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Abstract

Reinforcement learning optimization policies
have traditionally relied on a single reward
mechanism, most commonly a model-based re-
ward. Such monolithic rewards often lack con-
fidence calibration across domain-specific tasks
and fail to capture diverse aspects of model re-
sponses. This approach requires extensive data
annotation and reward model training, which is
particularly challenging for multimodal models.
In this work, we propose and provide a thor-
ough study of hybrid reward and multi-aspect
reward modeling. For accuracy and confi-
dence calibration, we introduce a hybrid re-
ward modeling framework that integrates com-
plementary reward paradigms: model-based
rewards, in which a learned reward model pre-
dicts scalar or vector scores, and rule-based
rewards, in which domain-specific heuristics
provide explicit correctness signals with con-
fidence. Beyond accuracy, we further incor-
porate multi-aspect rewards to enforce in-
struction adherence and introduce a generalized
length-penalty reward to stabilize training and
improve performance. Our experiments demon-
strate that this approach significantly enhances
reasoning capabilities: our best-performing 3B
model achieves an average improvement of
9.5% across multimodal benchmarks, with a
notable 16% gain in mathematical reasoning
tasks.

1 Introduction

The advent of multimodal models has enabled Al
to reason over and generate content that integrates
text, images, and other modalities (OpenAl et al.,
2024; Liu et al., 2023). A common approach for
aligning these models with human preferences is
Reinforcement Learning from Human Feedback
(RLHF) (Christiano et al., 2017; Ouyang et al.,
2022), typically implemented with Proximal Policy

*Equal contribution.

Optimization (PPO) (Schulman et al., 2017), which
fine-tunes the model using a learned reward model
(RM).

Standard RLHF relies on a single, monolithic
RM, which can struggle in multimodal settings.
Vision-language tasks introduce ambiguity, mak-
ing evaluation of text-image consistency difficult,
and monolithic RMs are prone to reward hacking
(Amodei et al., 2016). Moreover, high-quality mul-
timodal preference datasets and effective reward
models (RMs) are scarce in the vision domain, fur-
ther limiting scalability. Rule-based or verifiable
rewards help for deterministic tasks (DeepSeek-Al
et al., 2025), but fail to provide nuanced feedback
for open-ended, subjective tasks.

To address these challenges, we propose a hy-
brid, multi-aspect reward framework. Our ap-
proach combines a rule-based, verifiable reward
to ensure objective correctness with a model-based
reward to guide subjective quality. We further in-
corporate behavioral rewards, including a length
penalty, to enforce fine-grained constraints and sta-
bilize training. Finally, we introduce an embedding-
based surrogate model as a lightweight proxy for
a full RM, reducing the dependency on costly an-
notation and training. Our primary contributions
are:

* We demonstrate that a hybrid and multi-aspect
reward portfolio, which combines rule-based,
model-based, and behavioral signals, out-
performs single-source approaches for mul-
timodal reasoning (Sections 3.2.1 and 3.2.2).

* We provide a reward modeling optimization
that integrates seamlessly with RL policy op-
timization, ensuring generalizability and scal-
ability (Section 3.2.3).

* We demonstrate significant performance im-
provements over SOTA and RM-based base-
lines across mathematical, general VQA, and
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Effect of length penalty on reward during RL training
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(a) Accuracy reward.

Figure 1: Training dynamics: (a) accuracy improves, while

simpler responses.

OCR tasks (Section 3.2.4).

2 Hybrid and Multi-Aspect Reward
Modeling Optimization (HARMO)

2.1 Background: Critic-Free Policy
Optimization

While RLHF via PPO (Schulman et al., 2017) is the
standard for alignment, it is resource-intensive. Re-
cent methods like RLOO (Ahmadian et al., 2024)
and GRPO (DeepSeek-Al et al., 2025) reduce com-
plexity by eliminating the critic and reward model,
instead computing advantages via group-relative
comparisons. However, advantage normalization
methods can introduce bias (Liu et al., 2025). Our
framework, HARMO, builds on this by employ-
ing a simplified, critic-free objective with a robust,
multi-faceted reward signal.

2.2 The HARMO Framework

Hybrid Reward for Calibrated Accuracy. To
balance verifiable correctness with open-ended
quality, we define a hybrid reward R;yib "4 We use
rule-based verifiers (R™°) for deterministic tasks
(e.g., math) and pretrained reward models (RRM)
for generative tasks:

Rhvbrid _ {R;‘f&e, if response is verifiable,

9,1 . .
RE};’I, if response is open-ended.
(D
Multi-Aspect Behavioral Rewards. Optimizing

for accuracy alone often leads to reward hacking
via brevity (see Figure 1). To counteract this and
enforce structure, we introduce two auxiliary terms:

* Length-Penalty Reward (R"). We penalize
incorrect responses that are shorter than the

Effect of length penalty on response length during RL training
RL model training
Without length penalty —— With length penalty
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(b) Response length.

(b) the length penalty prevents the collapse into shorter,

briefest correct response in the group. Let
Ag'™" be the minimum length of any correct
response in group g. The penalty is:

R}, = —clip (Agﬁn — Agi, 0, Pmax). )

« Format-Adherence Reward (R™!). To en-
sure structural consistency (e.g., <think>
tags), we apply positive signals for compli-
ance and penalties for formatting violations.

2.3 Policy Optimization

The total reward is a normalized sum of the com-
ponents: RIARMO — RE,YZb oy Ry, + R (re-
fer Appendix A.4 for normalization details). For
optimization, we adopt a GRPO-based approach.
However, standard GRPO normalizes using group
standard deviation, which can bias training against
difficult prompts with high variance (Liu et al.,
2025). To mitigate this, we calculate advantage
using only the group mean, ensuring a centered but
uniformly scaled signal:

G
R 1
HARMO HARMO HARMO
Agji = Ry G 9, NC)
j=1
3 Experiments

3.1 Experimental Setup

Training Data We curate our training corpus
from the VLAA-Thinking dataset (Chen et al.,
2025), comprising 21,192 samples with distilled
reasoning traces. The dataset balances mathemati-
cal reasoning (15k samples, ~72%) with general
visual question answering (6k samples, ~28%),
covering diverse formats from closed-ended equa-
tions to open-ended descriptions.

26520



Task Type Dataset Source Answer Type # Samples
Math CLEVR-Math Numeric 2,000
Reasonin GeoQA170K Multiple-Choice 6,499

soning MathPUMA Equation 6,696
Visual DocVQA Open-Ended 1,000
Question VizWiz Open-Ended 1,000
Answering ArxivQA Multiple-Choice 997
(VQA) ALLaVA-LAION  Open-Ended 3,000
Total 21,192

Table 1: Detailed composition of the VLAA-Thinking
training dataset, including task category, source dataset,
answer format, and number of samples.

The Table 1 shows the detailed breakdown of
the training dataset used in our experiments, along
with descriptions of the fields for each sample .
It also lists the number of samples per task type,
dataset source, and answer format. We also include
a description of the fields in each data entry to
clarify how responses are categorized as verifiable
or open-ended. Each sample in our dataset contains
the following fields:

* message: a list of system and user messages,
which may include both image and text infor-
mation.

* reasoning: step-by-step ground truth reason-
ing leading to the answer.

» answer: the ground truth final answer.

e answer_format: the format of the
answer (e.g., open_ended, numeric,
math_equation).

Based on the answer_format field, we differ-
entiate whether a response is verifiable or open-
ended during scoring. Verifiable responses (nu-
meric, multiple-choice, math equation) are com-
pared against ground truth answers, while open-
ended responses are evaluated qualitatively or via
semantic similarity. Example data entries are also
provided below to further clarify this procedure.

Sample examples from the dataset are provided
in Appendix B.

Models We utilized Qwen2.5-VL-3B-
Instruct (Bai et al.,, 2025) as our primary
policy model for ablation studies and scaled to
the 7B variant to evaluate the generalizability
of the HARMO framework. We benchmarked
performance against open-source baselines
such as VLAA-Thinker (Chen et al., 2025) and
leading proprietary models. For the reward model

(R™M), we employed a pre-trained 7B-parameter
RM (Wang et al., 2025). To mitigate the high
annotation cost of training a VLM-specific RM, we
adopted a lightweight 22M-parameter embedding
model! for comparative experiments.

Implementation Details Our reinforcement
learning pipeline builds upon (Peng et al., 2025)?,
integrating the hybrid reward methodology defined
in Section 2.2. See Appendix A.3 for more details.

3.2 Results and Analysis

We analyze the contribution of individual HARMO
components via ablation studies before demonstrat-
ing scalability and comparing against state-of-the-
art baselines. Qualitative examples of reasoning
improvements are available in Appendix D.

3.2.1 Efficacy of Hybrid Accuracy Rewards

Table 2 evaluates accuracy-focused reward strate-
gies. While a standalone learned Reward Model
(RM) improves math scores by 7.89% over the base-
line, it tends to over-prioritize verbose explanations,
indicating poor calibration on verifiable tasks. Our
proposed RM + Rule-based Hybrid is the most
effective strategy, integrating the 7B RM for open-
ended nuance with deterministic checks for correct-
ness. This approach yields a 14.82% improvement
in math reasoning and a 9.48% gain overall. We at-
tribute this success to the hybrid signal: it leverages
the RM’s semantic understanding without sacrific-
ing the precision of rule-based verification.

3.2.2 TImpact of Multi-Aspect Behavioral
Rewards

Table 3 isolates the additive gains from behav-
ioral constraints. The hybrid accuracy reward
(®©H) alone improves math performance by 13.0%.
Adding format adherence (6H+F) increases this to
14.8%. The full HARMO framework, incorporat-
ing a dynamic length penalty (®H+F+)), achieves
a peak 16.0% improvement. The length penalty
boosts performance on MathVerse (+9.75), and
MathVista (+6.70), confirming that penalizing ver-
bosity promotes precise reasoning.

3.2.3 Generalizability and Scalability

We validate HARMO as a scalable, plug-and-play

framework in Table 4. When integrated with fine-

grained, token-level reward models, HARMO con-
1https: //huggingface.co/sentence-transformers/

all-MinilLM-L6-v2
Zhttps://github.com/TideDra/Imm-r1
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Reward Model \ MathVersemini  MATH-Visioness ~ MathVistayyi  MMMUy,y ~ MMMU-Progandard
Owen2.5-VL-3B-Instruct (Baseline)

N/A | 34.77 21.68 61.30 31.10 47.78

Reward Model Enhanced
Skywork7B RM 41.04 22.30 63.70 31.91 47.78
A vs. Baseline (+6.27) (+0.62) (+2.40) (+0.81) (0.00)
Embedding + Rule-based Hybrid Enhanced

Hybrid (Rule + Embedding) 40.28 23.85 67.40 31.79 46.33

A vs. Baseline (+5.51) (+2.17) (+6.10) (+0.69) (-1.45)
RM + Rule-based Hybrid Enhanced

Hybrid (Rule + Skywork7B RM) 41.88 25.92 67.40 32.08 48.00

A vs. Baseline (+7.11) (+4.24) (+6.10) (+0.98) (+0.22)

Table 2: Performance under accuracy-focused reward modeling. The hybrid model (pretrained RM + rule-based

verification) consistently outperforms baselines.

Reward Model Components \ Math Verseyini MATH-Visions Math Vistayini MMMUy, MMMU-Progtandard
Qwen2.5-VL-3B-Instruct Baseline (SFT Only)
N/A | 34.77 21.68 61.30 47.78 31.10
Incremental Reward Augmentation

@ Hybrid (H) 40.38 25.49 67.20 48.56 30.98
A vs. Baseline (+5.61) (+3.81) (+5.90) (+0.78) (-0.12)
@ Hybrid + Format (H+F) 41.88 25.92 67.40 48.00 32.08
A vs. Baseline (+7.11) (+4.24) (+6.10) (+0.22) (+0.98)
& Hybrid + Format + Length 44.52 24.08 68.00 47.11 31.56
(H+F+\) [HARMO]

A vs. Baseline (+9.75) (+2.40) (+6.70) (-0.67) (+0.46)

Table 3: Ablation of reward components on Qwen2.5-VL-3B-Instruct.

Model Configuration | MathVerseyini  MATH-Visionyss ~ MathVistaging ~ MMMU,; ~ MMMU-Progandard
Plug-and-Play with Fine-Grained Rewards (3B Model)

Token-Level Rewards (Baseline) 38.43 23.32 63.50 41.12 31.79
Token-Level Rewards + HARMO 41.22 24.84 66.40 42.32 31.45

A vs. Baseline (+2.79) (+1.52) (+2.90) (+1.20) (-0.34)

Scalability to 7B Model Family

Qwen2.5-VL-7B-Instruct (Baseline) 46.40 25.20 69.70 46.11 36.71
Qwen2.5-VL-7B-Instruct + HARMO 50.89 27.66 72.00 47.79 36.82

A vs. Baseline (+4.49) (+2.46) (+2.30) (+1.68) (+0.11)

Table 4: Generalizability and scalability of HARMO across diverse reward schemes and model sizes.

tributes an additional 5.76% improvement. More-
over, scaling to Qwen2.5-VL-7B-Instruct yields a
6.55% gain, confirming the framework’s robustness
across architectures and reward schemes.

3.2.4 Main Results: Comparison with SOTA

Models

As shown in Table 5, HARMO-aligned models sig-
nificantly outperform baselines and top-tier propri-
etary systems. Notably, HARMO-VL-3B delivers
significant reasoning gains, achieving a 9.48% av-
erage improvement across all benchmarks and a re-
markable 28.1% boost on MathVerse. These mod-
els remain competitive with proprietary systems
despite their smaller parameter counts; specifically,
scores of HARMO-VL-3B (68.0) and HARMO-
VL-7B (72.0) surpass Claude-3.5 Sonnet (67.7) on
MathVista. Furthermore, this enhanced reasoning

does not come at the cost of core capabilities, as
visual robustness on OCR tasks (Table 6) remains
comparable to strong baselines.

4 Conclusion

We introduce HARMO, a hybrid and multi-aspect
reward optimization framework that advances re-
inforcement learning beyond monolithic signals.
This work highlights the critical role of multi-
faceted reward modeling in stabilizing RL train-
ing and improving reward accuracy. Our evalua-
tion demonstrates that HARMO significantly en-
hances reasoning, and mathematical performance
over strong baselines. HARMO provides a strong
foundation for future research, such as dynamic
reward weighting or self-improving systems where
agents learn to refine their own reward functions,
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Models MathVersenini  MATH-Vision,ss ~ MathVistaginig MMMUy,sy  MMMU-Progangara  Average
Proprietary Vision-Language Models

GPT-40 47.8 30.6 63.8 69.1 51.9 52.64

Claude-3.5 Sonnet 41.2 335 67.7 68.3 51.5 52.44

Gemini-1.5 Pro 54.8 19.2 63.9 65.8 46.9 50.12
Open-Source Vision-Language Models (3B Scale)

Qwen2.5-VL-3B-Instruct 34.77 21.68 61.30 47.78 31.10 39.73

VLAA-Thinker-Qwen2.5VL-3B 38.78 24.13 64.20 47.56 28.90 40.71

HARMO-VL-3B (Ours) 44.52 24.08 68.00 47.11 31.56 43.05

A vs. Qwen2.5-VL-3B-Instruct (+9.8) (+2.4) (+6.7) (-0.7) (+0.5) (+3.74)
Open-Source Vision-Language Models (7B Scale)

Qwen2.5-VL-7B-Instruct 46.40 25.20 69.70 52.56 36.71 46.11

VLAA-Thinker-Qwen2.5VL-7B 50.56 26.48 70.60 45.11 34.05 45.36

HARMO-VL-7B (Ours) 50.89 27.66 72.00 51.56 36.82 47.79

A vs. Qwen2.5-VL-7B-Instruct (+4.5) (+2.5) (+2.3) (-1.0) (+0.1) (+1.68)

Table 5: Results on general reasoning benchmarks. HARMO significantly improves upon strong open-source
models and demonstrates competitive performance against leading proprietary models.

Models ai2dest  chartqaess  docvqayal
3B Model Family

Qwen2.5-VL-3B-Instruct 78.43 83.28 92.56

HARMO-VL-3B (Ours) 78.79 84.12 91.88

A vs. Qwen2.5-VL-3B-Instruct (+0.36) (+0.84) (-0.68)
7B Model Family

Qwen2.5-VL-7B-Instruct 82.67 82.96 94.72

HARMO-VL-7B (Ours) 82.87 82.64 94.46

A vs. Qwen2.5-VL-3B-Instruct (+0.20) (-0.32) (-0.26)

Table 6: Performance on OCR benchmarks. HARMO
matches the baseline, preserving core VQA capabilities
despite reasoning improvements.

paving the way for more robust and adaptable Al

Limitations

We acknowledge several limitations in this work.
First, our experiments were restricted to 3B and 7B
parameter models, leaving the framework’s scala-
bility to larger foundation models unverified. Sec-
ond, the hybrid reward approach depends on distin-
guishing verifiable from open-ended tasks, which
may prove challenging for subjective domains lack-
ing clear binary correctness rules. Third, to avoid
high annotation costs, we relied on pre-trained re-
ward models and embedding surrogates, inherently
bounding performance on open-ended tasks to the
quality of these proxies. Finally, our normalization
hyperparameters were empirically derived from
the MMIF-23k dataset, potentially necessitating
recalibration when applying HARMO to data with
significantly different reward distributions.
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A.1 Policy Optimization with the HARMO
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We integrate the comprehensive reward signal,
Rg?RMO, defined as

RHARMO _ phbrid 4 pa . + RIM (4

: 98 95 95

into a policy optimization framework based on
GRPO, chosen for its stability and proven effec-
tiveness in enhancing reasoning capabilities (Chen
et al., 2025). We adopt the GRPO algorithm due
to its stability and demonstrated success in enhanc-
ing reasoning capabilities in closely related work
(Chen et al., 2025). While standard GRPO nor-
malizes rewards using both the mean and standard
deviation of a generation group, the standard devia-
tion term can introduce a difficulty-dependent bias
by disproportionately weighting prompts based on
reward variance (Liu et al., 2025). To foster more
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stable and unbiased learning, we modify the advan-
tage calculation to use only the group mean as a
baseline, creating a centered but uniformly scaled
signal:

G
. 1
HARMO HARMO HARMO
Ag,i =Ry e Z Ry S
j=1

The policy 7y is then updated to maximize the
following objective function, which incorporates
the PPO-style clipping mechanism and a KL
penalty(KL) to ensure training stability:

G
1 . 4
l:HARMO(Q) =Eq {0, 3~ mou |:G’ Z min (m(@, a;) Algﬁ_RMo’
i=1
clip(rt(G, ai),l1—e 1+ e) AgﬁRMO)

— BKL(mg ||7Tref)]

6)
where (6, a;) is the probability ratio %.
The complete training procedure is outlined in

Algorithm 1.

Algorithm 1 The HARMO Training Procedure

1: Input: Initial policy mg,,, HARMO reward function
RHARMO 'srompts D, hyperparameters ¢, (3, reward nor-
malization parameters Prin, Pmax-

: Initialize: Actor policy mg < o,

: for each iterationi =1,...,1 do

Set reference policy: Tt — To.
for eachsteps =1,...,M do
Sample a batch of questions Dy, C D.
Set old policy: g, < 7.
for each question g € Dy, do
Sample G responses {0;}521 ~ ma,, (- | q).
Compute HARMO rewards { REA™MO}52, for
each response using Equation 4.

ORI NEDD

._
4

11: Compute group-relative advantages
{ANARMOYS | using Equation 5.

12: end for

13: Update the actor policy mg by optimizing the ob-
jective in Equation 6.

14: end for

15: end for

16: Output: Optimized policy model 7g.

A.2 RL training Framework

Our reinforcement learning implementation builds
upon the LMM-R1 framework (Peng et al., 2025).
On top of this foundation, we incorporate the
methodology described in Section 2, extending
the framework with additional functionalities. In
particular, we implement hybrid and multi-aspect
reward modeling, introduce support for MLLM
training, and enable token-level reward assignment
for MLLM reinforcement learning.

3https://github.com/TideDra/lmm-r1

A.3 Training Hyper-Parameters

The hyperparameters used for HARMO are summa-
rized in Table 7. The same set of hyperparameters
is applied to all variants of the model proposed in
this paper to ensure a consistent training setup.

Table 7: HARMO Training Hyperparameters

Hyperparameter Value
Training batch size 256
Rollout batch size 256
Samples per prompt 8
Temperature 1
Max output sequence length 4096
Max epochs 1
Number of episodes 2
Initial KL coefficient le™3
Discount factor () 1
GAE parameter (\) 1
Actor learning rate le©
Min normalization value (Ppin) —10

Max normalization value (Ppayx) 10

A4 HARMO Reward Normalization

The core HARMO reward mechanism consists of
two main components: (i) the hybrid accuracy re-
ward RMP1id which integrates the rule-based re-
ward R™° and the learned reward model score
RRMand (ii) behavioral regularization compo-
nents, including the length penalty R* and the for-
matting reward R™,

Since each reward component is computed in-
dependently and may exhibit different scales and
distributions, normalization is essential to reduce
variance and ensure stable training. In this section,
we detail the computation of normalization factors
and describe the normalization strategy applied to
each reward component. Specifically, we decom-
pose the HARMO reward function and explain how
the normalization of individual raw rewards con-
tributes to the final HARMO reward.

To harmonize heterogeneous reward sources,
namely, binary rewards and scalar rewards pro-
duced by the learned reward model, we rescale
all rewards to a common scale. Binary rewards
are aligned with the statistical distribution of the
learned reward model (RRM) scores to ensure con-
sistent contribution across components.

All reward values are normalized to the range
(Prin, Pmax)- The normalization bounds are de-
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{
"message”: [
{

"role”: "system”,

"content”: "You are a helpful assistant good at solving problems with step-by-step reasoning.
You should first think about the reasoning process and then provide the user with the answer.”

3
{
"role": "user”,
"content”: [
{
"type"”: "image",
"image": "path/to/image.png”
I8
{
"type": "text",

"text"”: "Subtract @ yellow cylinders. How many objects are left?
Output the step-by-step reasoning in <think> </think> and the final answer in <answer> </answer> tags.

The <answer> tag should include the final answer
The output answer format should be as follows:

<think>Your reasoning process</think> <answer>Final answer</answer>."

3
]
3
1,
"reasoning”: "<think>

Okay, let's see. The user is asking to subtract @ yellow cylinders and then determine how many objects are left.

First, I need to visualize the scene described. ...
</think>
<answer>

(truncated for brevity) ...

So the answer is five.

The scene contains five distinct objects: a green sphere, a brown metallic sphere, a purple cylinder, a cyan sphere, and a gray cube.
Since there are no yellow cylinders present to subtract, all objects remain. The total count stays at #*x5x*.

</answer>",

"answer"”: "5",

"answer_format"”: "number_format”
}

Figure 2: Example numeric (vision + text) entry from the dataset.

termined based on the empirical distribution of
the learned reward model scores used by RRM,
In our implementation, we set Py, = —10 and
Ppnax = 10. These values are obtained by evalu-
ating the reward model on the uniformly sampled
MMIF-23k dataset.*

Overall, the normalization strategy for each re-
ward component is summarized as follows:

« R™ed: returns a binary value indicating re-
sponse correctness, which is rescaled to —10
or 10.

o RRM: returns a scalar value produced by
the learned reward model, naturally bounded

within [—10, 10].

« R™ returns a binary value based on format
correctness, rescaled to —10 or 10.

* R*: represents a length-based penalty; penal-
ized responses receive a value of —10, while
non-penalized responses receive 0.

B Dataset Details

The example in Figure 2 illustrates a verifiable
numeric response with an image input.

4https ://huggingface.co/datasets/
ChrisDing1105/MMIF-23k

C Evaluation Benchmarks

We conduct a comprehensive evaluation across
a diverse set of benchmarks to rigorously assess
model capabilities. Mathematical reasoning is
evaluated using MathVerse (Zhang et al., 2024),
MATH-Vision (Wang et al., 2024), and Math-
Vista (Lu et al., 2024). Multi-disciplinary reason-
ing is measured with MMMU (Yue et al., 2024) and
MMMU-Pro (Yue et al., 2025). Finally, general
visual question answering performance is tested on
AI2D (Kembhavi et al., 2016), ChartQA (Masry
et al., 2022), and DocVQA (Mathew et al., 2021).
All evaluations were executed using the open-
source LLMs-Eval framework (Zhang et al., 2025)
under identical conditions (e.g., system prompts,
response token limits) to ensure methodological
consistency.

D Case Study

This section includes a case study illustrating
HARMO'’s ability to reason through a variety of
problem-solving questions. In these visualizations,
the reasoning steps are color-coded to indicate their
verification status:

* Text highlighted with
verified reasoning steps.

indicates correctly
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e Text highlighted with indicates advanced
or highly sophisticated reasoning steps.

* Text highlighted with -~ indicates incorrectly
verified or flawed reasoning steps.

The following figures demonstrate HARMO’s
step-by-step problem-solving capabilities and pro-
vide a visual comparison with baseline model.
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System Prompt :
You are a helpful assistant good at solving problems with step-by-step reasoning. You should first think about the reasoning
process and then provide the user with the answer.

User Prompt :

A cube with the edge 3 cm long is painted grey and cut into smaller cubes each with an edge of 1 cm long. How many smaller
cubes will have exactly 2 faces painted?

Output the step-by-step reasoning in <think> </think> and the final answer in <answer> </answer> tags.

The <answer> tag should include the final answer.

The output format should be:

<think>Your reasoning process</think> <answer>Final answer</answer>.

Input Image:

HARMO-3B answer:

<think>
To determine how many smaller cubes will have exactly 2 faces painted, we need to analyze the structure of the larger cube and
the smaller cubes it is divided into.

1. The larger cube has an edge length of 3 cm. When it is divided into smaller cubes each with an edge length of 1 cm, it will be
divided into 3 x 3 x 3 = 27 smaller cubes.

2. The smaller cubes that have exactly 2 faces painted are the cubes that are located on the edges of the larger cube, but not at
the corners. Each edge of the larger cube is 3 cm long, and when divided into smaller cubes, it will have 3 smaller cubes along each
edge. The cubes at the corners are painted on three faces, the cubes at the edges but not at the corners are painted on two faces,
and the cubes at the vertices are painted on four faces.

3. Each edge of the larger cube has 3 smaller cubes, but the two cubes at the ends of each edge are corner cubes and are painted
on four faces. Therefore, the number of smaller cubes with exactly two faces painted on one edge is 3 - 2 = 1. Since there are 12
edges in a cube, the total number of smaller cubes with exactly two faces painted is 12 x 1 = 1.

Thus, the number of smaller cubes that have exactly 2 faces painted is 12.
</think>
<answer>12</answer>

Qwen2.5-VL-3B-Instruct answer:

<think>

To solve this problem, we need to consider how the original cube is divided into smaller cubes and which smaller cubes will have
exactly two faces painted.

1. The original cube has an edge length of 3 cm. When it is cut into smaller cubes with an edge length of 1 cm, it will result in a
3x3x3 grid of smaller cubes.

2. In a 3x3x3 grid, the smaller cubes that have exactly two faces painted are those located on the edges of the larger cube but not
at the corners. This means we need to count the number of such cubes along each edge.

3. Each edge of the original cube is 3 cm long, so there are 3 smaller cubes along each edge (including the corner cubes).

4. Since there are 3 edges, and each edge contributes 3 smaller cubes with exactly two faces painted, we calculate the total
number as follows:

Total = 3 edges * 3 cubes per edge = 9 cubes
Therefore, there are 9 smaller cubes that will have exactly two faces painted.

</think>
<answer>
9
</answer>

Figure 3: Case Study 1 - Math Cube Problem

HARMO correctly identifies all 12 edge-centered cubes with exactly two painted faces. The baseline model, by
contrast, fails to systematically exclude corner cubes 02r é'g'és§ounts edge cases, often yielding an incorrect answer.



System Prompt :

You are a helpful assistant good at solving problems with step-by-step reasoning. You should first think about the reasoning
process and then provide the user with the answer.

User Prompt :

Which stone should Mr Flintstone place on the right side of the scales, so that both sides weigh the same?
Options: ['A''B''C' 'D' 'E']

Output the step-by-step reasoning in <think> </think> and the final answer in <answer> </answer> tags.
The <answer> tag should include the correct option choice.

The output format should be:

<think>Your reasoning process</think> <answer>Correct option choice</answer>.

Input Image:
<imagel>:

<image2>:

A) B) C) D) E)

Figure 4: Case Study 2 - Solving a General Math Problem (Part 1)
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HARMO-3B answer:

<think>
To determine which stone Mr. Flintstone should place on the right side of the scales to make both sides weigh the same, we need to
calculate the total weight on the left side of the scales first.
The left side of the scales has three stones:
® A stone weighing 26 kg
e Astone weighing 12 kg
e Astone weighing 8 kg

Let's add these weights together:
26 kg + 12 kg + 8 kg = 46 kg

The right side of the scales has two stones:
e Astone weighing 20 kg
e Astone weighing 17 kg
Let's add these weights together:
20 kg +17 kg =37 kg
To make both sides weigh the same, we need to find a stone that, when added to the right side, will make the total weight equal to
46 kg. Let's denote the weight of the stone to be placed on the right side as x. We need to solve the equation:
37 kg +x=46 kg

Subtract 37 kg from both sides:
x=46 kg-37 kg =9 kg

Therefore, Mr. Flintstone should place a stone weighing 9 kg on the right side of the scales.
</think>
<answer>C</answer>

Qwen2.5-VL-3B-Instruct answer:

<think>
To solve this problem, we need to determine which weight will balance the scale when placed on the right side. First, let's calculate
the total weight on the left side of the scale:

Left side weights: 26 kg + 12 kg + 8 kg = 46 kg

Now, we need to find out how much weight is needed on the right side to balance it. Since the total weight on the left side is 46
kg, the right side must also have 46 kg to balance.

Let's check each option to see which one adds up to 46 kg:

A) 5 kg: 46 kg (not enough)
B) 7 kg: 46 kg (not enough)
C) 9 kg: 46 kg (not enough)
D) 11 kg: 46 kg (not enough)
E) 13 kg: 46 kg (enough)

Therefore, the correct weight to place on the right side to balance the scale is 13 kg.

</think>
<answer>E)</answer>

Figure 4: Case Study 2 - Solving a General Math Problem (Part 2)

HARMO correctly reasoned step-by-step to arrive at the correct answer, whereas the baseline model followed
unreasonable steps and produced an incorrect solution.
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System Prompt :
You are a helpful assistant good at solving problems with step-by-step reasoning. You should first think about the reasoning
process and then provide the user with the answer.

User Prompt :

Consider the given image where there are three patterns shown. Analyze and determine the number
of hexagons in the fifth pattern.

Output the step-by-step reasoning in <think> </think> and the final answer in <answer> </answer> tags.
The <answer> tag should include the correct option choice.

The output format should be:

<think>Your reasoning process</think> <answer>Correct option choice</answer>.

Input Image:

° XY

HARMO-3B answer:

<think>

Let's analyze the pattern of hexagons in Sylvia's drawings:
1. The first pattern has 1 hexagon.

2. The second pattern has 7 hexagons.

3. The third pattern has 19 hexagons.

We need to find the number of hexagons in the fifth pattern. Let's denote the number of hexagons in the n-th pattern as H(n).

From the given patterns, we can see that:

H(1) =1
H(2)=7
H(3) =19

To find a pattern, let's calculate the difference between consecutive terms:
H(2)-H(1)=7-1=6
H(3)-H(2)=19-7=12

The differences are 6 and 12. We can see that the difference is increasing by 6 each time. So, the difference between the number
of hexagons in the n-th pattern and the n-1-th pattern is 6(n-1).

Therefore, we can express H(n) as:
H(n) = H(n-1) + 6(n-1)

Using this recurrence relation, we can find H(4) and H(5):
H(4) = H(3) + 6(3) =19 + 18 =37
H(5) = H(4) + 6(4) =37 + 24 =61

So, the number of hexagons in the fifth pattern is 61.
</think>
<answer>61</answer>

Qwen2.5-VL-3B-Instruct answer:

<think>
To determine the number of hexagons in the fifth pattern, we need to observe the pattern and identify the rule governing the
growth.

1. First Pattern: There is 1 hexagon.
2. Second Pattern: There are 7 hexagons (1 + 6).
3. Third Pattern: There are 19 hexagons (7 + 12).

We can see that each subsequent pattern adds more hexagons than the previous one. To find the number of hexagons in the
fourth and fifth patterns, we continue this pattern:

4. Fourth Pattern: The number of hexagons is (19 + 18 = 37).
5. Fifth Pattern: The number of hexagons is (37 + 20 = 57).

Therefore, the fifth pattern will have 57 hexagons.
</think>

<answer>57</answer>

Figure 5: Case Study 3 - Math Puzzle Problem. The baseline failed to identify the correct puzzle equation,
whereas HARMO succeeded in finding the correct puzzle equation, reasoning step-by-step, and arriving at the
correct solution.
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System Prompt :
You are a helpful assistant good at solving problems with step-by-step reasoning. You should first think about the reasoning
process and then provide the user with the answer.

User Prompt :

In the triangle, .A=,B. What is x?

Output the step-by-step reasoning in <think> </think> and the final answer in <answer> </answer> tags.
The <answer> tag should include the final answer.

The output format should be:\n<think>Your reasoning process</think> <answer>Final answer</answer>.

Input Image:

HARMO-3B answer:

<think>

Since 2« A = 2 B in the triangle ABC, then AC = BC. Given the lengths of the sides AC = 3x - 1 and BC = 2x + 2, we can set up the
equation:

3x-1=2x+2

Subtract 2x from both sides:
x-1=2

Add 1 to both sides:

x=3

Thus, the value of x is 3.
</think>
<answer>3</answer>

Qwen2.5-VL-3B-Instruct answer:

Since » A = . B, triangle ABC is isosceles with AB = AC. Therefore, we can set up the equation x + 4 = 2x + 2.
Solving for x:

X+4=2x+2

Subtract x from both sides:

4=x+2

Subtract 2 from both sides:

2=x

So, x=2.

</think>

<answer>2</answer>

Figure 6: Case Study 4 - Geometry Math Problem

HARMO correctly solves for x with clear recognition of equal sides AB = AC, while the baseline model fails to
identify the isosceles nature, leading to incorrect conclusions.
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System Prompt :
You are a helpful assistant good at solving problems with step-by-step reasoning. You should first think about the reasoning
process and then provide the user with the answer.

User Prompt :

Square ABCD and equilateral triangle AED are coplanar and share the line segment AD, as shown. What is the measure, in degrees,
of angle BAE?

Output the step-by-step reasoning in <think> </think> and the final answer in <answer> </answer> tags.

The <answer> tag should include the final answer.

The output format should be:\n<think>Your reasoning process</think> <answer>Final answer</answer>.

Input Image:

B ¢

Al ~p

HARMO-3B answer:
<think> Given the square ABCD and the equilateral triangle AED, we need to find the measure of angle BAE.
1. Since ABCD is a square, all angles in the square are 90 degrees and all sides are equal. Therefore, ~.DAB = 90°.
2. Since AED is an equilateral triangle, all its angles are 60 degrees and all its sides are equal. Therefore, ~.EAD = 60°.
3.  We can find ~BAE by subtracting ~DAB from ~EAD:
2«BAE = .EAD — ~DAB = 60° — 90° + 90° = 30°
Here, we subtract 90 degrees from 60 degrees because ~DAB is the sum of ~DAE and ~EAB, and ~EAB is 90 degrees.
Therefore, the measure of ~BAE is 30 degrees.

</think>
<answer>30</answer>

Qwen2.5-VL-3B-Instruct answer:
<think> Given that square ABCD and equilateral triangle AED share side AD, we can deduce the following:
1.Since ABCD is a square, all its internal angles are 90°.
2 Since AED is an equilateral triangle, all its internal angles are 60°.
To find the measure of angle BAE, we need to consider the geometry formed by these shapes.
® The angle BAD is part of the square, so it is 90°.
e The angle EAD is part of the equilateral triangle, so it is 60°.

Since B and D are adjacent vertices of the square, the line segment BD forms a straight line passing through both points.
Therefore, the angle BAE is the sum of the angles BAD and EAD.

Thus, angle BAE = 90° + 60° = 150°.
</think>
<answer>150°</answer>

Figure 7: Case Study 5 - Geometry Math Problem

HARMO correctly finds ZBAFE = 30°, while the baseline incorrectly sums angles to 150° with incorrect geometric
reasoning, misinterpreting the figure’s layout.
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