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Abstract

Multimodal reasoning stands as a pivotal
capability for large vision-language models
(LVLMs). The integration with Domain-
Specific Languages (DSL), offering precise vi-
sual representations, equips these models with
the opportunity to execute more accurate rea-
soning in complex and professional domains.
However, the vanilla Chain-of-Thought (CoT)
prompting method faces challenges in effec-
tively leveraging the unique strengths of vi-
sual and DSL representations, primarily due
to their differing reasoning mechanisms. Addi-
tionally, it often falls short in addressing crit-
ical steps in multi-step reasoning tasks. To
mitigate these challenges, we introduce the Bi-
Modal Behavioral Alignment (BBA) prompting
method, designed to maximize the potential of
DSL in augmenting complex multi-modal rea-
soning tasks. This method initiates by guiding
LVLMs to create separate reasoning chains for
visual and DSL representations. Subsequently,
it aligns these chains by addressing any incon-
sistencies, thus achieving a cohesive integration
of behaviors from different modalities. Our ex-
periments demonstrate that BBA substantially
improves the performance of GPT-4V(ision)
on geometry problem solving (28.34% —
34.22%), chess positional advantage prediction
(42.08% — 46.99%) and molecular property
prediction (77.47% — 83.52%).

1 Introduction

The use of domain-specific language (DSL) (Bow-
man and Hammerlindl, 2008; Edwards, 1994,
Weininger, 1988) aims to incorporate multimodal
information by providing a precise and unequivocal
alternative form using text.! Its application has sig-
nificantly improved the multimodal reasoning ca-

* This work was done during an internship at Tencent Al
Lab.

'Figure 2 illustrates an example of a DSL tailored for the

geometry domain. Further instances of DSLs can be found in
Appendix D.

pability, yielding notable improvements in intricate
contexts, especially within specialized domains
such as symbolic reinforcement learning (McGrath
et al., 2022; Zahavy et al., 2023; Ruoss et al., 2024)
and diverse scientific fields (Winter et al., 2022).

Multimodal reasoning is a fundamental
capability for large vision-language models
(LVLMs) (OpenAl, 2023; Yang et al., 2023b),
crucial for many of their applications. Despite
the considerable progress made by LVLMs in
multimodal tasks (Lu et al., 2023; Hu et al., 2023),
effectively utilizing them for complex multimodal
reasoning, particularly in conjunction with DSLs,
remains underexplored. The most direct approach
is to feed the LVLMs with both visual data (e.g.,
images) and its corresponding DSL representation
along with the textual queries. They are then
guided through the Chain-of-Thought (CoT) (Wei
et al.,, 2023) prompting to process step-by-step
reasoning. However, a significant issue with this
approach is that the reasoning processes derived
from different modalities are often inconsistent,
or even conflicting. This inconsistency limits
the ability of LVLMs to effectively integrate the
strengths of visual and DSL representations (§2.1).
Moreover, these models encounter difficulties
in executing multi-step reasoning (Wu et al.,
2023a; Liu and Chen, 2023), which hampers their
effectiveness in addressing critical steps within
complex problems (§2.2).

To address these challenges, we propose a Bi-
Modal Behavioral Alignment (BBA) prompting
method that adeptly integrates DSL into com-
plex multimodal reasoning tasks. BBA begins by
prompting LVLMs to generate distinct reasoning
chains from both visual and DSL representations,
and then aligns these chains by resolving inconsis-
tencies, thereby harmonizing the behaviors elicited
from various modalities. BBA offers two primary
advantages. Firstly, it adopts a “late fusion” strat-
egy (Ghanem et al., 2018; Owens and Efros, 2018),
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Figure 1: Comparative analyses of different methods in problem-solving and critical step detailing. Left: Problem-
solving rates across diverse problem types, where CoT; and CoT,, refer to Chain-of-Thought prompting with DSL
and image inputs, respectively, and CoT,, represents the approach combining both inputs. Right: Average number

of tokens per critical step across different methods.

effectively maintaining the inherent strengths of
both the direct vision input and the DSL representa-
tion. Secondly, BBA turns the inconsistency across
modalities into a beneficial signal that aids in iden-
tifying critical steps within reasoning processes.
By revealing where the reasoning chains differ, it
efficiently allocates more intermediate tokens to
these critical steps by resolving the inconsistencies
found.

We evaluate BBA on three multimodal reason-
ing tasks: geometry problem-solving, chess posi-
tional advantage prediction, and molecular prop-
erty prediction. In these diverse applications, BBA
demonstrated notable relative improvements, with
respective performance improvements of 14.26%,
10.25%, and 6.30%.

2 Pilot Study

In this study, we compare three variants of CoT
prompting within domains where DSL is available.
These variations include: (1) CoT,, which utilizes
only images for grounding responses to queries;
(2) CoTy, which relies exclusively on DSL repre-
sentations for grounding; and (3) CoT,,, which
integrates both images and DSL representations.
We focus on a selection of mathematical geometry
problems from the MATH benchmark (Hendrycks
et al., 2021), comprising a total of 187 problems
that incorporate image inputs. We then explore the
difficulties associated with performing multi-modal
reasoning using both images and DSL representa-

tions, through an empirical examination of distinct
success rates across various problem types and the
allocation of tokens for critical reasoning steps.

2.1 Performance on Fine-grained Types

Our analysis begins with an assessment of the per-
formance of different models on fine-grained prob-
lem types. To this end, we categorically divide the
geometry problems based on the primary skills re-
quired for resolution, resulting in five categories:
(1) Spatial Manipulation, (2) Propositional Rea-
soning, (3) Logical Deduction, (4) Algebraic Ma-
nipulation, and (5) Quantitative Analysis. Addi-
tional details on the categorization annotation can
be found in Appendix A.1. We proceed to calculate
and compare the problem-solving rates for each
category.

Figure 1 offers a visual comparison of the mod-
els’ performances across these categories. It is
evident that CoT, and CoT, exhibit significantly
different levels of effectiveness across these prob-
lem types. Specifically, CoT, shows superior per-
formance in tasks involving spatial manipulation
and propositional reasoning, while CoT; excels
in logical deduction, algebraic manipulation, and
quantitative analysis. This variation in performance
can be attributed to the different reasoning mech-
anisms enabled by each modality. DSL represen-
tations provide detailed information (e.g., precise
coordinates) that support logic-oriented operations.
On the other hand, images provide intuitive visual
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cues that are more conducive to spatial reasoning
tasks. Despite the concurrent use of images and
DSL representations, CoT,,, does not demonstrate
uniform improvements across all problem types, in-
dicating the challenge of aligning reasoning mech-
anisms across modalities. In §4, we elaborate on
BBA, which initiates by independently deriving
reasoning chains from images and DSL representa-
tions, and then aligning these chains by resolving
any inconsistencies between them. Unlike CoT,,,
BBA effectively capitalizes on the strengths of
both modalities, achieving comprehensive improve-
ments across all identified problem categories.

2.2 Token Allocation for Critical Steps

In light of recent theoretical advances (Feng et al.,
2023; Merrill and Sabharwal, 2023) indicating the
effective allocation of intermediate tokens as piv-
otal for unlocking the expressive power of models
in sequential reasoning tasks, we delve into the
allocation of intermediate tokens for addressing
critical steps in problem-solving. A critical step in
solving mathematical problems is defined as the
point at which an essential insight, decision, or
application of a method is crucial for obtaining
the correct solution, typically involving a signifi-
cant conceptual leap, strategic theorem application,
or key calculation that influences the subsequent
problem-solving process. For each problem, we
identify all critical steps, categorizing each step
in the generated solution as either corresponding
to one of the identified critical steps or not, and
then sum the tokens for steps within a generated
solution that are associated with the same critical
step. Details on the annotation of critical steps are
provided in Appendix A.2.

Figure 1 demonstrates that merely combining
images and DSL representations in inputs is in-
sufficient for effectively allocating more tokens to
critical steps, thus reducing the expressive power of
LLMs and leading to inferior overall performance
(as discussed in §5.4). We hypothesize that this
limitation arises from the current inefficiencies of
LLMs in exploring the solution space for complex
problems (Yang et al., 2023b), resulting in their
struggle to accurately identify critical steps. As
will be discussed in §4.2, BBA is more effective in
discerning and addressing critical steps by uncover-
ing and reconciling discrepancies among reasoning
chains derived from different modalities.

3 Preliminaries

3.1 Problem Formulation

This study focuses on multi-modal reasoning tasks,
specifically where the visual modality is repre-
sented as an image, coupled with a DSL that accu-
rately depicts the image. Our objective is to predict
an answer to a given question g, associated with an
image v and a DSL representation d, adhering to
specific task requirements (e.g., solving mathemat-
ical problems).

The emergence of LVLMs has streamlined this
process. Owing to extensive pre-training on tril-
lions of tokens, these models can accurately in-
terpret various instructions and execute the corre-
sponding tasks. In this paradigm, the model param-
eters are denoted by 6, and the answer a is gener-
ated as @ = argmax, p(a | q,v,d; @), where the
inputs are reformulated into well-crafted prompts
using specific templates, designed to elicit the de-
sired response from the LVLMs.

3.2 Chain-of-Thought Prompting

Recently, chain-of-thought prompting has gained
recognition as an effective technique for enhanc-
ing the reasoning capabilities of language mod-
els (Wei et al., 2023). This method decomposes
the original task into two distinct phases: ratio-
nale generation and answer prediction. In the ra-
tionale generation phase, a rationale 7 is derived
as 7 = argmax, p(r | q,v,d;8), leveraging a
query augmented with an instruction designed to
initiate stepwise analytical thinking (Kojima et al.,
2022)). Subsequently, the answer is often deduced
directly from the rationale, utilizing heuristic string-
matching methods for precise identification.

4 Method

This work aims to tackle two primary challenges
in multi-modal reasoning: (1) the integration of
the inherent strengths of both visual and DSL rep-
resentations, and (2) the identification and resolu-
tion of critical steps within these tasks. To address
these challenges, we introduce the BBA prompt-
ing method, an innovative approach that seeks to
unleash the power of DSL in enhancing complex
multi-modal reasoning tasks. Figure 2 offers an
overview of our proposed methodology. BBA initi-
ates by employing LVLMSs to generate reasoning
chains separately from visual and DSL inputs. Sub-
sequently, these chains proceed through an align-
ment phase, wherein inconsistencies are identified

7257



Find the area of the irregular pentagon. [

e
t

-
Rationale (15):

... the polygon consists of the |

quadrangle ABCE and the

triangle CDE ...,

L the area of CDE is 6 ... A

Domain-specific Language;
import graph;

pair A= (0, 0); pair B = (1, 2);

pair C = (4, 4); pair D = (6, 1);

pair E = (4, -2); —

: S = Sacoe + SaBce + SaaBE \/:

: S = Sacpk + SaBce

Image: A
21 B7 M (o N\
) D Rationale (7;,): e
= . ... by drawing diagonals between
RN BE and CE, the polygon is divided
. ’ ™ into s
_ N : ) .. with triangle CDE having an
areaof 8 ......
p S § J | <=
Question: —

r
) :S=1/2-CD-DEHS=1/2><4><4 X!

Rationale (7):
... the area of the pentagon is

\boxed{20}.

juswubijy

J

draw(A--B--C--D--E--cycle, red + 1.5bp);

Figure 2: An instantiation of the proposed BBA method.

and reconciled, ensuring the harmonization of be-
haviors derived from each modality.

Road Map. The rest of this section is structured
as follows: We begin by detailing the process of
eliciting reasoning chains from both vision and
DSL representations in §4.1. This is followed
by an elaboration on diagnosing and rectifying in-
consistencies between these reasoning chains and
the methods of aligning behaviors from different
modalities in §4.2. Lastly, in §4.3, we detail how
BBA effectively identifies and addresses critical
steps in the reasoning process.

4.1 Bi-Modal Behavior Eliciting

The objective of this phase is to effectively harness
the unique strengths of vision and DSL representa-
tions in answering a given question. Unlike vanilla
CoT prompting, which intermingles the reasoning
processes of these two modalities, BBA seeks to
elicit reasoning chains from each modality inde-
pendently. This approach allows the vision-based
reasoning chain to deliver more credible steps in in-
tuitive and spatial reasoning, while the DSL-based
reasoning chain provides steps with greater reliabil-
ity in precise computation. The formal definition
of this process is as follows:

ry = argmax p(r | q,v; 0)
T

(D
rq = argmaxp(r | ¢,d; 0).

where 7, and rq represent the reasoning chains
derived from the vision and DSL representations,
respectively.

4.2 Behavior Alignment

This phase is centered on aligning the reasoning
chains from different modalities to capitalize on
the best of both worlds in multi-modal reasoning.

We initiate this process with diagnostic checks to
uncover inconsistencies between the chains, includ-
ing variances in intermediate steps and the final an-
swers. Following this, an aligned reasoning chain
is created by addressing the discrepancies identi-
fied in the diagnostics. When different methods
produce conflicting results, it often indicates an er-
ror in at least one approach. The divergence point
then becomes a crucial indicator of where deeper
understanding or more meticulous application of
principles is necessary. The model is subsequently
instructed to thoroughly examine the derivations
from both modalities and ascertain accurate conclu-
sions. The diagnostic results are formally obtained
as follows:

Tine = argmax p(r | ry, rg; 9), 2
T

where 7;,c denotes the rationale for inconsistencies
identified during the diagnostic process. Next, the
formation of the aligned reasoning chain is defined
as:

7 = argmax p(r | Ty, d, Tinc; 0) €
T

where the final rationale 7 includes the definitive
answer a within special tokens.

4.3 Discussion

The strengths of BBA can be mainly attributed to
its capability to address critical steps in multi-step
reasoning problems. BBA excels in addressing crit-
ical steps primarily due to two reasons: (1) the
critical step is more easily identified by contrast-
ing different solutions, revealing their divergences;
and (2) learning from these differences allows for a
more efficient allocation of intermediate tokens to
these critical steps. Drawing from cognitive learn-
ing principles observed in humans, it is a plausible
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extrapolation that identifying and rectifying dispari-
ties between various methods fosters a deeper com-
prehension of essential aspects of a problem (Mun-
zar et al., 2021). Furthermore, encountering and
acknowledging mistakes enhances the reasoning
process, paralleling human problem-solving strate-
gies. This not only deepens the understanding but
also facilitates the allocation of additional reason-
ing tokens, thereby amplifying the model’s capacity
to resolve critical steps (Feng et al., 2023; Merrill
and Sabharwal, 2023).

5 Experiments

5.1 Datasets and Evaluation

We assess the efficacy of BBA across three multi-
modal reasoning tasks spanning distinct domains:
geometry problem-solving, chess positional advan-
tage prediction, and molecular property prediction.

Geometry Problem-Solving. This task involves
predicting a free-form solution to a given geom-
etry problem. We utilize the geometry subset of
the MATH benchmark (Hendrycks et al., 2021)
for this task, selecting only those problems that in-
clude Asymptote code (Bowman and Hammerlindl,
2008), a domain-specific language (DSL) used for
depicting geometric figures. This process resulted
in a dataset of 187 problems, which we refer to as
G-MATH. The official evaluation script from the
MATH benchmark is employed to compute accu-
racy by comparing the predicted answers with the
correct answers.

Chess Positional Advantage Prediction. The
objective in chess positional advantage prediction
is to classify a given chessboard state as being ad-
vantageous for White, advantageous for Black, or
balanced. This task evaluates the model’s capacity
to correlate with the actual value of a chessboard
state, determined by chess engines after extensive
analysis. For evaluation, we compiled a dataset
of 183 game snippets, applying Stockfish 15 at a
search depth of 18 to assess the winning probabil-
ity for the white pieces. We classified the winning
probabilities into three intervals: 0-33% indicating
an advantage for Black, 34-66% denoting a bal-
anced state, and 67-100% suggesting an advantage
for White. We refer to this dataset as ChessAdyv,
employing Forsyth-Edwards Notation (FEN) (Ed-
wards, 1994) as the DSL for this domain. Classifi-
cation accuracy serves as the evaluation metric.

Molecular Property Prediction. Molecular
property prediction focuses on determining
whether a molecule exhibits a certain property
based on its molecular graph. The MUTAG bench-
mark dataset (Debnath et al., 1991) is used for this
purpose, comprising 188 chemical compounds cat-
egorized into two classes based on their mutagenic
effects on a bacterium. The Simplified Molecular-
Input Line-Entry System (SMILES) (Weininger,
1988) is utilized as the DSL in this domain, with
classification accuracy as the metric for evaluation.

5.2 Baselines

For comparative evaluation, we adopt the following
baselines:

DSL or Visual-Only Methods. (1) CoT,: Im-
plements chain-of-thought prompting (Wei et al.,
2023), omitting DSL representations and relying
solely on images; (2) CoT,: Utilizes chain-of-
thought prompting, excluding images to focus ex-
clusively on DSL representations; (3) Plan-and-
Solve: Formulates a plan to segment the overall
task into manageable subtasks for sequential execu-
tion (Wang et al., 2023a); and (4) Least-to-Most:
Breaks complex problems into simpler, sequen-
tial subproblems, leveraging solutions of preced-
ing subproblems to facilitate solving subsequent
ones (Zhou et al., 2022).

Integrated DSL and Visual Methods. (1)
CoT,,: Employs chain-of-thought prompting us-
ing a combination of both DSL representations and
images; (2) CCoT: enhances compositional reason-
ing by integrating visual and DSL inputs, substi-
tuting the scene graph with DSL for fair compar-
ison (Mitra et al., 2023); (3) DDCoT: Introduces
negative-space prompting and multimodal reason-
ing by dividing cognitive tasks between reasoning
and recognition, enhancing reasoning with visual
recognition capabilities (Zheng et al., 2023).

All baseline methods, alongside BBA, are im-
plemented on GPT-4V(ision) (OpenAl, 2023), uti-
lizing the gpt-4-vision—-preview version to
ensure a fair and consistent comparison.

5.3 Implementation Details

For geometry problem-solving and chess positional
advantage prediction, we employ zero-shot prompt-
ing. In the case of molecular property prediction,
we augment the instruction with four <SMILES,
category> pairs, given the challenge this special-
ized task presents to the GPT-4V(ision). It is cru-
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Methods

With DSL With Figure

G-MATH ChessAdvn MUTAG Avg.

CoT,, (Wei et al., 2023) X v 23.53 40.98 75.82 46.56
CoTy (Wei et al., 2023) v X 23.12 38.80 76.92 46.01
Plan-and-Solve (Wang et al., 2023a) v X 25.67 42.62 78.57 48.73
Least-to-Most (Zhou et al., 2022) v X 25.13 38.25 73.63 45.47
CoT,,, (Wei et al., 2023) v v 28.34 42.08 77.47 49.09
CCoT (Mitra et al., 2023) v v 26.74 39.34 68.68 44.75
DDCoT (Zheng et al., 2023) v v 29.95 37.70 73.08 46.74
BBA (Ours) v v 34.22 46.99 83.52 54.71

Table 1: Evaluation results for geometry problem-solving (G-MATH), chess positional advantage prediction
(ChessAdyv), and molecular property prediction (MUTAG), including average performance. Numbers in bold

denote the best performance.

Methods With DSL  With Figure G-MATH ChessAdv MUTAG Avg.
BBA (Ours) v v 34.22 46.99 83.52 5471
-diagnostic v v 32.09 41.53 78.57  50.54
-visual v X 28.34 37.70 61.54 4239
-dsl X v 27.27 36.07 75.82  46.20

Table 2: Ablation study results with best performances highlighted in bold.

cial to note that these SMILES representations
are excluded from the test cases to prevent data
leakage. Detailed instructions for these tasks
can be found in Appendix B. To interact with
the gpt —4-vision—-preview, the temperature
and fop_p are set to 0 and 1, respectively, to ensure
deterministic outputs, while the max_tokens param-
eter is capped at 2048.

5.4 Main Results

The results of our experiments, presented in Ta-
ble 1, reveal several key observations: (1) BBA
surpasses all compared baseline methods, achiev-
ing relative improvements of 14.26%, 10.25%, and
6.30% in geometry problem-solving, chess posi-
tional advantage prediction, and molecular prop-
erty prediction, respectively. This superior per-
formance can be attributed to BBA’s adeptness at
leveraging the combined strengths of both visual
and DSL representations, along with its capacity to
pinpoint and address critical steps; (2) The integra-
tion of DSL and visual information proves advanta-
geous for multi-modal reasoning tasks. Our results
demonstrate that CoT,,, achieves the second-best
average performance, notably excelling in geome-
try problem-solving. This task benefits markedly
from the complementary insights provided by DSL
and visual inputs, indicating the value of integrat-
ing these modalities; and (3) The process of ef-
fectively merging DSL representations with visual

data poses a significant challenge, as evidenced by
the subpar performance of CCoT.

6 Analysis

6.1 Ablation Study

This ablation study evaluates four variants of our
model across three datasets, as shown in Table 2.
These variants comprise the full method and three
variants: one without the diagnostic check (*-
diagnostic”), where the reasoning process is solely
based on divergent reasoning chains from different
modalities without any verification; one lacking
image inputs (‘“-visual”), where the model’s assess-
ment of reasoning chains relies exclusively on the
DSL representation and its intrinsic knowledge;
and one excluding DSL inputs (“-dsl”), where the
evaluation of reasoning chains depends solely on
visual information and the model’s inherent under-
standing.

The results demonstrate that our full method out-
performs all variants on the datasets, indicating
the crucial role of combining DSL and visual in-
puts alongside diagnostic checks for identifying
discrepancies and enhancing problem-solving in
critical steps. Notably, the exclusion of visual in-
puts results in the most significant performance
drop, highlighting the vital contribution of images
to the efficacy of multi-modal reasoning tasks.
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Level 1 Level2 Level3 Level4 LevelS Avg.
BBA (Ours) 7143  53.13 44.12 16.98 17.02 34.22
CoT,, 61.90 37.50 2941 24.53 10.64 28.34
CoT, 52.38 37.50 26.47 13.21 10.64  23.53
CoTy 47.62 50.00 2941 7.69 6.38  23.12

Table 3: Evaluation results on the geometry problem-solving task. Numbers in bold indicate the best performance.

Level 1 Level2 Level3 Avg.
BBA (Ours) 57.41 43.21 41.67 46.99
CoT,, 51.85 37.04 39.58 42.08
CoT, 48.15 38.27 37.50  40.98
CoTy 46.30 33.33 39.58 38.80

Table 4: Evaluation results on the chess positional advantage prediction task. Numbers in bold indicate the best

performance.

6.2 Analysis on Different Complexities

This experiment delves into how BBA performs
under varying problem complexities, comparing
it with three variants of chain-of-thought prompt-
ing. Our focus is on geometry problem-solving and
chess positional advantage prediction due to the
labor-intensive nature of assessing the difficulty
of molecular graphs. For geometry, we utilize
the difficulty levels outlined by the MATH bench-
mark (Hendrycks et al., 2021), and for chess, we
classify problems into three difficulty levels based
on the centipawns returned by Stockfish 15.

Table 3 and Table 4 present the results. BBA
consistently outperforms competitors across nearly
all difficulty levels, except level 4 in geome-
try problem-solving. Integrating DSL and im-
age inputs proves advantageous, as CoT,, typ-
ically surpasses the performance of both CoT,
and CoT,. However, achieving universal improve-
ments through direct integration presents a signifi-
cant challenge (as discussed in §2.1). In geometry
problem-solving, DSL representations are particu-
larly effective in simpler problems, but this advan-
tage diminishes with increased complexity. We hy-
pothesize this is due to the lengthening of Asymp-
tote code in more complex problems. For instance,
the average Asymptote code length is 186.89 for
levels 1 to 3, but increases to 217.80 for levels 4
to 5, whereas the length of FEN notation remains
relatively stable across different levels of difficulty.

6.3 Comparison with Self-Refine Prompting

This experiment explores the efficacy of self-refine
prompting (Madaan et al., 2023), a technique
that improves previous outputs through iterative
feedback and refinement, as a potential substitute
for the diagnostic check and alignment phases in
BBA. We have adapted the conventional self-refine
prompting approach to accommodate both DSL
and image inputs, while preserving the original im-
plementation details to the greatest extent. This
experiment evaluates three versions of self-refine
prompting, denoted as Self-Refine (x turns), with
x — 1 indicating the count of refinement cycles and
x varying from 2 to 4.

Table 5 presents the results. The findings reveal
that BBA consistently surpasses the various ver-
sions of self-refine prompting. This indicates the
superiority of directing LVLMs to pinpoint incon-
sistencies between divergent solutions over merely
generating feedback based on the knowledge em-
bedded within their parameters. Moreover, recent
work (Huang et al., 2023) corroborates our findings,
demonstrating that LLMs frequently encounter dif-
ficulties in adjusting their responses based solely
on their inherent capabilities. This is further val-
idated by our results, which indicate a decline in
the performance of the self-refine prompting as the
number of refinement iterations increases.

6.4 Case Study

Due to space constraints, the case study is included
in Appendix D.
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Methods G-MATH ChessAdv MUTAG Avg.
BBA (Ours) 34.22 46.99 83.52 54.71
Self-Refine (2 turns) 30.48 43.17 73.63 4891
Self-Refine (3 turns) 28.34 42.08 71.98 47.28
Self-Refine (4 turns) 28.88 38.80 68.68 45.29

Table 5: Comparative analysis of BBA versus Self-Refine prompting. Numbers in bold denote the best performance.

7 Related Work

7.1 Multi-Modal CoT Prompting

An advanced methodology for zero-shot image rea-
soning leverages CoT prompting, a technique that
breaks down complex tasks into simpler, sequen-
tial thought processes to simulate human reason-
ing (Lu et al., 2022; Zhang et al., 2023b; Wang
et al., 2023c). Due to the structural differences be-
tween LVLMs and LLMs, additional improvements
have been made to adapt CoT for wider applica-
tions. To illustrate, QVix (Yang et al., 2023a) lever-
ages LLMs’ linguistic skills to enhance LVLMs’
visual content analysis; V* (Wu and Xie, 2023)
enhances the precise targeting of specific visual
elements; Wu et al. (2023b) address CoT prompt-
ing’s limitations by adopting a “Description then
Decision” strategy for complex vision-linguistic
tasks; CoCoT (Zhang et al., 2024) uses a con-
trastive CoT approach for multiple image inputs;
ViLa (Hu et al., 2023) merges perceptual data with
CoT for physically-grounded task planning; and
DDCoT (Zheng et al., 2023) assigns tasks to rel-
evant components, differentiating reasoning and
recognition roles and integrating visual recognition
into the reasoning process. Despite these advance-
ments, the strategic use of prompting mechanisms
to seamlessly integrate DSLs into LVLMs presents
an untapped potential, a gap our research aims to
bridge by pioneering in this specific area.

7.2  Multiple Chains Prompting

Following the progress of the chain-of-thought
prompting, a series of efforts have been made
to enhance factuality by generating multiple
reasoning chains. Building on this progress,
the research focuses on three main approaches:
self-consistency (Wang et al., 2022a), self-
refinement (Madaan et al., 2023; Shinn et al., 2023;
Chen et al., 2023b), and multi-agent debate (Du
et al., 2023; Liang et al., 2023; Xiong et al., 2023).
Self-consistency (Wang et al., 2022b) involves a

method where various reasoning paths are first gen-
erated, and then the most consistent answer is se-
lected through a process akin to majority voting.
Self-refinement (Madaan et al., 2023) leverages the
inherent capabilities of LLMs to generate feedback
for previous outputs, refining them based on this
feedback. However, recent research (Huang et al.,
2023) indicates that LLMs face challenges in pro-
viding accurate feedback independently, suggest-
ing that feedback from external environments (First
et al., 2023) is a more effective alternative. Multi-
agent debate (Du et al., 2023) aims to replicate
real-world debate scenarios, fostering a consensus
by incorporating outputs from previous iterations
in each debate cycle. These methods, while inno-
vative, have yet to fully address the need for identi-
fying intermediate inconsistencies between multi-
ple chains which play a crucial role in pinpointing
the critical steps necessary for solving complex
tasks. Moreover, the requirement for multiple in-
vocations of LLMs, particularly with proprietary
LVLMs (OpenAl, 2023), significantly increases the
associated costs.

We provide a detailed review of the literature on
large vision-language models in Appendix C.

8 Conclusion

In conclusion, our work introduces the Bi-Modal
Behavioral Alignment (BBA) prompting method, a
novel approach that significantly enhances the mul-
timodal reasoning capabilities of GPT-4V (ision)
by integrating DSL. By generating and aligning
separate reasoning chains for visual and DSL rep-
resentations, BBA addresses the challenges of in-
consistent reasoning mechanisms and the execu-
tion of multi-step reasoning tasks. Our experi-
ments across diverse domains, including geometry
problem-solving, chess positional advantage pre-
diction, and molecular property prediction, demon-
strate the effectiveness of BBA, showcasing notable
improvements in performance.
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Ethical Considerations

In adherence to the established Code of Ethics, this
work exclusively employs publicly accessible data
and information, ensuring no private or confidential
resources are utilized.

Limitations

BBA marks a significant advancement in the field
of multi-modal reasoning, incorporating DSLs. De-
spite this, it is beneficial to address several limita-
tions to fully exploit its capabilities:

(1) BBA demonstrates significant improvements
in three distinct domains: geometry, chess, and
molecular biology. Yet, its application in other ar-
eas, especially those without custom DSLs, has not
been extensively explored. Adapting BBA by sub-
stituting DSL representations with alternative, ad-
vanced representations, such as scene graphs (Yang
et al., 2018), could be advantageous. These alter-
natives, although less precise and informative in
capturing image nuances, offer a valuable research
direction.

(2) The primary aim of this work is to develop a
prompting method that complements, but is distinct
from, other advanced technologies which respond
to environmental feedback (Yao et al., 2022; Xie
et al., 2023). Integrating and responding to envi-
ronmental feedback to develop a more adaptive
and intelligent agent presents an intriguing future
research direction.
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A More Details about Pilot study

A.1 Annotation of Problem Types

In this experiment, we (the authors) identified five
primary categories essential for problem-solving
in geometry: Spatial Manipulation, Propositional
Reasoning, Logical Deduction, Algebraic Manipu-
lation, and Quantitative Analysis. These categories
were conceptualized based on our extensive expe-
rience in geometry problem-solving, where Spa-
tial Manipulation and Propositional Reasoning are
aligned with intuitive reasoning, and the remaining
categories, namely Logical Deduction, Algebraic
Manipulation, and Quantitative Analysis are asso-
ciated with precise, calculation-based approaches.

For the categorization of problems, we employed
gpt-4-1106-preview to label each problem
according to these predefined categories. This pro-
cess was facilitated using a prompt, as detailed in
Figure 3, wherein placeholders for the problem
statement and its solution were substituted with
the actual content. The categorization was deter-
mined based on the highest-scoring category for
each problem. In instances where multiple cate-
gories achieved the highest score, the final classi-
fication was randomly assigned from among these
top-scoring categories.

A.2 Annotation of Critical Steps

The prompts employed for the annotation of the
critical steps associated with each problem are de-
picted in Figures 4 and 5. Specifically, Figure 4
illustrates the instructions utilized to identify the
critical steps necessary for solving the problem,
alongside the provision of a ground-truth solution.
This is necessitated by the current limitations of
LLMs in addressing geometry problems. Figure
4 demonstrates the instructions employed for cat-
egorizing each step within the generated solution
as either corresponding to one of the previously
identified critical steps or not. All annotations were
performed using gpt-4-1106-preview The
accuracy of these critical annotations was subse-
quently verified by the authors.

B System Instructions

In this work, we employ system instruc-
tions (Mukherjee et al., 2023) to guide LVLMs
toward producing the requisite outputs across vari-
ous stages, as elaborated in §4. The specific system
instructions applied for geometry problem-solving,

chess positional advantage prediction, and molec-
ular property prediction are illustrated in Figures
6-8.

C More Discussions about Related Work

C.1 Large Vision-Language Models

Driven by the success of LLMs, research in vision-
language models has begun to explore how to equip
LLMs with the ability to process visual inputs to
solve a variety of multimodal tasks (Alayrac et al.,
2022; Liu et al., 2023b; Zhu et al., 2023; Peng et al.,
2023). These advancements leverage the extensive
prior knowledge and intricate reasoning capabil-
ities established by recent LLMs (Touvron et al.,
2023a,b), integrating them with visual modalities
to enhance performance across diverse applications.
A common approach in this field involves using a
vision model to transform images into visual fea-
tures, which are then aligned with the LLMs’ fea-
ture space through a bridge module. This align-
ment is achieved either by employing a linear or
MLP layer as a bridge module (Liu et al., 2023a,b;
Chen et al., 2023a; Gao et al., 2023; Peng et al.,
2023; Zhang et al., 2023a; Wang et al., 2023b)
or by designing more complex bridge networks
to compress or adaptively select visual informa-
tion (Alayrac et al., 2022; Zhu et al., 2023; Li et al.,
2023b; Dai et al., 2023; Li et al., 2023c; Awadalla
et al., 2023; Zhao et al., 2023; Li et al., 2023a; Ye
et al., 2023; Bai et al., 2023). The datasets em-
ployed to train these bridge modules are notably
varied, ranging from synthetic image-text pairs (Li
et al., 2023b) and large-scale multi-modal web cor-
pora (Alayrac et al., 2022) to specialized datasets
for conversational (Liu et al., 2023b) and academic
purposes (Liu et al., 2023a). Notably, the emer-
gence of advanced, proprietary LVLMs such as
GPT-4V (ision) (OpenAl, 2023) and Gemini (Team
et al., 2023) has set new benchmarks by demon-
strating superior performance in multimodal task
execution and cognitive reasoning, surpassing hu-
man expertise. While these models have achieved
significant success in vision-language tasks, the ex-
ploration of unlocking the full potential of DSLs,
especially for intricate multi-modal reasoning tasks,
remains largely unexplored.

D Case Study

To enhance our understanding of the effectiveness
of BBA, we showcase a series of outputs in Fig-
ures 9-14. These illustrations demonstrate that our
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( Your task is to evaluate a given <problem, solution> pair in terms of its relevance to each of five defined )

problem types. This evaluation requires you to assign a score for the pair's relevance to each problem type.
The scoring system is a nine-point scale, where 1 denotes 'very strong irrelevant' and 9 denotes 'very strong
relevant'. The full scale is as follows: 1 - very strong irrelevant, 2 - strong irrelevant, 3 - irrelevant, 4 - weak
irrelevant, 5 - borderline relevant, 6 - weak relevant, 7 - relevant, 8 - strong relevant, 9 - very strong relevant.

Problem Types:
The five problem types you will assess against are:

Spatial Manipulation: Mentally manipulating objects to understand their spatial relationships.
Propositional Reasoning: Understanding and using the concept of proportionality to solve problems.
Logical Deduction: Applying rules and principles to deduce new information.

Algebraic Manipulation: Using algebra to express and solve for unknowns.

Quantitative Analysis: Applying mathematical calculations to solve problems.

LR

Reporting Format:

Your assessment should be recorded in a valid Python dictionary format. The dictionary keys represent the
seven problem types and must not be altered. Each key should be associated with your assigned score from
the nine-point scale. The format of your evaluation should be as follows:

*python

"spatial manipulation": <score>,
"propositional reasoning": <score>,
"logical deduction": <score>,
"algebraic manipulation": <score>,
"quantitative analysis": <score>,

In this dictionary, replace ‘<score>" with the score you've determined for each problem type based on your
analysis of the <problem, solution> pair. Ensure that the keys in the dictionary exactly match the problem
types listed above.

Problem: {problem}

Solution: {solution}

Assessment: ' python

Figure 3: Illustration of the prompt utilized for category annotation.

approach is capable of accurately identifying dis-
crepancies between two chains. This identification
process is subsequently leveraged to synthesize the
final solution.
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Your assignment is to analyze a specific <problem, solution> pair and distill it down to 1 or 2 absolutely
crucial steps in the solution process. These steps should be identified and presented as a Python list of
strings. Focus intensely on isolating the most vital parts of solving the problem at hand. Remember, the
essence of a critical step lies in its pivotal role in the solution: it's where a key insight, decision, or the
application of a specific method is imperative for arriving at the correct answer. This typically involves a
major conceptual breakthrough, the strategic implementation of a theorem, or a decisive calculation that
largely dictates the solution's direction.

Given the complexity of the problems, limit your identification to only one or two such steps. Avoid
generalities or less impactful steps. Present your findings in the following Python list format, ensuring each
string succinctly encapsulates a step that's fundamental to the solution's success:

*python
[

"most_critical step 1",
"most_critical step 2" # Include only if absolutely necessary

1

Each string in the list should be a clear and concise representation of a step without which the problem
cannot be effectively solved, highlighting its importance in the overall problem-solving process.
Problem: {problem}

Solution: {solution}

L Output: **"python

Figure 4: Illustration of the prompt utilized for critical step identification.
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(You are tasked with analyzing a provided predicted answer in relation to a specific problem and its critical
steps. Follow these steps for your analysis:

1. Break Down the Predicted Answer: Decompose the predicted answer into distinct steps. Be careful to
retain all existing information without introducing new content.

2. Evaluate and Document Each Step: For each identified step, perform a rigorous and comprehensive
evaluation. Assign each step a category based on its relation to the critical steps in the problem-solving
process. Use numbers 1, 2, 3, ..., N for each critical step, with N being the total number of critical steps. If a
step is unrelated to any critical steps, label it as 0.

3. Format the Results: Organize your evaluations as a Python list of dictionaries, each representing a step:
- ""step"': The step being evaluated.

- ""classification"": The category number of the step.

Example Output Format:

*python
[
{
"Step": "Step71 H,
"classification": 2,
Be
{
"step": "step_2",
"classification": 0,
v
IR
]

Problem: {problem}
Solution: {solution}

Critical Steps:
{critical_steps}

Output: ' “python
\_ p py’ )

Figure 5: Illustration of the prompt utilized for categorizing each step within the generated solution.
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( System Instruction:

Let's dive into a role-playing activity centered on solving a geometry problem. You will assume the roles of two students and
a teacher, each contributing to the solution process. Ensure that you strictly adhere to the following steps and maintain the
same format throughout:

1. Solution from Student A (Code-Based): Student A should start by applying a structured approach to identify and extract
supporting facts from the code, which will form the foundation of his solution. This process includes:

(1) Student A should look for coordinates like *(x,y)", geometric shapes and figures (e.g., ‘draw(circle(...))" for circles,
‘draw(A--B)" for line segments), labels (such as ‘label("A", (x,y), ...)"), and markers like ‘rightanglemark(...)" which indicate
specific geometric properties. He should also note any specified lengths or angle measures.

(2) He needs to understand the basic geometric concepts and use the coordinates and shapes to comprehend the structure
of the figure. For example, coordinates of three points can help infer the triangle they form.

(3) Labels correspond to key elements like vertices or centers, and markers indicate properties like right angles or parallel
lines. These are crucial for understanding the figure.

(4) If lengths or angles are specified, these measurements should be used to understand relationships between different
parts of the figure.

(5) Student A must synthesize information from coordinates, labels, and measurements to formulate supporting facts, such
as deducing a triangle is isosceles if two sides are labeled with equal lengths.

After identifying and summarizing these supporting facts, which encompass coordinates, geometric shapes, labels,
markers, and measurements, Student A must ensure that each step of his solution is aligned with these facts or logically
follows from a previously established step. His answer should clearly demonstrate how the facts extracted from the
Asymptote code, focusing on geometric relationships and precise measurements, logically lead to the final solution.

2. Solution from Student B (Figure-Based): Student B must initiate his solution process by explicitly restating the content
depicted in the figure as his primary reference. He must then make a detailed and explicit declaration of his commitment to
an entirely independent and divergent approach. He must affirm that his solution will not reference or rely on any
conclusions, formulas, or intermediate steps used by Student A, pledging to a new and unique perspective. This commitment
to an alternative methodology must be actively reiterated and evident at each step of his analysis.

After acknowledging the figure, Student B is required to explicitly identify and summarize specific supporting facts
unique to it. He should focus on aspects such as visual patterns, spatial relationships, or principles of similarity and
proportionality that are not directly related to the formulas or methods used by Student A. He must develop a solution using
a different approach or line of reasoning that can be logically derived from these figure-specific insights.

Before formulating each intermediate step in his quantitative analysis, Student B must pause to explicitly reassess and
ensure that his approach is not only independent but also methodologically different from Student A’s. This reassessment
should involve a critical reflection on how the current step and the overall reasoning process diverge from Student A’s
methodology in terms of approach, application of principles, or interpretation of the figure. He should only proceed to the
next step after this confirmation, ensuring that each part of his solution distinctly reflects his independent analysis and
unique understanding of the figure.

3. Comparing Solutions (Teacher's Analysis): Now, taking on the teacher's role, you should compare the derived solutions
of Student A and Student B. Your focus should be on pinpointing and summarizing any differences in their final answers and

the methods they employed.

4. Final Solution (Teacher's Conclusion): As the teacher, develop a final, accurate solution by addressing the discrepancies
identified in the previous step. Your solution should be comprehensive and clearly presented.

It's crucial to present the final result in LaTeX using a "\\boxed{}" without any units.

Figure 6: System instruction for geometry problem-solving.
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System Instruction:

This task involves analyzing a chess position from two distinct perspectives: one based on the FEN notation and the other on the visual representation
of the board (figure). The objective is to develop detailed, step-by-step divergent solutions from these two perspectives, and then systematically
synthesize these findings into a cohesive final assessment. This process involves carefully addressing and reconciling any inconsistencies between the
FEN-based and figure-based analyses to ensure a comprehensive understanding of the position.

1. Analysis from Analyst A (FEN-Based):

- Initial Assessment: Begin by interpreting the FEN notation, focusing on piece placement, active color, castling rights, en passant possibilities, and
move number.

- Material Balance and Positional Elements: Evaluate material balance and key positional elements, including king safety, piece activity, and
coordination, as well as potential tactical motifs and strategic plans.

- Concluding Thought: Conclude with an assessment of the position’s balance or advantage based on the FEN analysis, emphasizing material count
and positional dynamics.

2. Analysis from Analyst B (Figure-Based):

- Visual Assessment: Independently analyze the chessboard figure, focusing on visual patterns, piece mobility, and control of key squares.

- Positional Dynamics and Tactical Insights: Evaluate the dynamics of the position, including potential threats and strategic opportunities, from the
figure-based perspective.

- Concluding Thought: Draw a conclusion about the position’s balance or advantage, reflecting on how the visual analysis aligns with or diverges
from the FEN-based analysis.

3. Comparing Analyses (Referee's Synthesis):
- Reconciliation of Perspectives: Compare the conclusions from both analysts, focusing on any inconsistencies or areas of agreement.
- Synthesis of Insights: Integrate insights from both analyses, considering how each perspective contributes to understanding the overall position.
- Decisive Judgment: Make a decisive judgment on the overall balance of the position, considering the insights from both the FEN-based and
figure-based analyses.

4. Final Assessment (Referee's Detailed Conclusion):

- Step-by-Step Analysis: Conduct a detailed, step-by-step analysis, synthesizing the divergent solutions and addressing any inconsistencies between
the FEN-based and figure-based perspectives.

- Comprehensive Conclusion: Provide a final, comprehensive assessment of the position, integrating insights from both perspectives and making a
clear judgment about the positional advantage.

- Clear Statement: Conclude with a definitive, formatted statement regarding the position's advantage, using ‘\\boxed{1}" for White's advantage,
“\\boxed{2}" for Black's advantage, or "\\boxed{3}" for a balanced position.

Figure 7: System instruction for chess positional advantage prediction.
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System Instruction:

Let's dive into a role-playing activity centered on solving a chemical compound analysis problem. You will assume
the roles of two students and a teacher, each contributing to the solution process. Ensure that you strictly adhere to
the following steps and maintain the same format throughout:

1. Analysis from Student A (SMILES-Based):

Student A should start by applying a structured approach to identify and extract supporting facts from the SMILES
representation, which will form the foundation of his solution. This process includes:

(1) Recognize important structural features in the SMILES representation, such as functional groups (e.g., nitro
groups) and molecular frameworks (e.g., benzene rings).

(2) Compare the identified structural elements to those in illustrative instances of molecular structure-target
correlations, which serve as reference points for discerning mutagenic or non-mutagenic outcomes. These include:

- clece2e(cl)ece3c2ece(c3)[N+](=0)[0-], identified as mutagenic

- clec2ecenc2e(c1)[N+](=0)[O-], identified as non-mutagenic

- clec2e(ccen2)e(c1)[N+](=0)[O-], identified as non-mutagenic

- clece-2¢(cl)-c3cceccde3c2e(ccd)[N+](=0)[O-], identified as mutagenic

(3) Assess the overall molecular configuration of the compound and consider its potential implications for
mutagenicity. This involves analyzing how the compound's structure might influence its interaction with biological
systems, particularly in relation to causing mutations in Salmonella typhimurium.

After identifying and summarizing these supporting facts, which encompass the compound’s structural elements,
functional groups, molecular configuration, and their correlation with mutagenicity, Student A must ensure that each
step of his solution is aligned with these facts or logically follows from a previously established step. His answer
should clearly demonstrate how the facts extracted from the SMILES representation, focusing on key structural
elements and their comparison with the illustrative instances, logically lead to the final solution.

2. Analysis from Student B (Figure-Based):

After acknowledging the figure, Student B is required to explicitly identify and summarize specific supporting
facts unique to it. He should focus on aspects such as the spatial arrangement of atoms, the visual representation of
functional groups, and the overall geometry of the molecular structure. These aspects, not directly related to the
formulas or methods used by Student A, offer a distinct perspective. In addition, Student B should utilize illustrative
instances of molecular structure-target correlations for comparison, such as:

- cleee2e(cl)ece3dce2ece(e3)[N+](=0)[O-], identified as mutagenic

- clec2ecenc2e(c1)[N+](=0)[O-], identified as non-mutagenic

- clee2e(ecen2)c(c])[N+](=0)[O-], identified as non-mutagenic

- cleee-2¢(cl)-c3cecc4e3dc2e(cc4)[N+](=0)[O-], identified as mutagenic

These instances demonstrate how specific molecular configurations are linked to either mutagenic or non-
mutagenic outcomes and serve as a vital reference in the analysis. Student B must develop a solution using a
different approach or line of reasoning that can be logically derived from these figure-specific insights and the
provided molecular structure-target examples.

Before formulating each intermediate step in his quantitative analysis, Student B must pause to explicitly reassess
and ensure that his approach is not only independent but also methodologically different from Student A’s. This
reassessment should involve a critical reflection on how the current step and the overall reasoning process diverge
from Student A’s methodology in terms of approach, application of principles, or interpretation of the figure. He
should only proceed to the next step after this confirmation, ensuring that each part of his solution distinctly reflects
his independent analysis and unique understanding of the figure.

3. Comparing Analyses (Teacher's Synthesis): Now, taking on the teacher's role, you should compare the derived
solutions of Student A and Student B. Your focus should be on pinpointing and summarizing any differences in their
final answers and the methods they employed.

4. Final Assessment (Teacher's Detailed Conclusion): As the teacher, develop a final, accurate solution by
addressing the discrepancies identified in the previous step. Your solution should be comprehensive and clearly
presented.

It's crucial to present the final result regarding the compound's mutagenicity in Latex, using "\\boxed{1}" for
mutagenic and "\\boxed{2}" for non-mutagenic.

Figure 8: System instruction for molecular property prediction.
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[### Problem: \

Elliott Farms has a silo for storage. The silo is a right circular cylinder topped by a right circular cone, both having the same radius. The height of the cone is half the height of the cylinder.
The diameter of the base of the silo is 10 meters and the height of the entire silo is 27 meters. What is the volume, in cubic meters, of the silo? Express your answer in terms of .

[asy]

size(150);
draw((0,0)--(0,18)--(5,27)--(10,18)--(10,0),linewidth(1));
draw((0,0)..(5,-1)..(10,0),linewidth(1));
draw((0,0)..(5,1)..(10,0),linetype(\"0 4\")+linewidth(1));
draw((0,18)..(5,17)..(10,18),linewidth(1));
draw((0,18)..(5,19)..(10,18), linetype(\"0 4\")+linewidth(1));
draw((15,27)--(16,27) linewidth(1));
draw((15,0)--(16,0),linewidth(1));
draw((15.5,27)-(15.5,16),linewidth(1));
draw((15.5,0)-(15.5,11),linewidth(1));

label(\"27 meters\",(15.5,13.5));

27 meters

[/asy]
### Solution: <
Solution from A (Code-Based):

To solve this problem, I will start by identifying the key elements from the code provided:

The silo consists of a right circular cylinder and a right circular cone. The diameter of the base of the silo is given as 10 meters, which means the radius r is 5 meters. The total height of
the silo is 27 meters. The height of the cone is half the height of the cylinder.

From these facts, I can deduce the following: The volume of a cylinder V_cylinder is given by the formula V_cylinder = nr"2h_cylinder, where r is the radius and h_cylinder is the height
of the cylinder. The volume of a cone V_cone is given by the formula V_cone = (1/3)ar"2h_cone, where h_cone is the height of the cone.

Let h be the total height of the silo. Since the height of the cone is half the height of the cylinder, we can express the heights as follows:

h_cone = (1/3)h

h_cylinder = (2/3)h

Given that h = 27 meters, we can find the individual heights:

h_cone = (1/3) * 27 = 9 meters

h_cylinder = (2/3) * 27 = 18 meters

Now, we can calculate the volumes:

V_cylinder =x * (5°2) * 18

V_cone = (1/3) *m * (5/2) * 9

Adding the volumes of the cylinder and the cone gives us the total volume of the silo:

V_silo=V_cylinder + V_cone

V_silo=m* (572) * 18 + (1/3) *n * (5"2) * 9

V. silo=m*25*%18+n*25*3

V_silo = 450r + 751

V_silo= 5251

Therefore, the volume of the silo in cubic meters, expressed in terms of m, is V_silo = 525m.

Sol from B (Figure-Based):

I acknowledge the figure provided and commit to an entirely independent and divergent approach from Student A. My solution will not reference or rely on any conclusions, formulas, or
intermediate steps used by Student A. I pledge to a new and unique perspective.

From the figure, I can see that the silo is composed of two distinct parts: a cylinder and a cone. The spatial relationship between the cone and the cylinder is such that the cone sits
perfectly on top of the cylinder, sharing the same base radius. The visual pattern suggests that the cone is a sort of "cap" for the cylinder.

T will use the principle of proportionality to deduce the heights of the cylinder and cone. Since the height of the cone is half the height of the cylinder, and the total height of the silo is 27
meters, I can visually partition the height into three equal parts, where two parts belong to the cylinder and one part to the cone.

Explicitly reassessing my approach, I confirm that I am not using the formulas directly but rather the visual and proportional insights from the figure. Now, I will calculate the volume of
each part using the principle of volume calculation for solids of revolution, which states that the volume of a solid of revolution generated by revolving a shape around an axis is equal to
the area of the shape times the distance it travels during the revolution.

For the cylinder, the shape is a rectangle with a height of 18 meters (two-thirds of the total height) and a width equal to the diameter of the base, which is 10 meters. The distance this
rectangle travels during the revolution is the circumference of the base, which is 27r.

For the cone, the shape is a triangle with a height of 9 meters (one-third of the total height) and a base equal to the diameter of the base of the cylinder. The distance this triangle travels
during the revolution is the same circumference 2nr.

Calculating the volumes:

The volume of the cylinder is the area of the rectangle (height times width) times the distance of revolution: V_cylinder = 18 * 10 * 2z * 5.

The volume of the cone is one-third the area of the triangle (one-half base times height) times the distance of revolution: V_cone = (1/3) * (1/2) * 10 * 9 * 2 * 5.

Adding these volumes gives us the total volume of the silo:

V_silo=18 * 10 * 2w * 5+ (1/3) * (1/2) * 10 * 9 * 21 * 5

V_silo = 1800z + 300%

V_silo =2100n

Therefore, the volume of the silo in cubic meters, expressed in terms of 7, is V_silo = 2100m.

Comparing Solutions (Teacher's Analysis):

Upon comparing the solutions of Student A and Student B, I notice a significant discrepancy in their final answers. Student A calculated the volume of the silo to be 5257 cubic meters,
while Student B calculated it to be 2100z cubic meters. The methods they employed were also different:

Student A used the standard formulas for the volumes of a cylinder and a cone, applying the given dimensions directly.

Student B used a visual and proportional approach, calculating the volumes based on the principle of solids of revolution.

Final Solution (Teacher's Conclusion):

To resolve the discrepancy, I will review the calculations and apply the correct formulas for the volumes of a cylinder and a cone:

The volume of a cylinder is V_cylinder = nr"2h_cylinder, and the volume of a cone is V_cone = (1/3)mr"2h_cone.

Given:

Radius r = 5 meters

Height of the cylinder h_cylinder = 18 meters (two-thirds of the total height)

Height of the cone h_cone = 9 meters (one-third of the total height)

Calculating the volumes:

V_cylinder =z * (5°2) * 18 = 450n cubic meters

V_cone = (1/3) *  * (5/2) * 9 = 75n cubic meters

Adding the volumes of the cylinder and the cone gives us the total volume of the silo:

V_silo =450n + 751 = 525m cubic meters

Therefore, the correct volume of the silo, expressed in terms of 7, is \boxed {525\pi} cubic meters. Student B made an error in his calculations by not correctly applying the formulas for
the volumes of the cylinder and cone. )

Figure 9: Case study 1: geometry problem-solving.
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é ### Problem:

A unit circle has its center at $(5,0)$ and a second circle with a radius of $2$ units has its center at $(11,0)$ as shown. A common internal tangent to the
circles intersects the $x$-axis at $Q(a,0)$. What is the value of $a$?
[asy]

draw((-2,0)--(15,0),Arrows);

draw((0,-4)--(0,5),Arrows);

draw(Circle((5,0),1));

draw(Circle((11,0),2));

dot((5,0));

dot((7,0));

dot((11,0));

label(scale(0.7)*Label(\"(5,0)\",(3,0),S));

label(\"Q\",(7,0),N);

label(scale(0.7)*Label(\"(11,0)\",(11,0),S));

label(\"$x$\",(15,0),S);

label(\"$y$\",(0,5),W);
draw((1,3.46410162)--(14,-4.04145188), Arrows);

[asy]

### Solution:

Solution from Student A (Code-Based):

From the Asymptote code and the given figure, we can extract the following supporting facts:

There are two circles: one with center at $(5,0)$ and a unit radius, and another with center at $(11,0)$ and a radius of $2$ units.

The common internal tangent intersects the $x$-axis at point $Q(a,0)$.

The distance between the centers of the two circles is $11 - 5 = 6$ units.

To find the value of $a$, we can use the properties of tangents to circles and the right triangle formed by the centers of the circles, the point of tangency,
and the point $QS.

Let's denote the points of tangency on the smaller and larger circles as $T_18 and $T_28, respectively. Since the tangent is perpendicular to the radius at
the point of tangency, we have two right triangles: $\triangle QT_1(5,0)$ and $\triangle QT_2(11,0)S.

Using the Pythagorean theorem for these right triangles, we can set up the following equations:

For $\triangle QT _1(5,0)$: \[ (a- 5)"2 + y"2=172]

For $\triangle QT_2(11,0)$: \[ (a - 11)"2 +y*2 =2"21]

Since both right triangles share the same vertical height $y$, we can equate the two expressions for $y"2$ and solve for $a$:
\[(@-5y2+y2=(@-112+y2\]\[(@a-52=(a-11)"2+3\]\[a"2 - 10a +25=2a"2 - 22a+ 121 +3\]\[ 12a =99 \] \[ a = \frac{99} {12} \] \[a =
8.25\]

Therefore, the value of $a$ is $8.25$.

Solution from Student B (Figure-Based):

I acknowledge the figure provided and will now proceed with a solution that is entirely independent and divergent from Student A's approach. I commit to
using a different line of reasoning that does not rely on the conclusions, formulas, or intermediate steps used by Student A.

Upon examining the figure, I notice the following supporting facts:

The tangent line intersects the $x$-axis at point $Q$ and forms a right angle with the radii of the circles at the points of tangency.

The line segment connecting the centers of the two circles and the tangent line form a pair of similar right triangles, due to the common angle at $Q$ and
the right angles at the points of tangency.

Using the principles of similarity and proportionality, I will develop a solution based on the ratios of corresponding sides in similar triangles.

Let's denote the distance from the center of the smaller circle to $Q$ as $d_1$ and the distance from the center of the larger circle to $Q$ as $d_2$. The
ratio of the radii of the two circles is $1:2$, which should be the same as the ratio of $d_1$ to $d_28$.

Since the distance between the centers of the circles is $6$ units, we can express $d_2$ as $d_1 + 6$. Now, setting up the proportion:

\[\frac{1}{2} =\frac{d_1}{d_1+6}\]\[2d 1=d 1+6\]\[d_1=6\]

Now, since $d_1$ is the distance from the center of the smaller circle to $QS$, and the center of the smaller circle is at $(5,0)$, the $x$-coordinate of $Q$ is:
\[a=5+d 1\]\[a=5+6\]\[a=11\]

Therefore, the value of $a$ is $118.

Comparing Solutions (Teacher's Analysis):

Upon comparing the solutions of Student A and Student B, there is a discrepancy in their final answers. Student A calculated the value of $a$ to be $8.25$,
while Student B calculated it to be $118$. The methods employed by both students were also different. Student A used the Pythagorean theorem and
algebraic manipulation, while Student B used the principles of similarity and proportionality.

Final Solution (Teacher's Conclusion):

To resolve the discrepancy, we must carefully examine the assumptions and calculations made by both students. Student A's approach seems to have made
an algebraic error in the manipulation of the equations. Student B's approach, while conceptually sound, also made an error in assuming that the distance
from the center of the smaller circle to $QS$ is equal to the distance between the centers of the circles.

The correct approach is to use the similarity of the right triangles formed by the tangent line, the radii at the points of tangency, and the line segment
connecting the centers of the circles. The ratio of the radii is $1:28$, and this ratio should also apply to the distances from the points of tangency to $QS.
Let's denote the distance from the point of tangency on the smaller circle to $Q$ as $x$ and the distance from the point of tangency on the larger circle to
$Q$ as $2x$ (due to the ratio of the radii). The distance between the centers of the circles is $6$ units, so the distance from the center of the smaller circle
to $Q$ is $x + 18 (since the radius of the smaller circle is $1$ unit), and the distance from the center of the larger circle to $QS is $2x + 28 (since the
radius of the larger circle is $2$ units).

Setting up the equation based on the distance between the centers:

[x+1+2x+2=6\]\[3x+3=6\]\[3x=3\]\[x=1\]

Now, the $x$-coordinate of $QS is:

[a=5+x+1\]\[a=5+2\]\[a=7\]

Therefore, the correct value of $a$ is $7$. Here is the final result in LaTeX:

\_ \[\boxed{a =7}\]

Figure 10: Case study 2: geometry problem-solving.
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é ### Problem:

Based on the chessboard figure and the provided FEN notation, evaluate the current position. Is it 1) advantageous for White, 2) advantageous for Black,
or 3) balanced?

EQd L£44E
FEN notation: 2
mb1kbnr/pp2pppp/8/2p5/4P3/5N2/PPP2PPP/RNBKIBIR b kq - 0 5 ' 3 A441

### Solution: A % 2 = g 2y &
Analysis from Analyst A (FEN-Based): g E

Initial Assessment: The FEN provided is "mb1kbnr/pp2pppp/8/2p5/4P3/5SN2/PPP2PPP/RNBKIBIR b kq - 0 5". This FEN indicates that it is Black's turn
to move. The kingside castling rights have been lost for both sides, but both sides retain their queenside castling rights. There is no possibility for an en
passant capture. The move number is 5, indicating the game is still in the opening phase.

Material Balance and Positional Elements: Material is even, with both sides having all their pieces aside from the missing kingside rooks, which must have
been traded off given the FEN and missing castling rights. The black king is somewhat exposed due to the absence of the kingside rook; however, the
white king is also centralized and lacks some safety. White has better control of the center with a pawn on e4 and the potential for d4. White's knight on f3
is developed, while Black's pieces are yet to be activated. There are no immediate tactical motifs present in the FEN description, but White's lead in
development and central control could lead to tactical opportunities soon.

Concluding Thought: White appears to have a slight positional advantage due to better control of the center and lead in development. However, this
advantage is not significant, as the material is even and there are no immediate threats.

Analysis from Analyst B (Figure-Based):

Visual Assessment: The visual representation shows that both sides have lost their h1 and h8 rooks along with the ability to kingside castle. Black's king
appears slightly more vulnerable without the rook on h8. White has a central pawn on e4 and a developed knight on 3, suggesting more control over the
center.

Positional Dynamics and Tactical Insights: There are no immediate pins, forks, or skewers visible on the board. White's king is centralized, which can be a
liability, but since many pieces are on the board, there may not be an immediate way for Black to exploit this. Black needs to catch up in development but
has no structural weaknesses.

Concluding Thought: The position seems nearly balanced with a slight edge for White based on development and central control. However, the safety of
both kings must be taken into consideration, and Black has the move, which can potentially allow for quick catch-up in development.

Comparing Analyses (Referee's Synthesis):

Reconciliation of Perspectives: Both FEN-based and figure-based analyses agree that material is equal and the game is still in its early stages. Both
analyses note White's better central control and slight lead in development, but potential king safety issues for both sides. The visual analysis emphasizes
the potential vulnerabilities of the kings, while the FEN-based analysis highlights the importance of control and development.

Synthesis of Insights: Integrating both perspectives, the position offers White some initiative due to lead in development and central control, but this
advantage is not decisive. Black's next move is crucial in determining whether they can neutralize White's initiative and fortify their position, particularly
the safety of their king.

Decisive Judgment: The position, while slightly favoring White due to developmental factors, is not overwhelmingly advantageous for either side. Black's
ability to respond effectively on the next move plays a significant role in this judgment.

Final Assessment (Referee's Detailed Conclusion):
Step-by-Step Analysis: The material balance is even, hence no side possesses a material advantage. White's development is better, but Black can quickly
develop with moves like Nc6 and d6. Both kings have safety concerns, though right now this is not creating tactical opportunities for either side. The

absence of immediate tactical motifs means that the position will likely be decided by strategic maneuvers and long-term planning.

Comprehensive Conclusion: Considering the above, the position is only slightly in White's favor due to the slight lead in development and control over the
center. However, Black has no structural deficiencies and can balance the position with accurate play.

Clear Statement: The overall assessment of the position leans towards a slightly advantageous situation for White, but the equilibrium is not significantly
disturbed, warranting the conclusion that the position is largely balanced with chances for both sides.

Hence, the final judgment for the position would be "\boxed{3}", indicating a balanced position.

Figure 11: Case study 3: chess positional advantage prediction.

7276



( ### Problem:

Based on the chessboard figure and the provided FEN notation, evaluate the current position. Is it 1) advantageous for White, 2) advantageous for Black,

or 3) balanced? z oo g m E
FEN notation: ‘ ‘ m - ‘ ‘ ‘
r3kbnr/pp1nlppp/1q2p3/2ppP3/3P4/2P5/PP3PPP/RNBQKINR w KQkq - 1 7 g ‘

' O Wi

4

A
#### Solution: AT 5 A TS
Analysis from Analyst A (FEN-Based) g @ g@g @ E

Initial Assessment: The FEN notation indicates that it's White's turn to move. The positions of the pieces are as follows: White has not yet developed its
queenside knight and bishop, while the Black queen is actively positioned on b6, exerting pressure on the d4 pawn. Both kings still have castling rights on
both sides, there is no possibility for en passant, and it is only the 7th move of the game.

Material Balance and Positional Elements: Material is even, but White has more space in the center with the pawn on e5. However, White's lack of
development could become a liability. Black has a solid pawn structure, and the completed knight development allows for potential play against White's
center. White's e file is semi-open but not currently in use; meanwhile, Black's pieces could become quite active, especially considering the centralized
queen and the potential for the dark-squared bishop to be developed.

Concluding Thought: From the FEN analysis, the position seems balanced with a slight bias towards Black due to White's lack of development. Still, no
immediate tactical threats give White some leeway to complete development and potentially exploit its central space advantage.

Analysis from Analyst B (Figure-Based)

Visual Assessment: In the figure, we can see that White's pawn structure is more advanced, notably with the pawn on e5, while Black's structure is
compacted on the third and fourth ranks. Neither side has castled yet, and Black's queen looks aggressively posted on b6. White has undeveloped pieces on
the queenside, which could prompt a push from Black, especially on the c-file.

Positional Dynamics and Tactical Insights: Visually, Black's position seems harmonious, with a possible plan to increase pressure on White's center with
moves like ...cxd4. The advanced e5 pawn could become a target for Black's pieces. White, on the other hand, might look to develop pieces rapidly with

moves such as Nf3 or Bd3 to harness the central space of the pawn on e5.

Concluding Thought: Visually, Black appears to have a slight edge due to better piece activity and potential against White’s central pawns. It's important
for White to catch up in development to ensure control over the situation and mitigate any immediate dangers.

Comparing Analyses (Referee's Synthesis)

Reconciliation of Perspectives: Both analysts agree that the position seems quite balanced; however, Analyst A tends to highlight White's central space,
while Analyst B emphasizes Black's piece activity and potential play against White's center.

Synthesis of Insights: There is a recognized need for White to develop its pieces quickly to avoid falling behind in piece activity. Both sides have their
trumps: White with the space advantage and potential kingside play, and Black with control of the ¢ and d files.

Decisive Judgment: Taking into account the insights from both the FEN-based and figure-based analyses, the position is balanced with tendencies for
Black due to the more active placement of pieces. White's move provides an opportunity to address the issue of piece development and space usage.

Final Assessment (Referee's Detailed Conclusion)
Step-by-Step Analysis: White must consider development moves such as Nf3, Bd3, or even Be3 to address the pressure on d4. A move such as Nf3 allows
for rapid development and O-O in safety. Black, conversely, will look to capitalize on White's temporary lag in development, possibly with moves such as

cxd4 or ...f6 to challenge White's center.

Comprehensive Conclusion: Taking into account the central space advantage for White and the better piece activity for Black, the position offers chances
for both sides. White's immediate task is to develop pieces, and Black must seek to create play against White's central pawns and lagging development.

Clear Statement: Considering the entirety of both analyses and the potential for both sides, the game is judged to be balanced with opportunities for each
player to claim the upper hand. Therefore, the conclusion is that the position is:

\boxed{3} Balanced
\_ {3}

Figure 12: Case study 4: chess positional advantage prediction.
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( ### Problem:

Based on the molecular structure figure and the provided SMILES representation, evaluate the compound. Is it 1) mutagenic, or 2) non-mutagenic?

SMILES representation: B
cle(ee(e(c1[N+](=0)[O-DN)Br)[N+](=0)[O-]
NH,
o
\/N' N =C
0
### Solution: c[

Analysis from Student A (SMILES-Based):

Upon examining the SMILES representation ‘clc(ce(c(c1[N+](=0)[O-])N)Br)[N+](=0)[O-]', I can identify several structural features: The compound
contains a benzene ring as indicated by ‘clc(cc(c(cl)...". There are two nitro groups ‘[N+](=0)[O-]" attached to the benzene ring. An amino group ‘N" is
also attached to the benzene ring. A bromine atom 'Br" is attached to the benzene ring.

Comparing these features to the provided illustrative instances: The compound has a similar nitro group arrangement to the mutagenic example
“cleec2e(cl)eee3c2ecce(e3)[N+](=0)[O-]". However, the presence of the amino group and the bromine atom differentiates it from the provided examples.

Assessing the overall molecular configuration: The presence of two nitro groups could suggest a higher likelihood of mutagenicity due to their electron-
withdrawing nature, which can destabilize the DNA structure. The amino group, on the other hand, is an electron-donating group, which could potentially
reduce the mutagenic effect of the nitro groups. The bromine atom is a bulky substituent that could influence the spatial orientation of the molecule and its
interaction with biological systems.

Based on the structural elements and their comparison with the illustrative instances, the compound's configuration suggests a potential for mutagenicity
due to the presence of two nitro groups. However, the mitigating effects of the amino group and the bromine atom must be considered. The final
determination of mutagenicity should take into account the balance of these effects.

Analysis from Student B (Figure-Based):

Acknowledging the figure provided, I observe the following: The spatial arrangement shows the nitro groups and the amino group in close proximity on the
benzene ring. The nitro groups are in meta positions relative to each other, which is a configuration not explicitly covered in the provided examples. The
amino group is in the para position relative to one of the nitro groups.

Comparing the spatial arrangement to the provided examples: The figure does not show a direct correlation with the provided mutagenic or non-mutagenic
examples, as the specific arrangement of substituents is unique.

Reflecting on the approach: My analysis is focused on the spatial arrangement and the potential steric and electronic effects of the substituents, which is
different from Student A's SMILES-based analysis.

Considering the overall geometry and electronic effects: The electron-donating amino group could potentially stabilize the benzene ring against the
electron-withdrawing effects of the nitro groups. The bromine atom's size may hinder the molecule's interaction with biological systems, potentially
reducing its mutagenic potential.

Based on the figure-specific insights and the unique arrangement of functional groups, the compound may exhibit reduced mutagenicity compared to the
provided mutagenic examples. The steric hindrance and electronic donation by the amino group suggest a mitigating effect on the mutagenicity.

Comparing Analyses (Teacher's Synthesis):
Student A's analysis, based on the SMILES representation, suggests a potential for mutagenicity due to the presence of two nitro groups. However, Student
A also considers the possible mitigating effects of the amino group and the bromine atom.

Student B's analysis, based on the figure, emphasizes the spatial arrangement and the steric and electronic effects of the substituents. Student B suggests
that the amino group and the bromine atom could reduce the mutagenic potential of the compound.

The primary difference in their analyses lies in the emphasis on electronic effects (Student A) versus spatial arrangement and steric hindrance (Student B).
Final Assessment (Teacher's Detailed Conclusion):

Considering both analyses, the compound exhibits characteristics that could be associated with mutagenicity, such as the presence of two nitro groups.
However, the mitigating factors, including the electron-donating amino group and the steric hindrance provided by the bromine atom, suggest a reduced

likelihood of mutagenicity.

Balancing the structural features and their potential effects, the final assessment leans towards a reduced mutagenic potential. Therefore, the compound is
likely to be:

\boxed{2} Non-mutagenic

Figure 13: Case study 5: molecular property prediction.
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( ### Problem:

SMILES representation:
clee(ce(c1)[N+](=0)[O-]D[N+](=0)[O-]

z=—o0

N\,

Based on the molecular structure figure and the provided SMILES representation, evaluate the compound. Is it 1) mutagenic, or 2) non-mutagenic?
### Solution:

\@/ o
Analysis from Student A (SMILES-Based):

Upon examining the SMILES representation "clcc(cc(c1)[N+](=0)[O-])[N+](=0)[O-]", I can identify several important structural features: The compound
contains a benzene ring, as indicated by "clcc(cc(cl)...". There are two nitro groups attached to the benzene ring, as shown by the '[N+](=0)[O-]"
segments.

Comparing these structural elements to the provided illustrative instances: Mutagenic: clccc2c(cl)cce3c2ece(c3)[N+](=0)[O-]; Non-mutagenic:
clee2ecenc2e(c1)[N+](=0)[O-]; Non-mutagenic: clcc2¢(ceen2)c(c])[N+](=0)[O-]; Mutagenic: clccc-2¢(cl)-c3ccecde3c2e(ced)[N+](=0)[O-]

I can see that the presence of nitro groups is a common feature in both mutagenic and non-mutagenic compounds. However, the mutagenic compounds
have a more complex polycyclic structure, while the non-mutagenic compounds have simpler structures or contain a nitrogen-containing heterocycle.

Assessing the overall molecular configuration, the compound in question has a single benzene ring with two nitro groups. This structure is simpler and
does not contain the polycyclic or heterocyclic features that correlate with non-mutagenicity in the reference compounds. Therefore, based on the SMILES
representation and the comparison with the reference structures, the compound's configuration suggests a potential for mutagenicity due to the presence of
two electron-withdrawing nitro groups on a single benzene ring, which could influence its interaction with biological systems.

Analysis from Student B (Figure-Based):
Acknowledging the figure provided, I can observe the following: The molecular structure shows a single benzene ring with two nitro groups attached to it.
The spatial arrangement of atoms indicates that the nitro groups are in meta positions relative to each other.

Using the illustrative instances for comparison: Mutagenic: clccc2c(cl)ccc3c2ece(c3)[N+](=0)[O-]; Non-mutagenic: clcc2cecenc2e(cl)[N+](=0)[O-];
Non-mutagenic: clcc2c(ceen2)c(cl)[N+](=0)[O-]; Mutagenic: clecc-2¢(cl)-c3cccede3c2e(cc4)[N+](=0)[O-]

I note that the mutagenic examples have complex polycyclic structures, while the non-mutagenic examples do not. The figure shows a simple monocyclic
structure, which is not directly indicative of non-mutagenicity. However, the spatial arrangement of the nitro groups may influence the reactivity of the
compound. The meta position of the nitro groups could potentially stabilize the benzene ring, reducing its reactivity compared to other configurations, such
as ortho or para positions, which are more activating.

Reflecting on my approach, I am focusing on the spatial arrangement and the electronic effects of the functional groups, which is different from Student A's
SMILES-based analysis that primarily considered the presence of functional groups and molecular complexity. My reasoning suggests that the meta-
positioned nitro groups could lead to a lower likelihood of mutagenicity due to stabilization, despite the activating nature of the nitro groups.

Comparing Analyses (Teacher's Synthesis):
Student A's analysis, based on the SMILES representation, suggests that the compound is potentially mutagenic due to the presence of two nitro groups on
a benzene ring, drawing parallels with the reference mutagenic compounds that also contain nitro groups.

Student B's analysis, based on the figure, offers a different perspective by considering the spatial arrangement of the nitro groups. Student B suggests that
the meta positioning of the nitro groups could stabilize the benzene ring, potentially reducing mutagenicity.

The primary difference between the two analyses is the emphasis on molecular complexity and electronic effects. Student A focuses on the presence of
nitro groups and their correlation with mutagenicity, while Student B considers the specific positioning of the nitro groups and their potential stabilizing
effect.

Final Assessment (Teacher's Detailed Conclusion):

After considering both analyses, it is important to reconcile the emphasis on molecular complexity and electronic effects. While the presence of nitro
groups is a common feature in mutagenic compounds, the specific arrangement and electronic influence of these groups on the benzene ring cannot be
overlooked.

The meta-positioned nitro groups in the compound may indeed stabilize the benzene ring, but the activating nature of the nitro groups and their known
association with mutagenicity in other compounds cannot be ignored. Given that the compound lacks the polycyclic or heterocyclic structures associated
with non-mutagenicity and considering the precedent set by similar mutagenic compounds, the final assessment leans towards the compound being
mutagenic.

Therefore, the final solution regarding the compound's mutagenicity is: \boxed{1}

Figure 14: Case study 6: molecular property prediction.
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