-SX.

Setting Inference Time (in Sec) #Tokens Generated Accuracy (All)

run1 run2 run3 Average

Zeroshot 10.17 9.94 10.20 10.10 73.2 14
SFT + Data Augmentation 68.27 69.45 70.51 69.41 438.05 19.2
SpatialMath-SX 49.41 49.01 48.81 49.08 376.95 19.4
SpatialMath 67.02 66.66 66.10 66.59 484.73 23

Table 7: (Detail Results) Analysis on computational overhead in comparison to a single model approach. Bubble
Size: Average #tokens generated.

Solver Models All Text Dominant Text Lite Vision Intensive Vision Dominant Vision Only

SFT + Data Augmentation 19.2 21.0 23.0 18.0 20.0 14.0

Temp = 0 23.0 27.0 23.0 28.0 17.0 20.0
Temp = 0.2 23.0 28.0 23.0 28.0 16.0 20.0
Temp = 1 23.2 29.0 23.0 28.0 17.0 19.0
Average 23.1 28.0 23.0 28.0 16.7 19.7

Table 8: Significance of model’s parameter Temperature. Rest of the settings are same as Table 1.

ber of parameters in closed-source models enables
them to outperform their open-source counterparts.
Despite achieving the highest overall average per-
formance of 63.1%, GPT-4V remains suboptimal,
highlighting the need for further efforts to enhance
the performance of closed-source models. Notably,
advancements in parameter fine-tuning methodolo-
gies are typically reliant on access to the model’s ar-
chitecture. However, closed-source models restrict
direct access to their architectures, limiting the ap-
plication of such methodologies to open-source
models. Given access to the architectural parame-
ters, there is intense anticipation that strategies akin
to SpatialMath could similarly augment the capa-
bilities of closed-source models.. It is important to
note that the results encompass all six settings, in-
cluding samples from geometry-specific problems
as well as function-related samples.

C Evaluator Modeling on
SpatialMath-SX Cont.

C.1 Objective

The output of the SpatialMath-SX module is con-
tingent upon the quality and geometrical accuracy
established within the visual figure generated by
the process. Inadequate quality of the Spatial
Comprehension (SC) may adversely affect the
SpatialMath-RX core’s performance. Hence, the
primary aim of the Evaluator module is to sys-
tematically assess the quality of the generated SC
and to filter out any instances deemed unsatisfac-
tory, thereby allowing only those that meet qual-
ity standards to proceed to the SpatialMath-RX
core. This process is intended to mitigate the
detrimental effects of the SpatialMath-SX mod-
ule on the SpatialMath-RX module. The Eval-
uator is positioned as an intermediary between
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Model
All

Text
Dominant

Text
Lite

Text
Only

Vision
Intensive

Vision
Dominant

Vision
Only

CoT-E Acc CoT-E Acc CoT-E Acc CoT-E Acc CoT-E Acc CoT-E Acc CoT-E Acc

LLMs

ChatGPT - - 51.3 33.3 38.5 18.9 51.3 33.3 - - - - - -
GPT-4 - - 63.4 46.5 40.7 20.7 63.4 46.5 - - - - - -

Closed-source MLLMs

Qwen-VL-Plus 21.3 11.8 26.0 15.7 21.2 11.1 25.2 14.5 18.5 9.0 19.1 13.0 21.8 10.0
Gemini-Pro 35.3 23.5 39.8 26.3 34.7 23.5 44.5 27.3 32.0 23.0 36.8 22.3 33.3 22.2
Qwen-VL-Max 37.2 25.3 42.8 30.7 37.7 26.1 47.9 28.9 33.6 24.1 35.9 24.1 35.9 21.4
GPT-4V 54.4 39.4 63.1 54.7 56.6 41.4 60.3 48.7 51.4 34.9 50.8 34.4 50.3 31.6

Table 9: The below table is sourced from the original work presented by (Zhang et al., 2024a) for the reference
purpose only. Mathematical evaluation on six problem versions in MATHVERSE’s testmini set. The highest
accuracy for closed-source MLLMs is marked in red.

the SpatialMath-SX and SpatialMath-RX mod-
ules. Various criteria may be interpreted to distin-
guish a good SC from a bad one. In this context,
we define the efficacy of SC based on its utility
within the SpatialMath-RX core. A satisfactory
Spatial Comprehension is characterized by its
lack of adverse effects on the outputs generated by
the SpatialMath-RX module.

C.2 Training Data

To achieve this objective, we first develop a training
dataset to construct a robust evaluator model. Uti-
lizing this training set of MATHVERSE-PLUS, we cre-
ate instances where the input comprises a question
q(t,v) alongside its corresponding SC produced by
the SpatialMath-SX module, with an appended
inquiry: "Is the provided context faithful to the
given context?" The expected output is a binary la-
bel of "yes" or "no," indicating whether the SC
has a detrimental impact on the output of the
SpatialMath-RX core. A label of ’no’ denotes an
adverse impact, while ’yes’ signifies the absence
of such an impact.

C.3 Fine-tuning and Metrics

Subsequently, using the aforementioned training
data, we proceed to fine-tune the evaluator mod-
els associated with both the base models LLaVA-
NeXT-34B and Phi-4, respectively. The configura-
tions utilized in this fine-tuning process are consis-
tent with those employed during the fine-tuning of
the SpatialMath-SX and SpatialMath-RX mod-
ules. To quantify the impact of the evaluative
model, we introduce the concept of the improve-
ment ratio, presented in Equation 5, which is de-
fined as the overall improvement divided by the
overall degradation associated with the utiliza-
tion of SC in conjunction with SpatialMath-RX

for the purpose of assessing the effectiveness of
quality control. In this context, an improvement
refers to the positive changes observed in the out-
comes of the SpatialMath-RX module resulting
from the application of SC while degradation sig-
nifies the adverse effects on the outcomes of the
SpatialMath-RX module when employing SC as
compared to the default settings.

Improvement Ratio =
Overall Improvements
Overall Degradations

(5)

C.4 Results

The experimental results presented in Table
10 highlight the comparative performance of
SpatialMath-SX and SpatialMath-SX with Eval
model across two base models, LLaVA-NeXT-
34B and Phi-4. Both approaches demonstrate
noticeable improvements in "Accuracy (All) Im-
provements" over their respective baseline mod-
els, with Phi-4 showing slightly higher enhance-
ment (+2.2% versus +1.4%). When analyz-
ing sample-level metrics, SpatialMath-SX with
Eval yields fewer "Absolute Degradations" com-
pared to SpatialMath-SX alone, reflecting the re-
finement introduced by the evaluator. Notably,
the improvement ratio is more pronounced for
SpatialMath-SX with Eval, particularly for Phi-4
(3.0 vs. 1.12), suggesting that the evaluator effec-
tively balances improvements and degradations at
the sample level. The utility tag further supports
this observation, indicating higher ’yes’ predic-
tions with SpatialMath-SX with Eval, underscor-
ing its practical efficacy.

Findings also reveal a slight reduction in "Ac-
curacy (All) Improvements" when incorporating
the evaluator model, with LLaVA-NeXT-34B and
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Phi-4 showing decreases of 0.6% and 1.4%, respec-
tively. This suggests that while the evaluator suc-
cessfully minimizes "Absolute Degradations" and
improves the overall imrpovement ratio, it comes
at the cost of a decreased top-level accuracy. These
findings highlight the need to optimize between
maximizing accuracy and minimizing adverse im-
pacts, striking a balance to ensure both reliability
and fairness in model predictions.

D Experimental Setup Cont.

We conduct experiments using LLaVA- and Phi-
based architectures to evaluate the proposed
method. To mitigate catastrophic forgetting (Shi
et al., 2024a) due to limited training data, we freeze
the LLM and vision tower components, fine-tuning
only the MLP projector for both SpatialMath-SX
and SpatialMath-RX for LLaVA-based model.
Similarly, for Phi-4, we fine-tune lora adapter and
vision encoder. All experiments are conducted
once on same default random seed settings.

D.1 Hyperparamters
In this section, we details all the hyperparameters
to ensure reproducibility of the results. LLaVa-
based models consist of three primary components:
a large language model (LLM) backbone and a vi-
sion tower followed by a multilayer perceptron
(MLP) adapter coneecting the two. In our ap-
proach, we exclusively finetune the MLP adapter
while keeping the other two components fixed. The
fine-tuning process is conducted over three epochs
across various methods. Our computational infras-
tructure is comprised of a dual NVIDIA A1003

GPU setup. The detailed hyperparameters for
LLaVA-NeXT-34B and Phi-4 finetuning are pre-
sented in Table 12 and Table 11, respectively. The
peak GPU usage for training either core of the
SpatialMath was approximately 96 GPU hours,
utilizing a shared compute environment.

D.2 Prompts
In this study, we delineate the diverse prompts
employed across various settings and fine-tuning
procedures. The prompts utilized to evaluate zero-
shot, in-context (one-shot), and chain-of-thought
(one-shot) methodologies are depicted in Figures
8, 9, and 10, respectively. Additionally, a training
data instance that encompasses an input and out-
put for the objectives SpatialMath-SXtext_only,

3https://www.nvidia.com/en-in/data-center/
a100/

SpatialMath-SX SpatialMath, and the SFT+
data augmentation baseline is illustrated in Fig-
ures 13, 14, 15, and 16, respectively. Fur-
thermore, the prompts deployed during the in-
ference stages for the SpatialMath-SXtext_only
and SpatialMath-SX fine-tuned study companion
models are presented in Figures 17 and 18, respec-
tively. Concurrently, the prompts applied during
the inference for the SpatialMath-RX are shown
in Figure 19. The prompts utilized during the data
augmentation phase to generate SC and reasoning
chain r are illustrated in Figure 11 and Figure 12,
respectively.

Furthermore, we clarify that no generative AI
tools were utilized in the creation of this content,
aside from those used for spell-checking and gram-
mar correction. We emphasize that the scope of
MATHVERSE-PLUS is strictly dedicated to scientific
research purposes. The selection of GPT-4o for
data augmentation was a decision made based on
its popularity, and the authors do not express bias
toward any specific commercial large language
model.
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Metric Method LLaVA-NeXT-34B Phi-4

Accuracy (All) Improvements SpatialMath-SX 1.4 2.2
SpatialMath-SX + with Eval 0.8 0.8

Absolute Improvements SpatialMath-SX 61 57
SpatialMath-SX + with Eval 8 6

Absolute Degradations SpatialMath-SX 54 51
SpatialMath-SX + with Eval 4 2

Improvement Ratio SpatialMath-SX 1.13 1.12
SpatialMath-SX + with Eval 2.0 3.0

Utility Tag Yes/500 49 21

Table 10: The comparison of SpatialMath-SX with SpatialMath-SX using Evaluator across different base models
is presented here. "Accuracy (All) improvements" measures the enhancement over the default model, while
"Absolute improvements" and "Absolute degradations" are assessed at the sample level. The utility tag indicates
the ’yes’ predictions made by the evaluator for the test set.

Please directly answer the question and provide the correct option letter, e.g., A, B, C, D. 

Question: As shown in the figure, in triangle ABC, it is known that angle A = 80.0, angle B = 60.0, point D is on AB 
and point E is on AC, DE parallel BC, then the size of angle CED is () 

Choices: 
A: 40° 
B: 60° 
C: 120° 
D: 140°

Please directly answer the question and provide the final value, e.g., 1, 2.5, 300. 

Example 1: 
Question: As shown in the figure, Given that AB = 2 DE, angle E = 16.0, then the degree of angle ABC is () 
Choices: 
A: 40° 
B: 60° 
C: 120° 
D: 140° <image> 
Answer: B 

Example 2: 
Question: As shown in the figure, in triangle ABC, it is known that angle A = 80.0, angle B = 60.0, point D is on AB 
and point E is on AC, DE parallel BC, then the size of angle CED is () 
Choices: 
A: 40° 
B: 60° 
C: 120° 
D: 140° <image> 
Answer:

Please first conduct reasoning, and then answer the question and provide the correct option letter, e.g., A, B, C, D, 
at the end. 

Question: As shown in the figure, it is known that angle A = 80.0, angle B = 60.0, DE parallel BC, then the size of 
angle CED is () 

Choices: 
A: 40° 
B: 60° 
C: 120° 
D: 140° 

Figure 8: An example of prompt for Zero-shot inference across solver models for default performance benchmark
along with an example problem.

Please directly answer the question and provide the correct option letter, e.g., A, B, C, D. 

Question: As shown in the figure, in triangle ABC, it is known that angle A = 80.0, angle B = 60.0, point D is on AB 
and point E is on AC, DE parallel BC, then the size of angle CED is () 

Choices: 
A: 40° 
B: 60° 
C: 120° 
D: 140°

Please directly answer the question and provide the final value, e.g., 1, 2.5, 300. 

Example 1: 
Question: As shown in the figure, Given that AB = 2 DE, angle E = 16.0, then the degree of angle ABC is () 
Choices: 
A: 40° 
B: 60° 
C: 120° 
D: 140° <image> 
Answer: B 

Example 2: 
Question: As shown in the figure, in triangle ABC, it is known that angle A = 80.0, angle B = 60.0, point D is on AB 
and point E is on AC, DE parallel BC, then the size of angle CED is () 
Choices: 
A: 40° 
B: 60° 
C: 120° 
D: 140° <image> 
Answer:

Please first conduct reasoning, and then answer the question and provide the correct option letter, e.g., A, B, C, D, 
at the end. 

Question: As shown in the figure, it is known that angle A = 80.0, angle B = 60.0, DE parallel BC, then the size of 
angle CED is () 

Choices: 
A: 40° 
B: 60° 
C: 120° 
D: 140° 

Figure 9: An example of prompt for one-shot ICL inference across solver models for default performance benchmark
along with an example problem.
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Please directly answer the question and provide the correct option letter, e.g., A, B, C, D. 

Question: As shown in the figure, in triangle ABC, it is known that angle A = 80.0, angle B = 60.0, point D is on AB 
and point E is on AC, DE parallel BC, then the size of angle CED is () 

Choices: 
A: 40° 
B: 60° 
C: 120° 
D: 140°

Please directly answer the question and provide the final value, e.g., 1, 2.5, 300. 

Example 1: 
Question: As shown in the figure, Given that AB = 2 DE, angle E = 16.0, then the degree of angle ABC is () 
Choices: 
A: 40° 
B: 60° 
C: 120° 
D: 140° <image> 
Answer: B 

Example 2: 
Question: As shown in the figure, in triangle ABC, it is known that angle A = 80.0, angle B = 60.0, point D is on AB 
and point E is on AC, DE parallel BC, then the size of angle CED is () 
Choices: 
A: 40° 
B: 60° 
C: 120° 
D: 140° <image> 
Answer:

Please first conduct reasoning, and then answer the question and provide the correct option letter, e.g., A, B, C, D, 
at the end. 

Question: As shown in the figure, it is known that angle A = 80.0, angle B = 60.0, DE parallel BC, then the size of 
angle CED is () 

Choices: 
A: 40° 
B: 60° 
C: 120° 
D: 140° 

Figure 10: Prompt for one-shot CoT inference across solver models for default performance benchmark along with
an example problem.

As shown in the figure, it is known that angle A = 80.0, angle B = 60.0, DE parallel BC, then the size of angle CED 
is () 
Choices:
• A: 40°
• B: 60°
• C: 120°
• D: 140°

Please generate the additional context for above question which may help in better comprehension of the problem. 
Context may include elaboration and simplification of the problem such that it becomes easier to solve it. You must 
not provide either the steps involve in the solution or the final solution to the problem. 

Please first conduct reasoning, and then answer the question and provide the correct option letter, e.g., A, B, C, D, 
at the end.\nQuestion: As shown in the figure, it is known that angle A = 80.0, angle B = 60.0, DE parallel BC, then 
the size of angle CED is () 
Choices:
• A: 40°
• B: 60°
• C: 120°
• D: 140°

Task:   
You are provided with a **geometry question** and additional **context** that aims to help answer it, along with 
an associated **image**. Your task is to evaluate how well the given **context** aligns with the original question. 

Output:   
Provide a **Rating** between 0 and 10 based on the following criteria:   
- **10:** The context accurately reflects the original question, includes no incorrect information, and aligns 
perfectly with the question's intent.   
- **0:** The context is inaccurate, omits essential details, and significantly deviates from the question's intent.   
- Intermediate ratings (1-9) should reflect the degree of alignment, completeness, and accuracy of the context. 
- ** :**  
- **Model Generated Context::**  
- **Ground Truth Context:**  

Figure 11: Prompt to generate perceptual interpretation from relatively larger model (GPT-4o): Data augmentation.
The problem image was provided along with this prompt as inputs to the model.

As shown in the figure, it is known that angle A = 80.0, angle B = 60.0, DE parallel BC, then the size of angle CED 
is () 
Choices:
• A: 40°
• B: 60°
• C: 120°
• D: 140°

Please generate the additional context for above question which may help in better comprehension of the problem. 
Context may include elaboration and simplification of the problem such that it becomes easier to solve it. You must 
not provide either the steps involve in the solution or the final solution to the problem. 

Please first conduct reasoning, and then answer the question and provide the correct option letter, e.g., A, B, C, D, 
at the end.\nQuestion: As shown in the figure, it is known that angle A = 80.0, angle B = 60.0, DE parallel BC, then 
the size of angle CED is () 
Choices:
• A: 40°
• B: 60°
• C: 120°
• D: 140°

Task:   
You are provided with a **geometry question** and additional **context** that aims to help answer it, along with 
an associated **image**. Your task is to evaluate how well the given **context** aligns with the original question. 

Output:   
Provide a **Rating** between 0 and 10 based on the following criteria:   
- **10:** The context accurately reflects the original question, includes no incorrect information, and aligns 
perfectly with the question's intent.   
- **0:** The context is inaccurate, omits essential details, and significantly deviates from the question's intent.   
- Intermediate ratings (1-9) should reflect the degree of alignment, completeness, and accuracy of the context. 
- ** :**  
- **Model Generated Context::**  
- **Ground Truth Context:**  

Figure 12: Prompt to generate reasoning chains from relatively larger model (GPT-4): Data augmentation. The
problem image was provided along with this prompt as inputs to the model.
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A geometry problem often includes three components besides the answer choices: descriptive information, an 
implicit property, and an essential condition.  
Descriptive Information refers to the directly observable and clearly portrayed content in the diagram, such as the 
presence of geometric shapes or intersection points of functions. 
The second part, implicit property, involves a higher level of visual perception to discern from the diagram. It 
signifies strong visual conditions for problem-solving, such as the parallelism and perpendicularity between lines, 
the similarity and congruence among triangles, and the category and periodicity of functions.  
The third part, essential condition, denotes the specific numerical or algebraic measurements. 
Here is an incomplete textual question along with an image representing an associated diagram of a geometry 
problem where the implicit property and essential condition are given in the text. Can you complete and write this 
question accurately in text-only form, taking into account the descriptive information presented through the 
diagram? 
Incomplete Textual Question: As shown in the figure, it is known that angle A = 80.0, angle B = 60.0, DE parallel BC, 
then the size of angle CED is () 
Choices: 
A: 40° 
B: 60° 
C: 120° 
D: 140°  
Associated Diagram: <image> 

As shown in the figure, in triangle ABC, it is known that angle A = 80.0, angle B = 60.0, point D is on AB and point E 
is on AC, DE parallel BC, then the size of angle CED is () 
 
Choices: 
• A: 40°
• B: 60°
• C: 120°
• D: 140°

Figure 13: An instance of input (highlighted in magenta) and Output for fine-tuning objective of SpatialMath-RX.
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Please directly answer the question and provide the correct option letter, e.g., A, B, C, D. 

Question: As shown in the figure, in triangle ABC, it is known that angle A = 80.0, angle B = 60.0, point D is on AB 
and point E is on AC, DE parallel BC, then the size of angle CED is () 
Choices: 
A: 40° 
B: 60° 
C: 120° 
D: 140° <image>  
 
Based on the information provided, here are a few clues to solve the question: 
To better understand the problem, let's break down the given information and the relationships within the triangle:

1. Triangle ABC: This is the main triangle in the problem. We are given two angles:

◦ Angle A = 80°
◦ Angle B = 60°

2. Point D on AB and Point E on AC: These points divide the sides AB and AC, respectively.

3. DE is parallel to BC: This is a crucial piece of information. When a line segment (DE) is parallel to one side of a triangle 
(BC) and intersects the other two sides (AB and AC), it creates similar triangles. In this case, triangle ADE is similar to 
triangle ABC.

4. Angle Relationships:

◦ Since DE is parallel to BC, angle ADE is equal to angle ABC, and angle AED is equal to angle ACB due to the 
properties of parallel lines and corresponding angles.

5. Finding Angle CED:

◦ To find angle CED, we need to use the properties of similar triangles and the given angles. Since DE is parallel to BC, 
angle CED will have a specific relationship with the angles in triangle ABC.

By understanding these relationships and properties, you can determine the size of angle CED using the given angles and the 
fact that DE is parallel to BC. This context should help in comprehending the problem and setting up the necessary steps to find 
the solution.

Perceptual Interpretation of the Question:

As shown in the figure, in triangle ABC, it is known that:

• Angle A = 80.0°
• Angle B = 60.0°
• Point D is on AB and point E is on AC
• DE is parallel to BC

Then, the size of angle CED is:

Choices:

• A: 40°
• B: 60°
• C: 120°
• D: 140°

Figure 14: An instance of input (highlighted in magenta) and Output for fine-tuning objective of SpatialMath-SX.
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Carefully follow the instructions to solve the following geometry question.\n\nInstructions: 
1. Simplify the question: Break down the problem so it becomes easier to understand and solve. 
2. 2. Reconstruct the question: After simplification, rewrite the question in a clear, text-only format. 
3. 3. Apply stepwise reasoning: Solve the problem logically by taking each step methodically. 
4. 4. Report the final answer: Conclude the solution with the final, correct answer\n\nHere is the question:  
As shown in the figure, in triangle ABC, it is known that angle A = 80.0, angle B = 60.0, point D is on AB and point E 
is on AC, DE parallel BC, then the size of angle CED is () 
Choices: 
A: 40° 
B: 60° 
C: 120° 
D: 140° <image>

To better understand the problem, let's break down the given information and the relationships within the triangle:
1.Triangle ABC: This is the main triangle in the problem. We are given two angles:

◦Angle A = 80°
◦Angle B = 60°

2.Point D on AB and Point E on AC: These points divide the sides AB and AC, respectively.
3.DE is parallel to BC: This is a crucial piece of information. When a line segment (DE) is parallel to one side of a triangle 

(BC) and intersects the other two sides (AB and AC), it creates similar triangles. In this case, triangle ADE is similar to 
triangle ABC.

4.Angle Relationships:

◦Since DE is parallel to BC, angle ADE is equal to angle ABC, and angle AED is equal to angle ACB due to the properties 
of parallel lines and corresponding angles.

5.Finding Angle CED:

◦To find angle CED, we need to use the properties of similar triangles and the given angles. Since DE is parallel to BC, 
angle CED will have a specific relationship with the angles in triangle ABC.

By understanding these relationships and properties, you can determine the size of angle CED using the given angles and the 
fact that DE is parallel to BC. This context should help in comprehending the problem and setting up the necessary steps to find 
the solution.
Hence the simplified question becomes as follows: 
As shown in the figure, in triangle ABC, it is known that angle A = 80.0°, angle B = 60.0°, point D is on AB, and point E is on 
AC. Since DE is parallel to BC, the size of angle CED is: ().
Let's solve the question step-by-step:

Since DE is parallel to BC, triangle ADE is similar to triangle ABC by the Basic Proportionality Theorem (also known as 
Thales' theorem). This means that the corresponding angles of these triangles are equal.
Given:

• Angle A = 80°
• Angle B = 60°

In triangle ABC:

• Angle C = 180° - Angle A - Angle B = 180° - 80° - 60° = 40°
Since DE is parallel to BC:

• Angle ADE = Angle ABC = 60°
• Angle AED = Angle ACB = 40°

In triangle ADE:

• Angle DAE = Angle A = 80°
• Angle ADE = 60°
• Angle AED = 40°

Now, angle CED is an exterior angle for triangle ADE at vertex E. The exterior angle is equal to the sum of the two non-
adjacent interior angles.
Thus:

• Angle CED = Angle ADE + Angle DAE = 60° + 80° = 140°
The correct option is:

• D: 140°
Therefore, the correct answer is D.

Figure 15: An instance of input (highlighted in magenta) and Output for fine-tuning objective of (SFT+Data
Augmentation) baseline.
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Here is an additional context which may help in solving the subsequent question.
Context: To better understand and solve the problem, let's break down the given information and visualize the geometric 
relationships:
1.Triangles: There are two triangles involved in this problem:

◦Triangle ABC with vertices A, B, and C.
◦Triangle DEF with vertices D, E, and F.

2.Angles:

◦Angle A is given as 80 degrees.
◦Angle B is given as 60 degrees.

3.Parallel Lines:

◦Line DE is parallel to line BC.
4.Similar Triangles:

◦Since DE is parallel to BC, it can be inferred that triangle ABC is similar to triangle DEF. This means that the 
corresponding angles and sides are proportional.

5.Proportional Sides:

◦In similar triangles, the ratio of corresponding sides is constant. If we denote the sides of triangle ABC as a, b, and c (with 
a being opposite angle A, b opposite angle B, and c opposite angle C), and the sides of triangle DEF as d, e, and f (with d 
opposite angle D, e opposite angle E, and f opposite angle F), then the following proportions hold true:
◦ \\(\\frac{a}{d} = \\frac{b}{e} = \\frac{c}{f}\\)

6.Angle CED:

◦We need to find the measure of angle CED. Since triangle ABC is similar to triangle DEF, the angles in these triangles are 
also proportional. Therefore, we can use the given angles A and B to determine the corresponding angles in triangle DEF.

By understanding these relationships and visualizing the geometric setup, you can use the properties of similar triangles and 
the given angle measures to determine the size of angle CED.
Hence, the simplified question becomes as follows: 
In the figure, it is known that angle A = 80.0, angle B = 60.0, DE parallel BC, then the size of angle CED is:
Choices:

• A: 40°
• B: 60°
• C: 120°
• D: 140°

Please first conduct reasoning, and then answer the question and provide the correct option letter, e.g., A, B, C, D, at the end.

Since DE is parallel to BC, triangle ADE is similar to triangle ABC by the Basic Proportionality Theorem (also known as 
Thales' Theorem). This means that the corresponding angles of these triangles are equal.
Given:

• Angle A = 80°
• Angle B = 60°

In triangle ABC:

• Angle C = 180° - Angle A - Angle B 
= 180° - 80° - 60° 
= 40°

Since DE is parallel to BC, Angle ADE is equal to Angle ABC, and Angle AED is equal to Angle ACB.
Therefore:

• Angle ADE = Angle ABC = 60°
• Angle AED = Angle ACB = 40°

In triangle ADE:

• Angle DAE = Angle A = 80°
• Angle ADE = 60°
• Angle AED = 40°

Now, Angle CED is an exterior angle for triangle ADE at vertex E. The exterior angle is equal to the sum of the two non-
adjacent interior angles.
Thus:

• Angle CED = Angle ADE + Angle DAE 
= 60° + 80° 
= 140°

The correct option is:

D: 140°
Therefore, the correct answer is D.

Figure 16: An instance of input (highlighted in magenta) and Output for fine-tuning objective of SpatialMath.
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A geometry problem often includes three components besides the answer choices: descriptive information, an 
implicit property, and an essential condition.  

Descriptive Information refers to the directly observable and clearly portrayed content in the diagram, such as the 
presence of geometric shapes or intersection points of functions.  

The second part, implicit property, involves a higher level of visual perception to discern from the diagram. It 
signifies strong visual conditions for problem-solving, such as the parallelism and perpendicularity between lines, 
the similarity and congruence among triangles, and the category and periodicity of functions.  

The third part, essential condition, denotes the specific numerical or algebraic measurements. 

Here is an incomplete textual question along with an image representing an associated diagram of a geometry 
problem where the implicit property is given in the text. Can you complete and write this question accurately in text-
only form, taking into account the descriptive information and essential condition presented through the diagram?
\nIncomplete Textual Question: As shown in the figure, DE parallel BC, then the size of angle CED is () 

Choices:

• A: 40°
• B: 60°
• C: 120°
• D: 140° 

Associated Diagram: <image>

Complete Textual Question

Figure 17: Inference prompt for SpatialMath-SXtext_only based fine-tuned SC model along with an example
problem.

As shown in the figure, it is known that angle A = 80.0, angle B = 60.0, then the size of angle CED is () 
Choices:

• A: 40°
• B: 60°
• C: 120°
• D: 140°

<image> 

Please generate the additional context for above question which may help in better comprehension of the 
problem. Context may include elaboration and simplification of the problem such that it becomes easier to solve it. 
Finally, reconstruct the question in simplified text-only form. 

Figure 18: Inference prompt for SpatialMath-SX based fine-tuned SC model along with an example problem.
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To better understand and solve the problem, let's break down the given information and relationships between the angles and 
sides in the given diagram:
1.Triangle ABC: 

This is a triangle with vertices A, B, and C. The angle at vertex C is given as 80°.
2.Line DE parallel to BC: 

This means that line DE is parallel to line BC. When two lines are parallel, they have the same slope or gradient, which 
implies that the triangles formed by these lines will have similar properties.
3.Angle BED: 

This angle is given as 60°. Since DE is parallel to BC, we can use the properties of parallel lines to determine other angles 
in the diagram.
4.Triangles ADE and BEC: 

These are the smaller triangles formed by the intersection of line DE with triangle ABC. The angle at vertex E is shared by 
both triangles, so it is common to both ADE and BEC.
5.Angles in Triangle ADE: 

Since DE is parallel to BC, the angles at D and E in triangle ADE are equal (as they are corresponding angles). Let's call 
this common angle x.
6.Angles in Triangle BEC: 

Similarly, since DE is parallel to BC, the angles at B and E in triangle BEC are equal. Let's call this common angle y.
7.Total Angle Sum in Triangle ABC: 

The sum of the angles in any triangle must be 180°. Therefore, we can set up an equation using the given angles and the 
unknowns x and y.

By understanding these relationships and properties, you can use the given angles and the angle sum property of triangles to 
find the size of angle CED.

Simplified Question:
In the figure, DE is parallel to BC, then the size of angle CED is:

Choices:
• A: 40°
• B: 60°
• C: 120°
• D: 140°

Please first conduct reasoning and then answer the question and provide the correct option letter (e.g., A, B, C, D) at the end.

Figure 19: Inference prompt for default and SpatialMath-RX based fine-tuned reasoning solver model considering
PI from downstream SC model along with an example problem.
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Hyperparameter Value

Batch Size 16
Gradient Accumulation 16
Learning Rate 4.0e-5
Weight Decay 0.01
Optimizer AdamW
Scheduler Linear
Warmup Steps / Ratio 50 steps
Max Sequence Length 32768
Mixed Precision bf16

Inference: Model Parameters

temperature 1.0
top_p 1.0
top_k 50

Table 11: Phi4 Hyperparameters.

Hyperparameter Value

Batch Size 1
Gradient Accumulation 1
Learning Rate 1e-5
Weight Decay 0.0
Optimizer AdamW
Scheduler Cosine
Warmup Ratio 0.03
Max Sequence Length 32768
Mixed Precision bf16

Inference:Model Parameters

temperature 0.7
top_p 0.8
top_k 20
repetition_penalty 1.05

Table 12: LlaVa Next 34B Hyperparameters.
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