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Abstract

Modern logical reasoning with LLMs primar-
ily relies on employing complex interactive
frameworks that decompose the reasoning pro-
cess into subtasks solved through carefully
designed prompts or requiring external re-
sources (e.g., symbolic solvers) to exploit their
strong logical structures. While interactive
approaches introduce additional overhead or
depend on external components, which limit
their scalability. In this work, we introduce
a non-interactive, end-to-end framework for
reasoning tasks, enabling reasoning to emerge
within the model itself—improving generaliza-
tion while preserving analyzability without any
external resources. We show that introducing
structural information into the few-shot prompt
activates a subset of attention heads that pat-
terns aligned with logical reasoning operators.
Building on this insight, we propose Attention-
Aware Intervention (AAI), an inference-time
intervention method that reweights attention
scores across selected heads identified by their
logical patterns. AAI offers an efficient way
to steer the model’s reasoning toward lever-
aging prior knowledge through attention mod-
ulation. Extensive experiments show that
AALI enhances logical reasoning performance
across diverse benchmarks, and model ar-
chitectures, while incurring negligible addi-
tional computational overhead. Code is avail-
able at https://github.com/phuongnm94/
aai_for_logical_reasoning.

1 Introduction

With the rapid pace of recent LLM develop-
ments (Achiam et al., 2023; Dubey et al., 2024;
Yang et al., 2025), logical reasoning has become
a crucial capability for many real-world appli-
cations that leverage the reasoning abilities of
LLMs (Olausson et al., 2023; Gao et al., 2023a;
Pan et al., 2023). In this task, a question is accom-
panied by a context consisting of predefined facts

and inference rules. The system is required to per-
form reasoning over these facts and rules in order
to produce the correct answer to the question.

The challenge of logical reasoning tasks lies in
the complexity of predefined rules and the large
number of reasoning steps that must be processed
sequentially. In general, the reasoning process can
be divided into three sub-steps: assess whether the
available information (premises or facts) is suffi-
cient to answer the question; if not, select the ap-
propriate rule(s) to apply; and derive new premises
from the given facts and selected rules (Sun et al.,
2024). These sub-steps are repeated until the ques-
tion is answered. Fig. 1 (left) shows a sample from
ProofWriter dataset (Tafjord et al., 2021), where
each reasoning step is annotated with numbered
tags. Although each step of reasoning i.e., match-
ing conditions and generating new premises is rel-
atively trivial for humans, LLMs often make mis-
takes such as selecting the incorrect rules for the
given step or failing to determine when the reason-
ing process should terminate (Zhang et al., 2025).

To address this challenge, prior work has inves-
tigated two main approaches. The first approach
integrates external symbolic solvers (Fig. 1 mid-
dle), delegating the reasoning process to automated
theorem provers or programming languages (Ye
et al., 2023; Pan et al., 2023; Gao et al., 2023b; Xu
et al., 2024a). While symbolic solvers can achieve
strong performance, they often rely on highly ca-
pable LLMs (e.g., ChatGPT) to reliably translate
natural language descriptions into formal logical
representations (e.g., first-order logic) (Ye et al.,
2023; Gao et al., 2023b). The second approach
constructs frameworks that systematically decom-
pose complex reasoning into sub-tasks such as rule
selection, premise inference, and scoring to im-
prove reliability in solving individual steps (Zhang
et al., 2025; Feng et al., 2024; Sun et al., 2024; Xu
et al., 2024b). This approach highlights sub-task
specialization as a key factor in improving the faith-
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Figure 1: Overview of the comparison between the proposed method and existing approaches.

fulness of the reasoning process. However, such
methods do not directly evaluate the intrinsic rea-
soning ability of LL.Ms, that is, their capacity to
solve the entire problem step by step in a single
pass (non-interactive). Nguyen et al. (2025) in-
troduced Symbolic-Aided CoT prompting, which
incorporates a lightweight symbolic structure into
the input. This structure abstractly represents fun-
damental reasoning operators, including rule selec-
tion, inference, and knowledge updating. However,
its efficiency has so far been empirically validated,
hindering a better understanding of how and why
the injected structural information enhances LLMs’
logical reasoning capabilities. In this paper, we
pose a general question:

RQ: How do LLMs encode and utilize struc-
tural information in their latent representa-
tions for logical reasoning?

We begin with a preliminary analysis of attention
heads in LLM for logical reasoning. We observe
that injecting symbolic structures into few-shot
prompts induces structured activation patterns in
certain attention heads, aligning with specific logi-
cal reasoning operations. We categorize attention
heads into three functional types. These include an-
chor heads, which are responsible for memorizing
information; aggregation heads, which integrate
newly derived premises and propagate information
to the subsequent words of the generation process,
and copy heads, which replicate newly generated
premises when updating the knowledge base or
applying matching rules.

Inspired by recent findings (Sun et al., 2024;
Xu et al., 2024b), which demonstrate that each
logical reasoning sub-task e.g., rule selection or
new premise generation can be individually in-
ferred by specific few-shot prompts, we introduce

Attention-Aware Intervention (AAI), a lightweight
and model-agnostic intervention method that en-
ables the model to focus on focal rules being con-
sidered at each inference step while reducing noise
from unrelated rules—as a form of prior knowl-
edge. Extensive experiments demonstrate that
AALI enhances logical reasoning performance on
well-known benchmarks, including ProofWriter,
PrOntoQA, Logical Deduction, and FOLIO across
model architectures such as Qwen-3, Phi-4, OLMo-
2, and sizes ranging from 1.7B to 32B while intro-
ducing negligible additional computational over-
head. Moreover, with the Qwen-3 32B model,
our method achieves competitive performance with
state-of-the-art approaches, even compared to those
using more powerful closed-source LLMs (e.g.,
gpt-4) with external interactive modules or sym-
bolic solvers.

2 Preliminary Experiments

Problem. Logical reasoning requires deriving an
answer A to a question () from a set of N contex-
tual rules R = {r;}¥ where only a relevant subset
R* C R supports the correct inference graph (We-
ston et al., 2015; Tafjord et al., 2021).

Experimental setting. In this section, we con-
duct preliminary experiments to examine the ef-
fect of injecting structural information into few-
shot CoT prompting on the distribution of atten-
tion heads in the Transformer’s multi-head layers.
Specifically, we reproduce the Symbolic-Aided
CoT method (Nguyen et al., 2025) and analyze
the typical patterns of attention scores to explain
why Symbolic-Aided CoT achieves significant per-
formance on logical reasoning tasks.

In Symbolic-Aided CoT prompting (Nguyen
et al., 2025), the authors first tag the rules and facts
in the logical reasoning problem as variables (e.g.,
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Figure 2: Visualization of attention heads in the Qwen3-8B model on an example (a generated reasoning output)
from the Proof Writer dataset. Higher attention scores are represented by stronger colors. For ease of interpretation,
every five subword tokens are grouped along both the x- and y-axes in the figure caption. A more detailed (or

full-scale) version of this figure is provided in Fig. 7).

Rulel). A set of symbolic tokens (e.g., =>, F) is
then injected into the prompt to represent the struc-
ture of the reasoning flow. The inference process
is constructed using reasoning operators, including
rule selection, new premise inference, and knowl-
edge base (KB) updating.

The experiments are performed using two-shot
Symbolic-Aided CoT on the ProofWriter dataset
(Table 1 shows a generated reasoning output pro-
duced by Qwen3-8B LLM). We visualize the at-
tention matrix values in Fig. 2. These values are
computed as softmax(qk' /v/d), where ¢ and k
denote the query and key matrices in the last trans-
former decoder layer, and d is their dimensional-
ity (Vaswani et al., 2017). The x- and y-axes corre-
spond to the key and query tokens, respectively.

Observations. Attention structuring. Firstly, con-
sistent with the observations of Nguyen et al.
(2025), we found that these logical symbols are rep-
resented separately in the hidden semantic space.
In the self-attention representations, these symbols
receive significantly less attention than informative
words such as “Gary” or “round”. This discrepancy
causes discontinuities in the self-attention matrix
(shown as white or colorless points in Fig. 2).
Attention pattern. Secondly, we found that a sub-
set of attention heads in the self-attention layer re-
flects the reasoning operators, as shown by the high-
lighted patterns corresponding to strong word-pair
dependencies. In the Transformer decoder’s self-
attention layer, the information of a query token
vector is aggregated from previous token vectors,
with the proportion of contribution represented in
the attention matrix (further detail in Appendix B).

Table 1: Symbolic-Aided CoT prompting. The colored
text spans were used for attention visualization.

# (Rule8): Rough things are blue.

# (Rule9): Red, quiet things are blue.

# (Rule10): All rough, blue things are nice.

# (Rulel1): If something is quiet and round then it is not nice.
# (Rule12): If Harry is red then Harry is rough.

# (Rule13): If something is nice then it is round.

‘ # (Rule14): If something is round then it is red.

# (Rulel5): Red things are not quiet.

# (Question): Based on the above information, is the following
statement true, false, or unknown? Gary is red.

# (Answer): Start from the object and their condition mentioned in
the question to collect relevant facts: Gary, is red

#KB={}

=> Rule6 = “Gary is rough”

# KB = {Gary is rough}

=> F(KB(“Gary is rough”), Rule8) => “Gary is blue”

# KB = {Gary is rough, Gary is blue}

=> F(KB(“Gary is blue”), Rule10) => “Gary is nice”

# KB = {Gary is rough, Gary is blue, Gary is nice}

=> F(KB(“Gary is nice”), Rule13) => “ Gary is round”

# KB = {Gary is rough, Gary is blue, Gary is nice, Gary is round}

=> F(KB(“Gary is round”), | Rule14 |) => “Gary is red”

# KB = {Gary is rough, Gary is blue, Gary is nice, Gary is round,
Gary is red}

# valid the question with current infered premies

=> Validate(Gary is red, KB(“Gary is red”)) = True.

In Fig. 2 - Head 28, each token primarily attends
to itself, without incorporating information from
other tokens. The highlighted points mainly corre-
spond to informative words (e.g., “Gary”, “round”).
We identify this type of head as an anchor head,
which serves to retain premise-related information.
In the second image of Fig. 2 (Head 8), the newly
generated premise tends to distribute its informa-
tion to subsequent inference steps. For example,
the premise “Gary is round” contributes to the rep-
resentations of many following tokens, correspond-
ing to the vertical highlights observed in the at-
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tention map. We identify this type of head as an
aggregation head, which supports matching the
generated premises with the applicable rules in the
logical inference process. The last image (Head 22)
presents another attention pattern characterized by
short diagonal alignments, reflecting the copying of
an entire information span to another span. For in-
stance, the premise “Gary is round” is copied to the
knowledge base (KB) variable after it is generated.
We identify this type of head as a copy head.

Motivation. Building on the previous observa-
tions, we address the second research question
(RQ2): how can we modify the attention matrix
to effectively inject prior knowledge into LLMs? In
the Symbolic-Aided CoT framework, each rule is
tagged with a symbolic identifier (Rule<index>),
requiring the model to retrieve and maintain the
corresponding rule information throughout the rea-
soning process. However, this design can lead to
information decay in long reasoning chains, as the
identifiers and their associated rule contents often
appear in distant spans (e.g., Rule14 in Table 1).
Furthermore, in copy heads, the copying behavior
typically occurs within the same or paraphrased to-
ken spans, whereas the original rule content should
instead be propagated to the representation of its
identifier during reasoning. Similarly, in anchor
heads, attention tends to focus on the identifiers
themselves rather than capturing the semantics of
the underlying rule content.

To address this issue, we propose a mechanism
that first categorizes anchor heads and copy heads
and then adaptively reweights them to reinforce the
linkage between rule identifiers and their original
rule representations. In essence, this process injects
structural prior knowledge into the attention mech-
anism, ensuring that each rule reference remains
grounded in its semantic content during reasoning.

3 Methodology

In this section, we present the details of our pro-
posed method for analyzing attention head pat-
terns to select attention head patterns (e.g., anchor
heads), and our Attention-Aware Intervention mech-
anism for reweighting their attention scores to in-
ject prior knowledge into LLMs.

Transformer decoder-only architectures are the
dominant design for recent LLMs (Radford et al.,
2019; Dubey et al., 2024; Yang et al., 2025). In
these models, semantic features representing the
meaning of an input sequence are computed within

the multi-head attention layers. Specifically, the
self-attention mechanism captures dependencies
among word pairs. For generation tasks, a causal
mask (M = Musaly is applied to prevent tokens
from attending to future positions (Vaswani et al.,
2017). Given, query and key matrices, ¢, k € RL*¢
general formulation of attention is:

gk’
S=— 1
Jd (D
A = softmax (S + M) (2)
hattn —A-v (3)

Beyond this standard use, masked matrices have
also been explored as a means of injecting prior
knowledge into Transformer architectures. For
example, in neural machine translation, masks
have been employed to encode syntactic depen-
dency structures (Bugliarello and Okazaki, 2020;
Wang et al., 2019) or to model localness (Yang
et al.,, 2018). Similarly, in emotion recognition
tasks, masks have been utilized to represent intra-
and inter-utterance relationships (Liu et al., 2022;
Zhao et al., 2022). However, in the context of
in-context learning with LL.Ms, no training is per-
formed, which makes customizing masks for prior
knowledge injection significantly more challeng-
ing. Motivated by these observations, we propose
an efficient method to inject reference information
into the decoder-only Transformer architecture by
reweighting the masked matrix M.

3.1 Attention Head Analysis

In this step, our objective is to identify attention
patterns by analyzing the relative positional rela-
tionships between token pairs exhibiting strong
dependencies. Given an attention score matrix
A € REXE (as defined in Eq. 2), where L denotes
the length of the input sequence, each element
(A;;) represents the dependency score between the
i-th query token and the j-th key token.

. — 1 if (A;; > threshold) A (i > j)
77710 otherwise

gdiagonal _ Zi,j|i,j<L71(Hi,j N Hi+1,j+1)

>, Hiy 4

gvertical _ 2ijlj<r—1Hij A Hijiq) )
Zi,j Hi,j

ghorizontal _ Zi7j|1<L—1(Hi,j NHiyy ) ©
> Hij

pattern(A) — (sdiagonal gvertical chorizontal) N
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where threshold is a hyperparameter used for bina-
rization. The head’s pattern is characterized by di-
rectional scores: Sdiagonal’ Svertical’ and Shorizontal,
which quantify the relative density of attention
edges along the diagonal, vertical, and horizontal
directions, respectively. Aggregation heads exhibit
high vertical scores, reflecting strong dependen-
cies between informative tokens. For instance, in
Head 8 of Fig. 2, the token “round” receives con-
centrated attention from subsequent query tokens.
In contrast, anchor heads generally display high
diagonal but low vertical and horizontal scores, in-
dicating self-focused attention patterns.

3.2 Attention Head Reweighting

This component is designed to inject human prior
knowledge into LLMs through a masked matrix
(M). By default, this matrix is defined as the causal
mask (M 2181y which prevents information flow
from future tokens during generation. In Symbolic-
Aided CoT prompting for logical reasoning tasks,
the rule identifier tokens (Rule<number>) should
be semantically linked with their corresponding
rule content. To enable this, we construct two sub-
sets of token pairs: DR°f, which includes pairs
connecting a rule identifier to tokens within its own
rule span, and DN°Ref which includes pairs con-
necting a rule identifier to tokens’ index in other
rules. Intuitively, dependencies in DRf should be
encouraged, whereas those in DN°Ref should be
suppressed. For instance, in Fig. 1, Rule21 illus-
trates such relationships within the DRef set.
Given the scaled dot-product values S computed
by Eq. 1, and considering that the range of hidden-
state values differs across attention heads, we adap-
tively compute median-based normalization for
each head during the reweighting process. Ac-
cordingly, we define two masking matrices, M, iffff
and M}?IJF’Ref, to reinforce the representation of rule
identifiers throughout the reasoning process. These
matrices can be applied independently or combined
to integrate both effects, and are used to re-weight
selected attention heads in the previous step.

Causal __ ) —OQ if i< .]
M o {0 otherwise ®)
NoRef __ ) —OC if (Z,]) S DNoRef
M o {0 otherwise ©)
ket _ Jex median(S) + b if (i,) € DRt
Hi 0 otherwise
(10)
MFinal — MRef 4 MNoRef 4 MCausal (11)

Here, c (reweighting coefficient) and b (reweighting
bias) are configuration parameters that control the
degree of reweighting (Eq. 10). Larger values of ¢
strengthen the connections within the DR¢f set in
alignment with the original attention matrix values.
In contrast, increasing the constant b introduces a
uniform bias that does not depend on the original
attention values.

4 Experiments and Result Analysis

In this section, we present the experimental settings,
datasets, and evaluation metrics used to assess our
proposed method. We then report the main results
compared with several strong baselines across mul-
tiple logical reasoning benchmarks. Finally, we
provide an in-depth analysis and ablation studies
to investigate the effectiveness of each component
in our approach.

4.1 Experimental Setup

Datasets. We evaluate our approach on four
widely used benchmark datasets for logical rea-
soning and one mathematical reasoning dataset. (1)
ProofWriter (Tafjord et al., 2021): we adopt the
subset constructed under the open-world assump-
tion, where each instance can take one of three pos-
sible labels—true, false, or unknown. Following the
experimental setup of Pan et al. (2023), we focus
on the subset with the highest reasoning complexity
(five-hop reasoning), which comprises 600 exam-
ples. (2) ProntoQA (Saparov and He, 2023): simi-
lar to ProofWriter, this dataset contains multi-hop
logical reasoning problems. Consistent with prior
studies (Qi et al., 2025; Nguyen et al., 2025), we
use the most challenging subset that requires five-
hop reasoning, containing 500 evaluation samples.
(3) LogicalDeduction (Srivastava et al., 2023): this
dataset evaluates the ability to deduce the correct
ordering of entities based on a set of logical con-
straints. Following the configuration of Sun et al.
(2024), we use 300 samples that include subsets of
three, five, and seven objects, where an increased
number of objects corresponds to greater reasoning
complexity. (4) FOLIO (Han et al., 2024): this
dataset is constructed by domain experts, in which
logical rules are compiled using real-world knowl-
edge. Following the experimental settings of previ-
ous work (Sun et al., 2024), we use the validation
subset of this dataset, comprising 204 examples,
for evaluation. (5) GSMS8k (Cobbe et al., 2021):
GSMBSk is a collection of high-quality, linguisti-
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cally diverse grade-school math word problems.
We evaluate our method on the test subset, con-
sisting of 1319 examples, to assess our method’s
generalization capability.

Evaluation metric. We employ accuracy as the
evaluation metric, which is a standard measure
in prior work (Sun et al., 2024; Qi et al., 2025;
Nguyen et al., 2025). This choice enables direct
and consistent comparison of our results with exist-
ing methods on the same benchmarks.

Experimental settings. We conducted our ex-
periments primarily on open-source LLMs, includ-
ing Qwen-3 (Yang et al., 2025), OLMo (Groen-
eveld et al., 2024), and Phi-4 (Abdin et al., 2024).
The primary objective of this study is to evaluate
the effectiveness of the proposed Attention-Aware
Intervention (AAI) in comparison with the base-
line Symbolic-Aided CoT (Nguyen et al., 2025) and
standard CoT prompting. To further validate the
generalizability of the AAI mechanism, we intro-
duce a new structured reasoning prompt, termed
Compact Symbolic-Aided CoT, which employs
symbolic representations to provide a minimal
structure for the reasoning process. The prompting
templates used in both the original Symbolic-Aided
CoT and the proposed Compact version are pro-
vided in Appendix E.

We design two experimental settings: (1) Main
AALI setting — we perform attention head anal-
ysis to select anchor heads and copy heads
with sdiagonal 03" then apply the Atten-
tion Head Reweighting mechanism to these
heads; (2) AAI?*®® setting — we apply the same
reweighting mechanism to aggregation heads, se-
lected under the conditions s¥'*@ > 0.6 and
ghorizontal ' jdiagonal () 3 Tp addition, we con-
ducted extensive experiments to analyze the sen-
sitivity of model performance to hyperparameters,
including the binarization, diagonal score thresh-
olds, reweighting coefficient, and bias.

Furthermore, we performed a detailed scalabil-
ity analysis on Qwen-3 models of different sizes—
1.7, 4, 8, and 32B—to assess the consistency of our
method across model scales. Our experiments were
conducted on NVIDIA A40 (46 GB memory) and
H200 (140 GB memory) GPUs for larger LLMs.
For simplicity of implementation, AAI was applied
only to reweight attention scores during the input-
prompting (prefill) phase. We employed greedy
decoding, selecting the highest-logit token at each
generation step to produce deterministic outputs.

4.2 Experimental Results

Main results. We evaluate the performance of
the proposed method from two perspectives: (1)
scalability with respect to model size (Fig. 4), and
(2) generalization across different LLMs (Table 2).
In Table 2, the proposed method demonstrates the
generalization capability. Specifically, it yields im-
provements of +2.5 and +3.0 accuracy on the
ProofWriter and LogicalDeduction datasets, re-
spectively, when applied to the OLMo-2 32B model.
Moreover, when using Phi-4, AAI achieves an
additional +0.66 accuracy gain on the LogicalDe-
duction dataset.

As shown in Fig. 4, by using Qwen-3 models,
our method (AAI - represented by the red diamond
line) exhibits increasingly stronger gains as the
model size grows—particularly on the ProofWriter
and Logical Deduction datasets—achieving notable
improvements of 4+2.83 and +1.67 accuracy, re-
spectively, over the baseline (SymbolA.CoT). For
the ProntoQA dataset, the performance reaches
near saturation with the 32B model (over 99% ac-
curacy); hence, the improvement gains are more
pronounced for the 8B and 14B model sizes.

Our AAI mechanism also demonstrates strong
generalization across diverse structured prompt-
ing strategies and domains. It consistently im-
proves performance across datasets and LLMs
when combined with the Compact Symbolic-Aided
CoT prompting and remains effective on GSMS8k,
a mathematical reasoning benchmark (Table 2).
Notably, under the GSM8k prompting setting (Ta-
ble 12 in Appendix E), few-shot prompting enables
LLMs to autonomously decompose the input con-
text into rule-like structures. The key principle
underlying the application of our AAI mechanism
is to decompose the overall problem into subprob-
lems and to appropriately steer the attention of
LLMs to address each subproblem through a struc-
tured reasoning process. These results highlight the
potential applicability of our approach to other rea-
soning tasks, such as commonsense and multi-hop
reasoning.

Ablation studies. To evaluate the contribution
of each sub-component in our proposed method,
including the effects of Attention Head selection
and reweighting, we conducted ablation studies
on two datasets that are not affected by saturation
performance: ProofWriter and LogicalDeduction
(Fig. 3). In comparison, the AAI method tends to
select copy heads and anchor heads, while AAI?*&&
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Table 2: Performance comparison between our method and existing approaches. E.Solver denotes systems that
incorporate an external symbolic solver module. Results marked with * are reproduced or obtained in this work.

The best performance in each category is highlighted.

Methods + LLMs Interaction mode ProofWriter ProntoQA L.Deduction FOLIO GSMS8k
Closed-source LLM: GPT-4
CoT (Sun et al., 2024) Non-Interactive 67.41 91.00 73.33 67.65 -
Logic-LM (Pan et al., 2023) Interactive +E.Solver 79.66 83.20 87.63 78.92 -
DetermLR (Sun et al., 2024) Interactive +Program 79.17 98.60 85.00 75.49 -
SymbCoT (Xu et al., 2024b) Interactive +Program 82.50 99.60 93.00 83.33 -
Symbolic-Aided CoT (Nguyen et al., 2025) Non-Interactive 77.09 100.00 86.33 74.51 -
QOwen3-32B
Symbolic-Aided CoT (Nguyen et al., 2025)*  Non-Interactive 79.67 99.20 88.00 69.61 -
+AAI (ours)* Non-Interactive 82.50 99.40 89.67 71.09 -
Compact Symbolic-Aided CoT (ours)* Non-Interactive 74.00 91.20 74.67 70.59 91.81
+AAI (ours)* Non-Interactive 74.83 95.20 75.33 75.00 92.27
OLMo-2-0325-32B-Instruct
Symbolic-Aided CoT (Nguyen et al., 2025)*  Non-Interactive 65.00 92.60 51.33 64.22 -
+AAI (ours)* Non-Interactive 67.50 93.00 54.33 64.22 -
Compact Symbolic-Aided CoT (ours)* Non-Interactive 55.17 73.60 45.00 52.94 82.94
+AAI (ours)* Non-Interactive 56.00 72.80 46.00 53.92 83.02
Phi-4 (14B)
Symbolic-Aided CoT (Nguyen et al., 2025)*  Non-Interactive 76.33 99.40 91.67 70.59 -
+AAI (ours)* Non-Interactive 76.33 99.00 92.33 72.06 -
Compact Symbolic-Aided CoT (ours)* Non-Interactive 66.00 97.00 79.33 64.21 87.41
+AAI (ours)* Non-Interactive 67.00 97.80 80.00 64.71 87.57
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Figure 3: Ablation study on our AAI method.

tends to select aggregation heads. Meanwhile,
AATHeadsSel- applies attention reweighting to all
heads without selection. Notably, in the case of
the Qwen-3 and OLMo 32B model, our methods at-
tained consistently higher performance across all
three configurations, highlighting the effectiveness
of our attention reweighting mechanism in embed-
ding prior knowledge within LLMs.

We found that using copy heads and anchor
heads leads to more consistent performance im-
provements over the baseline model across various
LLMs and datasets. In the AAI?*®8 variant, the
proportion of selected heads typically ranges from
30-40% of all attention heads, whereas the standard
AAI selects 7-20%. Because both AATHeadsSel.

and AAI®8& affect a substantially larger portion of
aggregation-related attention heads, they are more
likely to alter the LLM’s decoding states. This
broader intervention can yield noticeable perfor-
mance gains (e.g., the 8—14B region in Fig. 4), but
it also entails a higher risk of degrading the model’s
overall behavior. In contrast, our main AAI mech-
anism targets anchor or copy heads, which are re-
sponsible for storing information, as the attention
reweighting strategy is designed to relocate refer-
encing information. This targeted intervention of-
fers a more controlled and interpretable adjustment,
whereas reweighting a large fraction of aggregation
attention heads may introduce instability.

Hyperparameter sensitivity analysis. To assess
the robustness of our AAI method with respect to
configuration hyperparameters, we conducted ex-
tensive experiments on the LogicalDeduction and
ProofWriter datasets using two LLMs, Qwen3-32B
and Phi-4 (Fig. 5). The evaluated hyperparame-
ters include the binarization threshold, diagonal
criterion, reweighting coefficient, and bias values.

The results demonstrate that our AAI method
is robust to variations in configuration hyperpa-
rameters. In addition, both Qwen3-32B and Phi-4
show consistent performance improvements on the
LogicalDeduction dataset compared to the base-
line. In the rightmost column of the figure, by
setting the coef value to 0, a constant term (bias),
which is not adaptive to the original attention val-
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Figure 4: Performance across different model sizes of Qwen-3 with three prompting techniques on three datasets.

ues, is added to the attention matrix. As the mag-
nitude of this constant increases, the performance
of the LLMs can be adversely affected, particularly
on datasets with strong rule dependencies such as
ProofWriter (the red lines of the right most col-
umn). For experiments with the Phi-4 14B model
on the ProofWriter dataset (the bottom row), only
a small difference is observed compared with the
baseline model. Our observations indicate that a
large portion of the errors stem from incorrect rule
selection or mismatches between the question and
the premises in the KB set during the final answer
step (Nguyen et al., 2025). Consequently, overall
performance improvements remain limited, despite
our AAI method supporting more faithful reason-
ing through improved rule representations. We
leave addressing these issues to future work.

Semantic representation. Fig. 6 presents a t-
SNE visualization of the last-layer hidden states of
the final token in the input prompt, obtained using
the Qwen3-8B model on the ProofWriter dataset,
comparing standard CoT, Symbolic-Aided CoT,
and our proposed AAI method. We observe that
both Symbolic-Aided CoT and AAI exhibit similar
distribution patterns, segmenting the dataset into
finer-grained sub-clusters compared to standard
CoT. Moreover, misclassified samples (red points)
tend to appear in regions where clusters overlap.
These results indicate that both Symbolic-Aided
CoT and AALI effectively incorporate structural in-
formation into their representations. When com-
paring Symbolic-Aided CoT with our AAI method,
AAI produces more distinct and compact clusters,
as reflected by the wider range of values along both
the x- and y-axes and the denser grouping of points
within each cluster.

Attention head pattern. In Fig. 11 Appendix D,
we present the attention head pattern scores for all
heads across 36 layers in the Qwen3-88 LLM. Each
attention head is evaluated using three metrics: di-

agonal, vertical, and horizontal scores. The red
zoomed-in region on the left highlights a head with
a high diagonal score. The top-right blue zoomed-
in region illustrates heads exhibiting high values
across all three scores. In contrast, the bottom blue
zoomed-in region shows heads characterized by a
high vertical score but relatively low horizontal and
diagonal scores. The results show that a large pro-
portion of heads in this model exhibit a high rate
of vertical patterns. In contrast, the lower layers
typically show high scores across all three pattern
types—vertical, horizontal, and diagonal-indicating
that information in these layers is beginning to be
integrated and features are being extracted based
on more complex dependencies.

5 Related Work

Logical reasoning. Existing research on logical
reasoning with LLMs generally follows two direc-
tions. The first leverages external symbolic solvers,
where LLMs translate natural language into formal
logic and delegate inference to symbolic reason-
ers (Pan et al., 2023; Ye et al., 2023; Olausson et al.,
2023; Gao et al., 2023b; Yao et al., 2023; Xu et al.,
2024a). In contrast, our approach embeds structure
directly into the reasoning process, enabling the
LLM itself to act as a symbolic reasoner without
relying on external solvers. The second direction
focuses on interactive prompting frameworks, such
as least-to-most prompting, which decompose com-
plex reasoning into subtasks (e.g., rule selection,
premise derivation, and scoring) to improve accu-
racy and faithfulness (Zhou et al., 2023; Zhang
et al., 2025; Kazemi et al., 2023; Feng et al., 2024;
Sun et al., 2024; Lee and Hwang, 2025). Unlike
these methods, our approach is non-interactive,
producing the final answer in a single forward
pass through the LLM. Compared to Nguyen et al.
(2025), we further enhance the explainability of
Symbolic-aided CoT prompting and introduce an
Attention-Aware Intervention mechanism to inject
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dataset under three reasoning settings: standard CoT, Symbolic-Aided CoT, and our proposed Attention-Aware

Intervention (AAI), shown from left to right, respectively.

prior knowledge into LLMs.

Attention analysis. Recent work has examined
the interpretability of Transformer attention heads
by analyzing their functional roles and activation
patterns. Prior studies have identified causally rel-
evant or reasoning-specialized heads through in-
terventions (Nam et al., 2025; Park et al., 2025).
Elhelo and Geva (2025) and Zhao et al. (2025)
examined how attention parameters or activation
stability relate to task generalization. Bogdan et al.
(2025) explore sentences as thought anchors and
analyze patterns of attention heads with high rele-
vance. Other approaches steer attention to empha-
size user-specified instruction components (Zhang
et al., 2024; Venkateswaran and Contractor, 2025).
In contrast, our work investigates attention behav-
ior under structured reasoning prompts with ex-
plicit symbolic operators. We introduce a fine-
grained taxonomy of anchor, aggregation, and copy

heads, and propose a dynamic attention reweight-
ing mechanism to inject prior knowledge, bridg-
ing attention-level interpretability with controllable
symbolic reasoning in non-interactive settings.

6 Conclusion

We presented Attention-Aware Intervention, a non-
interactive and end-to-end framework for enhanc-
ing logical reasoning with LLMs. By incorporating
symbolic structural information into the few-shot
prompt, we revealed that special attention heads
exhibit activation patterns aligned with logical rea-
soning operators. Leveraging this insight, AAI
modulates attention scores across these heads to
guide reasoning without relying on external com-
ponents or complex multi-step interactions. Our
findings shed light on the development of scalable,
interpretable reasoning systems with LLMs.
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Limitations

While our proposed Attention-Aware Intervention
(AAI) framework demonstrates strong performance
and improved interpretability across multiple logi-
cal reasoning benchmarks, it also has several lim-
itations. First, our method has been primarily
evaluated on synthetic and small-to-medium-scale
datasets, which may not fully capture the complex-
ity of real-world reasoning scenarios. Second, al-
though AALI effectively injects symbolic structure
into LLMs, the intervention depends on model-
specific attention patterns, which may limit its gen-
eralizability to architectures that do not employ the
self-attention mechanism. Finally, our current work
focuses exclusively on logical reasoning tasks; ex-
tending AAI to other domains, such as common-
sense reasoning, remains an important direction for
future research.
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A Al Usage Declaration

Al tools were used for grammar checking and for-
matting of tables and figures, and polish writing.
All technical content and implementations were
written by the authors.

B Attention Head Observation

In the self-attention layer of the Transformer ar-
chitecture, for a token at position ¢ in a sentence
of length L, we have the corresponding query
(q; € R™9%), key (k; € R¥9%) and value (v; €
R*4v) representations. Intuitively, the representa-
tion of the token at step ¢ (h;) is computed from
the value vectors of previous tokens (v<; € RExdv),
weighted by their similarity to the current token as
determined by the softmax function:

h; = softmax ﬂ; v (12)
b Vi )

Fig. 7 (full-scale version) visualizes the attention
heads of the Qwen3-8B model on a sample from the
ProofWriter dataset. Higher attention scores are in-
dicated by darker colors. Based on this mechanism,
we identify three characteristic attention patterns:
(Anchor Head): When a token at position ¢ at-
tends almost exclusively to itself (close to 100%),
only the main diagonal elements of the attention
map are activated. This pattern is observed in to-
ken-—attribute representations in Head28 (Fig.2),
for example, “blue” and “rough”. (Aggregation
Head): When a sequence of tokens attends strongly
to a specific earlier token in order to incorporate
information introduced by that token, an aggrega-
tion pattern emerges. For example, after the token
“round” is generated, this information propagates to
many subsequent tokens (Head8, Fig.2). In the at-
tention map, this behavior appears as a vertical line.
Conversely, when a query token needs to gather
information from multiple previous tokens, the pat-
tern appears as horizontal lines. (Copy Head): A
diagonal pattern emerges when a span of generated
tokens is copied forward. Specifically, if a span
of three tokens starting at position k is copied to
position h (h > k), the attention scores are high
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at the token pairs (k — h), (k+1 — h + 1),
(k +2 — h + 2). This pattern is observed in

Head22 (Fig.2), where the span “Gary is round”

is copied from its original generation location to
the KB variable set region in Symbolic-Aided CoT
prompting.

C Improving examples

In this section, we present several representative
cases in which our AAI mechanism improves the
baseline system on the ProofWriter dataset (Fig-
ures 8 and 9) and the ProntoQA dataset (Figure 10).
The raw prompting outputs shown in Table 3 are
aligned with the corresponding proof tree in Fig-
ure 8. The improvements achieved by our AAI
mechanism typically arise from correcting incor-
rect rule selection and improper rule application
during the reasoning process.

Table 3: Our Symbolic-Aided CoT + AAI prompting
output for an example from the ProofWriter dataset (ID:
ProofWriter_AttNoneg-OWA-D5-1189_Q7).

# (Rule6): Harry is kind.

# (Rule7): Harry is smart.

# (Rule8): If someone is kind and big then they are nice.

# (Rule9): If Gary is quiet and Gary is big then Gary is smart.

# (Rule10): If someone is cold then they are green.

# (Rulel1): If Harry is smart and Harry is cold then Harry is green.

# (Rule12): Quiet people are big.

# (Rule13): If someone is nice and big then they are cold.
# (Rule14): All nice, quiet people are cold.
# (Rulel5): If Gary is nice then Gary is kind.
# (Rule16): Smart people are quiet.
# (Question): Based on the above information, is the following
statement true, false, or unknown? Harry is nice.

# (Answer): Start from the object and their condition mentioned in
the question to collect relevant facts: Harry, is nice

#KB = {}

=> Rule6 = ‘Harry is kind*

=> Rule7 = ‘Harry is smart*

# KB = {Harry is kind, Harry is smart}

=> F(KB[ Harry is smart’], Rule16) => ‘Harry is quiet

# KB = {Harry is kind, Harry is smart, Harry is quiet}

=> F(KB[ Harry is quiet’], Rule12) => ‘Harry is big*

# KB = {Harry is kind, Harry is smart, Harry is quiet, Harry is big}
=> F(KB[ Harry is kind’, "Harry is big’], Rule8) => ‘Harry is nice*
# KB = {Harry is kind, Harry is smart, Harry is quiet, Harry is big,
Harry is nice}

# valid the question with current infered premies

=> Validate(Question="‘Harry is nice‘, KB(’Harry is nice’)) = True.

D Attention Head Pattern

In Fig. 11, we present the attention head pattern
scores for all heads across 36 layers (each consist-
ing of 32 heads) in the Qwen3-8B LLM. Each atten-
tion head is evaluated using three metrics: diagonal,
vertical, and horizontal scores. The red zoomed-in
region on the left highlights a head with a high di-
agonal score. The top-right blue zoomed-in region
illustrates heads exhibiting high values across all

three scores—diagonal, vertical, and horizontal. In
contrast, the bottom blue zoomed-in region shows
heads characterized by a high vertical score but
relatively low horizontal and diagonal scores.

E Prompting Template

The contents of Symbolic-Aided CoT prompting
(Nguyen et al., 2025) and the Compact Symbolic-
Aided CoT for the four datasets — ProofWriter, Log-
icalDeduction, ProntoQA, FOLIO, and GSM8k —
are presented in Tables 4, 5, 6, 7, and Tables 8, 9,
10, 11, 12, respectively.
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Figure 7: Visualization of attention heads in the Qwen3-8B model on an example from the ProofWriter dataset.
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Attention-Aware Intervention

Fact

| Harry is smart |
0.Rulel6: Smart
v people are quiet.
| Harry is quiet |
1.Rulel12: Quiet
vpeople are big.

Baseline (Symbolic-Aided CoT)

Fact

| Harry is smart |
0.Rule16: Smart

v beople are quiet.

Error: assumption of|

| Harryisbig | |

| Harry is quiet | undefined facts
1.Rulel12: Quiet T
Fact vpeople are big. ------ .
Harryiskind | | Harryisbig | '| Harryisnice F

yare nice.
| Harry is nice

?
\ 4

True

Figure 8: An example illustrating the improvement achieved by our AAI (left) compared to the baseline method

(right) on the ProofWriter dataset.

2.Rule8: If someone is
kind and big then they

PEEE—

2.Rule8

Attention-Aware Intervention

Fact

| Erinis green |
0.Rulel5: Green
v beople are white.

| Erin is white |

ythen they are young.
| Erin is young |

v then they are cold.
| Erin is cold

v are nice.
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1.Rule23: If someone is white

2.Rule20: If someone is young

3.Rule21: Green, cold people

| Erinis nice |«
4 Rulel6: All nice
wpeople are red.

| Erin is red

Figure 9: An example illustrating the improvement achieved by our AAI (left) compared to the baseline method

(right) on the ProofWriter dataset.
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Attention-Aware Intervention

Zumpus

1.Rule2: Each zumpus
is a dumpus. 2.Rule3: Every

dumpus dumpus is angry.

3.Rule5: Dumpuses
| are wumpuses. 4.Rule6: Each wumpus

wumpus is not dull.
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Figure 10: An example illustrating the improvement achieved by our AAI (left) compared to the baseline method

(right) on the ProntoQA dataset.
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Table 4-:
ProofWriter dataset.

Symbolic-Aided CoT prompting for

### Let us define F as a function that infers new premises based on a given list of
facts and rules. Using these facts and rules, provide a reasoning path that leads to
one of the values of a Validate function: True, False, or Uncertain.
### Examplel: Given list of facts and rules:
# (Rulel): The cow is blue.
# (Rule2): The cow is round.
# (Rule3): The cow likes the lion.
# (Rule4): The cow visits the tiger.
# (Rule5): The lion is cold.
# (Rule6): The lion is nice.
# (Rule7): The lion likes the squirrel.
# (Rule8): The squirrel is round.
# (Rule9): The squirrel sees the lion.
# (Rule10): The squirrel visits the cow.
# (Rulel1): The tiger likes the cow.
# (Rule12): The tiger likes the squirrel.
# (Rule13): If something is cold then it visits the tiger.
# (Rule14): If something visits the tiger then it is nice.
# (Rulel5): If something sees the tiger and it is young then it is blue.
# (Rule16): If something is nice then it sees the tiger.
# (Rulel7): If something likes the squirrel and it likes the cow then it visits the
tiger.
# (Rule18): If something is nice and it sees the tiger then it is young.
# (Rule19): If the cow is cold and the cow visits the lion then the lion sees the
squirrel.
# (Question): Based on the above information, is the following statement true,
false, or uncertain? The tiger is not young.
# (Answer): Start from the object and their condition mentioned in the question to
collect relevant facts: The tiger
#KB = {}
=> Rulel1 = “The tiger likes the cow*
=> Rulel2 = “The tiger likes the squirrel®
# KB = {The tiger likes the cow, The tiger likes the squirrel }
=> F(KB(’The tiger likes the cow’, *The tiger likes the squirrel’), Rule17) => ‘The
tiger visits the tiger*
# KB = {The tiger likes the cow, The tiger likes the squirrel, The tiger visits the
tiger}
=> F(KB[ The tiger visits the tiger’], Rule14) => ‘The tiger is nice*
# KB = {The tiger likes the cow, The tiger likes the squirrel, The tiger visits the
tiger, The tiger is nice}
=> F(KB[ The tiger is nice’], Rule16) => ‘The tiger sees the tiger*
# KB = {The tiger likes the cow, The tiger likes the squirrel, The tiger visits the
tiger, The tiger is nice, The tiger sees the tiger}
=> F(KB(’The tiger is nice’, *The tiger sees the tiger’), Rule18) => ‘The tiger is
young*
# KB = {The tiger likes the cow, The tiger likes the squirrel, The tiger visits the
tiger, The tiger is nice, The tiger sees the tiger, The tiger is young}
# valid the question with current infered premies
=> Validate(Question="The tiger is not young‘, KB(’The tiger is young’)) = False.
### Example2: Given list of facts and rules:
# (Rulel): The dog sees the rabbit.
# (Rule2): The dog sees the squirrel.
# (Rule3): The dog sees the tiger.
# (Rule4): The rabbit eats the dog.
# (Rule5): The rabbit does not eat the tiger.
# (Rule6): The rabbit does not like the tiger.
# (Rule7): The squirrel does not see the rabbit.
# (Rule8): The tiger does not eat the rabbit.
# (Rule9): The tiger is not kind.
# (Rule10): The tiger likes the dog.
# (Rulel1): The tiger sees the dog.
# (Rule12): If something is cold then it likes the rabbit.
# (Rule13): If something eats the tiger and it is nice then it likes the rabbit.
# (Rule14): If something likes the squirrel then the squirrel likes the rabbit.
# (Rulel5): If something likes the rabbit and the rabbit is kind then it sees the tiger.
# (Rule16): If something likes the tiger then the tiger is young.
# (Rule17): If something is young and it eats the rabbit then it likes the tiger.
# (Rule18): If something sees the rabbit then the rabbit is cold.
# (Rule19): If something likes the rabbit then it likes the squirrel.
# (Rule20): If something likes the squirrel then the squirrel is cold.
# (Question): Based on the above information, is the following statement true,
false, or uncertain? The rabbit is cold.
# (Answer): Start from the object and their condition mentioned in the question to
collect relevant facts: The rabbit, is cold
#KB={}
=> Rule4 = ‘The rabbit eats the dog*
=> Rule5 = ‘The rabbit does not eat the tiger*
=> Rule6 = ‘The rabbit does not like the tiger*
# KB = {The rabbit eats the dog, The rabbit does not eat the tiger, The rabbit does
not like the tiger}
=> F(KB(Rulel), Rule18) => ‘The rabbit is cold*
# KB = {eats the dog, not eat the tiger, not like the tiger, The rabbit is cold }
# valid the question with current infered premies
=> Validate(Question="The rabbit is cold‘, KB(’The rabbit is cold’)) = True.

### Example3: Given list of facts and rules:
{{RULE CONTENT}}

# (Question): {{QUESTION}}

# (Answer):

Table 5: Symbolic-Aided CoT prompting for LogicalDe-
duction dataset.

##H# Let us define F as a function that infers new premises based on a given list of
facts and rules. Using these facts and rules, provide a reasoning path that leads to
the answer of the question.

### Examplel: Given list of rules:

# (Rulel): The following paragraphs each describe a set of seven objects arranged
in a fixed order.

# (Rule2): The statements are logically consistent within each paragraph.

# (Rule3): On a branch, there are seven birds: a falcon, an owl, a quail, a raven, a
hummingbird, a blue jay, and a crow.

# (Rule4): The quail is to the left of the owl.

# (Rule5): The owl is the second from the left.

# (Rule6): The crow is to the right of the falcon.

# (Rule7): The blue jay is to the right of the hummingbird.

# (Rule8): The hummingbird is to the right of the raven.

# (Rule9): The blue jay is to the left of the falcon.

# (Question): Which of the following is true?

# (Options):
A) The falcon is the second from the left.

B) The owl is the second from the left.

C) The quail is the second from the left.

D) The raven is the second from the left.

E) The hummingbird is the second from the left.

F) The blue jay is the second from the left.

G) The crow is the second from the left.

# (Answer): Since the options ask which object is the second from the left, the
objects are ordered from the left:

#KB =[]

=> F(‘ordered from the left‘,Rulel) =>KB =[1.,2.,3.,4.,5.,6.,7.]

=> F(‘ordered from the left‘,Rule5) => absolute position of second from the left
=2=>KB=[l.,2.0wl,3.,4.,5.,6.,7.]

=> F(‘ordered from the left‘,Rule4) => Draft relative position: quail ->owl

=> F(‘ordered from the left‘,Rule8) => Draft relative position: raven -
>hummingbird => Combine bridge relative: raven ->hummingbird; quail ->owl
=> F(‘ordered from the left‘,Rule7) => Draft relative position: hummingbird
->blue jay => Combine bridge relative: raven ->hummingbird ->blue jay; quail
->owl

=> F(‘ordered from the left‘,Rule9) => Draft relative position: blue jay ->falcon
=> Combine bridge relative: raven ->hummingbird ->blue jay ->falcon; quail
->owl

=> F(‘ordered from the left*,Rule6) => Draft relative position: falcon ->crow
=> Combine bridge relative: raven ->hummingbird ->blue jay ->falcon ->crow;
quail ->owl

=> Combine (KB=[1., 2.owl, 3., 4., 5., 6., 7.], Draft) => with respect to absolute
positions in KB: [1.quail, 2.owl, 3.raven, 4.hummingbird, 5.blue jay, 6.falcon,
7.crow]

# Since the options ask which object is the second from the left => absolute
position is 2, the correct answer is ‘owl‘. Check all the above options => answer:
B

### Example2: Given list of rules:

# (Rulel): The following paragraphs each describe a set of five objects arranged
in a fixed order.

# (Rule2): The statements are logically consistent within each paragraph.

# (Rule3): A fruit stand sells five fruits: watermelons, apples, kiwis, cantaloupes,
and mangoes.

# (Rule4): The cantaloupes are the second-cheapest.

# (Rule5): The mangoes are more expensive than the watermelons.

# (Rule6): The kiwis are less expensive than the apples.

# (Rule7): The kiwis are more expensive than the mangoes.

# (Question): Which of the following is true?

# (Options):

A) The watermelons are the cheapest.

B) The apples are the cheapest.

C) The kiwis are the cheapest.
D) The cantaloupes are the cheapest.
E) The mangoes are the cheapest.

# (Answer): Since the options ask which fruit is the cheapest, the objects are
ordered from cheapest:

#KB =[]

=> F(‘ordered from cheapest‘,Rulel) =>KB =[1.,2.,3.,4.,5.]

=> F(‘ordered from cheapest,Rule4) => absolute position of second-cheapest =
2 =>KB =] 1., 2.cantaloupes, 3., 4., 5.]

=> F(‘ordered from cheapest‘,Rule5) => Draft relative position: watermelons
->mangoes

=> F(‘ordered from cheapest‘,Rule7) => Draft relative position: mangoes -
>kiwis => Combine bridge relative: watermelons ->mangoes ->kiwis

=> F(‘ordered from cheapest,Rule6) => Draft relative position: kiwis ->apples
=> Combine bridge relative: watermelons ->mangoes ->kiwis ->apples

=> Combine (KB=[ 1., 2.cantaloupes, 3., 4., 5.], Draft) => with respect to
absolute positions in KB: [1.watermelons, 2.cantaloupes, 3.mangoes, 4.kiwis,
5.apples]

# Since the options ask which fruit is the cheapest => absolute position is 1, the
correct answer is ‘watermelons ‘. Check all the above options => answer: A

### Example3: Given list of rules:
{{RULE CONTENT}}

# (Question): {{QUESTION}}

# (Options): {{OPTIONS}}

# (Answer): Since the options ask
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Table 6: Symbolic-Aided CoT prompting for ProntoQA
dataset.

### Let us define F as a function that determines whether a statement is True or False, based on
a given list of facts and rules. Using these facts and rules, provide a reasoning path that leads to
one of the values: “True‘ or ‘False*.

### Examplel: Given list of facts and rules:

# (Rulel): If K then P;

# (Rule2): Q is true;

# (Rule3): If Q then K.

# (Question): truth value of P?

# (Answer): Start from the object mentioned in the question: P

#KB = {Q}
=>F(KB['Q’], Rule3) => K*
#KB = (Q, K}

=>F(KB['K’], Rulel) => ‘P*
#KB = {Q, K, P}
=> Validate(KB, Question=‘P‘) = True.

#i## Example2: Given list of facts and rules:

# (Rulel): Jompuses are not shy.

# (Rule2): Jompuses are yumpuses.

# (Rule3): Zumpuses are rompuses.

# (Rule4): Each yumpus is a dumpus.

# (Rule5): Dumpuses are not wooden.

# (Rule6): Dumpuses are wumpuses.

# (Rule7): Wumpuses are red.

# (Rule8): Every wumpus is an impus.

# (Rule9): Each impus is opaque.

# (Rule10): Impuses are tumpuses.

# (Rulel1): Numpuses are sour.

# (Rule12): Tumpuses are not sour.

# (Rule13): Tumpuses are vumpuses.

# (Rule14): Vumpuses are earthy.

# (Rulel5): Every vumpus is a zumpus.

# (Rule16): Zumpuses are small.

# (Rulel7): Each yumpus is aggressive.

# (Rule18): Max is a yumpus.

# (Question): Is the following statement true or false? Max is sour.
# (Answer): Start from the object mentioned in the question: Max
#XKB = (}

=>F(KB, Rulel7) => ‘Max is a yumpus*

# KB = {yumpus}

=> F(KB["yumpus’], Rule17) => ‘Max is aggressive*
=>F(KB["yumpus’], Rule4) => ‘Max is dumpus*

# KB = {yumpus, aggressive, dumpus}

=> F(KB[’dumpus’], Rule5) => ‘Max is not wooden*

=> F(KB[’dumpus’], Rule6) => ‘Max is wumpus*

# KB = {yumpus, aggressive, dumpus, not wooden, wumpus}
=>F(KB[’wumpus’], Rule7) => ‘Max is an red*

=> F(KB[’wumpus’], Rule8) => ‘Max is an impus*

# KB = {yumpus, aggressive, dumpus, not wooden, wumpus, red, impus}
=>F(KB[’impus’], Rule9) => ‘Max is a opaque*

=> F(KB['impus’], Rule10) => ‘Max is a tumpus*

# KB = {yumpus, aggressive, dumpus, not wooden, wumpus, red, impus, opaque, tumpus }
=>F(KB['tumpus’], Rule12) => ‘Max is a not sour*

=> F(KB['tumpus’], Rule13) => ‘Max is a vumpus*

# KB = {yumpus, aggressive, dumpus, not wooden, wumpus, red, impus, opaque, tumpus, not
sour, vumpus }

# valid the question with current infered premies

=> Validate(KB[ not sour’], Question="Max is sour*) = False.

### Example3: Given list of facts and rules:

# (Rulel): Every tumpus is not angry.

# (Rule2): Tumpuses are rompuses.

# (Rule3): Every numpus is not bright.

# (Rule4): Rompuses are not luminous.

# (Rule5): Rompuses are yumpuses.

# (Rule6): Yumpuses are transparent.

# (Rule7): Yumpuses are zumpuses.

# (Rule8): Each zumpus is not bitter.

# (Rule9): Zumpuses are impuses.

# (Rule10): Impuses are red.

# (Rulel1): Each impus is a dumpus.

# (Rulel2): Every dumpus is happy.

# (Rule13): Each dumpus is a vumpus.

# (Rule14): Vumpuses are bright.

# (Rulel5): Every vumpus is a jompus.

# (Rulel16): Jompuses are large.

# (Rulel17): Each jompus is a wumpus.

# (Rulel8): Stella is a yumpus.

# (Question): Is the following statement true or false? Stella is bright.
# (Answer): Start from the object mentioned in the question: Stella
#KB = (}
=>F(KB, Rule17) => ‘Stella is a yumpus*

#KB = {yumpus}

=>F(KB["yumpus’], Rule6) => ‘Stella is transparent*
=> F(KB[ yumpus’], Rule7) => ‘Stella is zumpus*

# KB = {yumpus, transparent, zumpus }
=>F(KB[’zumpus’], Rule9) => ‘Stella is impus*

=> F(KB[’zumpus’], Rule8) => ‘Stella is not bitter*

# KB = {yumpus, transparent, zumpus, impus, not bitter}
=> F(KB[’impus’], Rule10) => ‘Stella is red*

=> F(KB[’impus’], Rulel1) => ‘Stella is dumpus*

# KB = {yumpus, transparent, zumpus, not bitter, impus, red, dumpus}
=> F(KB[’dumpus’], Rule13) => ‘Stella is a vumpus*
=> F(KB[’dumpus’], Rule12) => ‘Stella is happy*

# KB = {yumpus, transparent, zumpus, not bitter, impus, red, dumpus, vumpus, happy }
=> F(KB['vumpus’], Rule14) => ‘Stella is bright*

# KB = {yumpus, transparent, zumpus, not bitter, impus, red, dumpus, vumpus, happy, bright}
# valid the question with current infered premies
=> Validate(KB[ bright’], Question="Stella is bright‘) = True.

#it# Example4: Given list of facts and rules:

{{RULE CONTENT}}

# (Question): {{QUESTION}}

# (Answer):
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Table 7: Symbolic-Aided CoT prompting for FOLIO dataset.

### Let us define F as a function that infers new premises based on a given list of facts and rules. Using these facts and rules, provide a reasoning path that
leads to one of the values of a Validate function: True, False, or Uncertain. (Guidelines: True — If the hypothesis can be logically proven correct using only
the provided facts and rules. False — If the hypothesis can be logically disproven (the facts or rules directly contradict the hypothesis). Uncertain — If there
is not enough information to prove or disprove the hypothesis. Important Rules: Only use the provided facts and rules as your knowledge base (KB); Do
not use outside knowledge or make assumptions not supported by the KB; Avoid circular or infinite reasoning. Each rule may only be applied once to
prevent loops; If the reasoning process leads to conflicting conclusions, classify as Uncertain. Conditions in if-then rules are not confirmed facts. When

rules reference vague entities (e.g., ‘an object exists’ or ‘some objects’), the outcome is often uncertain. Output Format: Return only one word: True,
False, or Uncertain)

### Examplel: Given list of facts and rules:

# (Rulel): The Blake McFall Company Building is a commercial warehouse listed on the National Register of Historic Places.
# (Rule2): The Blake McFall Company Building was added to the National Register of Historic Places in 1990.

# (Rule3): The Emmet Building is a five-story building in Portland, Oregon.

# (Rule4): The Emmet Building was built in 1915.

# (Rule5): The Emmet Building is another name for the Blake McFall Company Building.

# (Rule6): John works at the Emmet Building.

# (Question): Based on the above information, is the following statement true, false, or uncertain? The Blake McFall Company Building is located in
Portland, Oregon.

# (Answer): Start with the object and its condition mentioned in the question to collect relevant facts. In this case, the main object is ‘Blake McFall
Company Building*. To verify the statement — ‘The Blake McFall Company Building is located in Portland, Oregon* - is True, False, or Uncertain
(Contradiction or not enough information to conclusion).

=>KB = {}

# collect all the facts or assumption conditions

=> Rulel = KB(‘The Blake McFall Company Building is a commercial warehouse listed on the National Register of Historic Places*)

=> Rule2 = KB(‘The Blake McFall Company Building was added to the National Register of Historic Places in 1990°)

=> Rule5 = KB(‘The Emmet Building is another name for the Blake McFall Company Building*)

=> F(KB(‘The Emmet Building is another name for the Blake McFall Company Building ‘), Rule3) => KB(‘The Blake McFall Company Building is a
five-story building in Portland, Oregon®)

# valid the question with current infered premies

=> Validate(Question="‘The Blake McFall Company Building is located in Portland, Oregon‘, KB(‘The Blake McFall Company Building is a five-story
building in Portland, Oregon*)) = True.

### Example2: Given list of facts and rules:

# (Rulel): People eat meat regularly or are vegetation.

# (Rule2): If people eat meat regularly, then they enjoy eating hamburgers and steaks.

# (Rule3): All people who are vegetarian are conscious of the environment or their health.

# (Rule4): If people are conscious about the environment or their health, then they do not go to fast food places often.

# (Rule5): If people have busy schedules without time to cook, then they go to fast food places often.

# (Rule6): If Jeremy does not both go to fast food places often and is conscious about the environment or their health, then he goes to fast food places often.
# (Question): Based on the above information, is the following statement true, false, or uncertain? If Jeremy has a busy schedule without time to cook,
then Jeremy does not enjoy eating hamburgers and steaks.

# (Answer): Start with the object and its condition mentioned in the question to collect relevant facts. In this case, the main object is ‘Jeremy*. To verify
the assumption — if ‘Jeremy has a busy schedule without time to cook* — determine whether the conclusion ‘Jeremy does not enjoy eating hamburgers
and steaks* is True, False, or Uncertain (Contradiction or not enough information to conclusion).

=>KB = {}

# collect all the facts or assumption conditions

=> KB (‘Jeremy has a busy schedule without time to cook*)

=> F(KB(‘Jeremy has a busy schedule without time to cook*), Rule5) => KB(‘Jeremy goes to fast food places often‘)

=> F(KB(‘Jeremy goes to fast food places often), Rule4) => KB(‘Jeremy is not conscious about the environment or his health*)

=> F(KB(‘Jeremy is not conscious about the environment or his health), Rule3) => KB(‘Jeremy is not vegetarian‘)

=> F(KB(‘Jeremy is not vegetarian®), Rulel) => KB(‘Jeremy eats meat regularly ‘)

=> F(KB(‘Jeremy eats meat regularly ‘), Rule2) => KB(‘Jeremy enjoys eating hamburgers and steaks ‘)

# valid the question with current infered premies

=> Validate(Question="If Jeremy has a busy schedule without time to cook, then Jeremy does not enjoy eating hamburgers and steaks‘, KB(‘Jeremy
enjoys eating hamburgers and steaks)) = False.

### Example3: Given list of facts and rules:

# (Rulel): Pasifika New Zealanders are a pan-ethnic group of New Zealanders.

# (Rule2): Asian New Zealanders are a pan-ethnic group of New Zealanders.

# (Rule3): Pasifika New Zealanders are not Asian New Zealanders.

# (Rule4): Pasifika New Zealanders speak Samoan.

# (Rule5): Joe is a Pasifika New Zealander.

# (Rule6): Amy speaks Samoan.

# (Question): Based on the above information, is the following statement true, false, or uncertain? Amy is an Pasifika New Zealander.

# (Answer): Start with the object and its condition mentioned in the question to collect relevant facts. In this case, the main object is ‘Amy‘. To verify the
statement — ‘Amy is an Pasifika New Zealander* - is True, False, or Uncertain (Contradiction or not enough information to conclusion).
=>KB = {}

# collect all the facts or assumption conditions

=> KB (‘Amy speaks Samoan*)

=> F(KB(‘Amy speaks Samoan®), Rule4) => Uncertain(‘Amy is a Pasifika New Zealander®)

# valid the question with current infered premies
=> Validate(Question="Amy is a Pasifika New Zealander‘, KB) = Uncertain.

### Example4: Given list of facts and rules:

{{RULE CONTENT}}

# (Question): Based on the above information, is the following statement true, false, or uncertain? {{QUESTION}}
# (Answer):
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Table 8: Compact Symbolic-Aided CoT prompting for ProofWriter dataset.

### Let us define F as a function that determines whether a statement is True, False, or Uncertain, based on a given list of facts
and rules. Using these facts and rules, provide a reasoning path that leads to one of the values: ‘True‘, ‘False‘, or ‘Uncertain‘.

### Examplel: Given list of facts and rules:
# (Rulel): If K then P;
# (Rule2): Q is true;
# (Rule3): If Q then K.
# (Question): truth value of P?
# (Answer): F(Rule2) => F(Rule2, Rule3, Outputl=‘K*) => F(Outputl, Rulel, Output2=‘P‘) => F(Question) = True.
### Example2: Given list of facts and rules:
# (Rulel): The cow is blue.
# (Rule2): The cow is round.
# (Rule3): The cow likes the lion.
# (Rule4): The cow visits the tiger.
# (Rule5): The lion is cold.
# (Rule6): The lion is nice.
# (Rule7): The lion likes the squirrel.
# (Rule8): The squirrel is round.
# (Rule9): The squirrel sees the lion.
# (Rule10): The squirrel visits the cow.
# (Rulel1): The tiger likes the cow.
# (Rulel12): The tiger likes the squirrel.
# (Rule13): If something is cold then it visits the tiger.
# (Rulel4): If something visits the tiger then it is nice.
# (Rulel5): If something sees the tiger and it is young then it is blue.
# (Rulel6): If something is nice then it sees the tiger.
# (Rulel7): If something likes the squirrel and it likes the cow then it visits the tiger.
# (Rulel8): If something is nice and it sees the tiger then it is young.
# (Rule19): If the cow is cold and the cow visits the lion then the lion sees the squirrel.
# (Question): Based on the above information, is the following statement true, false, or uncertain? The tiger is not young.

# (Answer): F((Rulel1, Rulel12), Rule17, Outputl="‘The tiger visits the tiger‘) => F(Outputl, Rule14, Output2="The tiger is
nice‘) => F(Output2, Rule18, Output="The tiger is young‘) => F(Question) = False.

### Example3: Given list of facts and rules:

# (Rulel): The dog sees the rabbit.

# (Rule2): The dog sees the squirrel.

# (Rule3): The dog sees the tiger.

# (Rule4): The rabbit eats the dog.

# (Rule5): The rabbit does not eat the tiger.

# (Rule6): The rabbit does not like the tiger.

# (Rule7): The squirrel does not see the rabbit.

# (Rule8): The tiger does not eat the rabbit.

# (Rule9): The tiger is not kind.

# (Rule10): The tiger likes the dog.

# (Rulel1): The tiger sees the dog.

# (Rule12): If something is cold then it likes the rabbit.

# (Rulel3): If something eats the tiger and it is nice then it likes the rabbit.
# (Rule14): If something likes the squirrel then the squirrel likes the rabbit.
# (Rulel5): If something likes the rabbit and the rabbit is kind then it sees the tiger.
# (Rule16): If something likes the tiger then the tiger is young.

# (Rulel7): If something is young and it eats the rabbit then it likes the tiger.
# (Rulel8): If something sees the rabbit then the rabbit is cold.

# (Rule19): If something likes the rabbit then it likes the squirrel.

# (Rule20): If something likes the squirrel then the squirrel is cold.

# (Question): Based on the above information, is the following statement true, false, or uncertain? The rabbit is cold.

# (Answer): F(Rulel, Rule18, Outputl="The rabbit is cold‘) => F(Question) = True.
### Example3: Given list of facts and rules:

{{RULE CONTENT}}

# (Question): Based on the above information, is the following statement true, false, or unknown? {{QUESTION}}
# (Answer):
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Table 9: Compact Symbolic-Aided CoT prompting for LogicalDeduction dataset.

### Let us define F as a function that infers new premises based on a given list of facts and rules. Using these facts and rules,
provide a reasoning path that leads to the answer of the question.

### Examplel: Given list of rules:

# (Rulel): The following paragraphs each describe a set of seven objects arranged in a fixed order.

# (Rule2): The statements are logically consistent within each paragraph.

# (Rule3): On a branch, there are seven birds: a falcon, an owl, a quail, a raven, a hummingbird, a blue jay, and a crow.

# (Rule4): The quail is to the left of the owl.

# (Rule5): The owl is the second from the left.

# (Rule6): The crow is to the right of the falcon.

# (Rule7): The blue jay is to the right of the hummingbird.

# (Rule8): The hummingbird is to the right of the raven.

# (Rule9): The blue jay is to the left of the falcon.

# (Question): Which of the following is true?

# (Options):

A) The falcon is the second from the left.

B) The owl is the second from the left.

C) The quail is the second from the left.

D) The raven is the second from the left.

E) The hummingbird is the second from the left.

F) The blue jay is the second from the left.

G) The crow is the second from the left.

# (Answer): Since the options ask which object is the second from the left, the objects are ordered from the left:

#=> F(Rulel, Output=[1., 2., 3., 4., 5., 6., 7.]°) => F(Rule5, Output=‘[1., 2.owl, 3., 4., 5., 6., 7.]°) => F(Rule4, Output="quail
-> owl‘) => F(Rule8, Output=‘raven -> hummingbird; quail -> owl‘) => F(Rule7, Output=‘raven -> hummingbird -> blue jay;
quail -> owl‘) => F(Rule9, Output="‘raven -> hummingbird -> blue jay -> falcon; quail -> owl) => F(Rule6, Output=‘raven ->
hummingbird -> blue jay -> falcon -> crow; quail -> owl‘) => Combination(Output=°[1.quail, 2.owl, 3.raven, 4. hummingbird,
5.blue jay, 6.falcon, 7.crow]‘) => Validate(Question="which object is the second from the left‘, Output=‘owl‘) => answer: B

### Example2: Given list of rules:

# (Rulel): The following paragraphs each describe a set of five objects arranged in a fixed order.
# (Rule2): The statements are logically consistent within each paragraph.

# (Rule3): A fruit stand sells five fruits: watermelons, apples, kiwis, cantaloupes, and mangoes.
# (Rule4): The cantaloupes are the second-cheapest.

# (Rule5): The mangoes are more expensive than the watermelons.

# (Rule6): The kiwis are less expensive than the apples.

# (Rule7): The kiwis are more expensive than the mangoes.

# (Question): Which of the following is true?

# (Options):

A) The watermelons are the cheapest.

B) The apples are the cheapest.

C) The kiwis are the cheapest.

D) The cantaloupes are the cheapest.

E) The mangoes are the cheapest.

# (Answer): Since the options ask which fruit is the cheapest, the objects are ordered from cheapest:

# => F(Rulel, Output=°[1., 2., 3., 4., 5.]°) => F(Rule4, Output=‘[ 1., 2.cantaloupes, 3., 4., 5.]°) => F(Rule5, Out-
put=‘watermelons -> mangoes ‘) => F(Rule7, Output=‘watermelons -> mangoes -> kiwis‘) => F(Rule6, Output=‘watermelons
-> mangoes -> kiwis -> apples‘) => Combination(Output="[1.watermelons, 2.cantaloupes, 3.mangoes, 4.kiwis, 5.apples]‘) =>
Validate(Question="‘which fruit is the cheapest‘, Output=‘watermelons‘) => answer: A

### Example3: Given list of rules:
{{RULE CONTENT}}

# (Question): {{ QUESTION}}

# (Options): {{OPTIONS}}

# (Answer): Since the options ask
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Table 10: Compact Symbolic-Aided CoT prompting for ProntoQA dataset.

### Let us define F as a function that determines whether a statement is True or False, based on a given list of facts and rules.
Using these facts and rules, provide a reasoning path that leads to one of the values: “True‘ or ‘False®.

### Examplel: Given list of facts and rules:

# (Rulel): If K then P;

# (Rule2): Q is true;

# (Rule3): If Q then K.

# (Question): truth value of P?

# (Answer): Start from the object mentioned in the question: P
# F(Rule2) => F(Rule2, Rule3, Outputl=‘K*) => F(Outputl, Rulel, Output2="P*) => Validate(Output2, Question=‘P*) = True.

### Example2: Given list of facts and rules:

# (Rulel): Jompuses are not shy.

# (Rule2): Jompuses are yumpuses.

# (Rule3): Each yumpus is aggressive.

# (Rule4): Each yumpus is a dumpus.

# (Rule5): Dumpuses are not wooden.

# (Rule6): Dumpuses are wumpuses.

# (Rule7): Wumpuses are red.

# (Rule8): Every wumpus is an impus.

# (Rule9): Each impus is opaque.

# (Rule10): Impuses are tumpuses.

# (Rulel1): Numpuses are sour.

# (Rule12): Tumpuses are not sour.

# (Rule13): Tumpuses are vumpuses.

# (Rulel4): Vumpuses are earthy.

# (Rulel5): Every vumpus is a zumpus.

# (Rulel6): Zumpuses are small.

# (Rulel7): Zumpuses are rompuses.

# (Rulel8): Max is a yumpus.

# (Question): Is the following statement true or false? Max is sour.
# (Answer): Start from the object mentioned in the question: Max
# F(Rulel8, Rule4, Outputl="Max is dumpus‘) => F(Outputl, Rule6, Output2="Max is wumpus‘) => F(Output2, Rule§,
Output3="Max is an impus ‘) => F(Output3, Rule10, Outputd=‘Max is a tumpus‘) => F(Output4, Rule12, Output5="Max is not
sour‘) => Validate(Output5, Question="Max is sour*) = False.

### Example3: Given list of facts and rules:
# (Rulel): Every tumpus is not angry.

# (Rule2): Tumpuses are rompuses.

# (Rule3): Every numpus is not bright.

# (Rule4): Rompuses are not luminous.

# (Rule5): Rompuses are yumpuses.

# (Rule6): Yumpuses are transparent.

# (Rule7): Yumpuses are zumpuses.

# (Rule8): Each zumpus is not bitter.

# (Rule9): Zumpuses are impuses.

# (Rule10): Impuses are red.

# (Rulel1): Each impus is a dumpus.

# (Rulel2): Every dumpus is happy.

# (Rule13): Each dumpus is a vampus.

# (Rulel4): Vumpuses are bright.

# (Rulel5): Every vumpus is a jompus.

# (Rule16): Jompuses are large.

# (Rulel7): Each jompus is a wumpus.

# (Rulel8): Stella is a yumpus.

# (Question): Is the following statement true or false? Stella is bright.

# (Answer): Start from the object mentioned in the question: Stella

# F(Rule18, Rule7, Outputl="Stella is a zumpus‘) => F(Outputl, Rule9, Output2="‘Stella is an impus‘) => F(Output2, Rulel1,
Output3="Stella is a dumpus‘) => F(Output3, Rule13, Outputd4="Stella is a vumpus ‘) => F(Output4, Rule14, Output5="‘Stella is
bright‘) => Validate(Output5, Question="‘Stella is bright‘) = True.

### Example3: Given list of rules:
{{RULE CONTENT}}

# (Question): {{ QUESTION}}

# (Answer):
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Table 11: Compact Symbolic-Aided CoT prompting for FOLIO dataset.

#i## Let us define F as a function that infers new premises based on a given list of facts and rules. Using these facts and rules,
provide a reasoning path that leads to one of the values of a Validate function: True, False, or Uncertain.
### Examplel: Given list of facts and rules:
# (Rulel): The Blake McFall Company Building is a commercial warehouse listed on the National Register of Historic Places.
# (Rule2): The Blake McFall Company Building was added to the National Register of Historic Places in 1990.
# (Rule3): The Emmet Building is a five-story building in Portland, Oregon.
# (Rule4): The Emmet Building was built in 1915.
# (RuleS): The Emmet Building is another name for the Blake McFall Company Building.
# (Rule6): John works at the Emmet Building.
# (Question): Based on the above information, is the following statement true, false, or uncertain? The Blake McFall Company
Building is located in Portland, Oregon.
# (Answer): Start with the object and its condition mentioned in the question to collect relevant facts.
# => F(RuleS, Rule3, Outputl=‘The Blake McFall Company Building is a five-story building in Portland, Oregon‘) =>
Validate(Outputl, Question="The Blake McFall Company Building is located in Portland, Oregon*) = True.

### Example2: Given list of facts and rules:

# (Rulel): People eat meat regularly or are vegetation.

# (Rule2): If people eat meat regularly, then they enjoy eating hamburgers and steaks.

# (Rule3): All people who are vegetarian are conscious of the environment or their health.

# (Rule4): If people are conscious about the environment or their health, then they do not go to fast food places often.

# (Rule5): If people have busy schedules without time to cook, then they go to fast food places often.

# (Rule6): If Jeremy does not both go to fast food places often and is conscious about the environment or their health, then he
goes to fast food places often.

# (Question): Based on the above information, is the following statement true, false, or uncertain? If Jeremy has a busy schedule
without time to cook, then Jeremy does not enjoy eating hamburgers and steaks.

# (Answer): Start with the object and its condition mentioned in the question to collect relevant facts.

# => F(Assume(‘Jeremy has a busy schedule without time to cook‘), Rule5, Outputl="‘Jeremy goes to fast food places
often‘) => F(Outputl, Rule4, Output2="‘Jeremy is not conscious about the environment or his health‘) => F(Output2, Rule3,
Output3="‘Jeremy is not vegetarian‘) => F(Output3, Rulel, Output4="‘Jeremy eats meat regularly‘) => F(Output4, Rule2,
Output5="‘Jeremy enjoys eating hamburgers and steaks ‘) => Validate(Output5, Question="‘If Jeremy has a busy schedule without
time to cook, then Jeremy does not enjoy eating hamburgers and steaks ) = False.

### Example3: Given list of facts and rules:
# (Rulel): Pasifika New Zealanders are a pan-ethnic group of New Zealanders.
# (Rule2): Asian New Zealanders are a pan-ethnic group of New Zealanders.
# (Rule3): Pasifika New Zealanders are not Asian New Zealanders.
# (Rule4): Pasifika New Zealanders speak Samoan.
# (Rule5): Joe is a Pasifika New Zealander.
# (Rule6): Amy speaks Samoan.
# (Question): Based on the above information, is the following statement true, false, or uncertain? Amy is an Pasifika New
Zealander.
# (Answer): Start with the object and its condition mentioned in the question to collect relevant facts.
# => F(Rule6, Rule4, Outputl=Uncertain(‘Amy is a Pasifika New Zealander) => Validate(Outputl, Question="Amy is a
Pasifika New Zealander‘) = Uncertain.

### Example4: Given list of facts and rules:

{{RULE CONTENT3}}

# (Question): Based on the above information, is the following statement true, false, or uncertain? {{QUESTION}}
# (Answer):

2940




Table 12: Compact Symbolic-Aided CoT prompting for GSM8k dataset.

### Let us define F as a function to infer solution from rules (mathematical conditions).

Context: There are 15 trees in the grove. Grove workers will plant trees in the grove today. After they are done, there will be 21
trees. How many trees did the grove workers plant today?

# (Rulel): There are 15 trees in the grove

# (Rule2): Grove workers will plant trees in the grove today. After they are done, there will be 21 trees

# (Question): How many trees did the grove workers plant today?

# (Answer):

Variables = {original_trees, trees_after_some_more_were_planted, trees_were_planted }

=> F(Rulel) => original_trees = 15

=> F(Rule2) => trees_after_some_more_were_planted = 21

=> F(Question) => trees_were_planted = trees_after_some_more_were_planted - original_trees =21 - 5 = 6.

Context: If there are 3 cars in the parking lot and 2 more cars arrive, how many cars are in the parking lot?
# (Rulel): there are 3 cars in the parking lot

# (Rule2): 2 more cars arrive

# (Question): how many cars are in the parking lot?

# (Answer):

Variables = {original_cars, new_cars_arrvie, current_cars }

=> F(Rulel) => original_cars =3

=> F(Rule2) => new_cars_arrvie = 2

=> F(Question) => current_cars = original_cars + new_cars_arrvie = 5.

Context: There were nine computers in the server room. Five more computers were installed each day, from monday to thursday.
How many computers are now in the server room?

# (Rulel): There were nine computers in the server room

# (Rule2): Five more computers were installed each day, from monday to thursday

# (Question): How many computers are now in the server room?

# (Answer):

Variables = {original_computers, computers_installed_each_day, number_days, number_computer_now }

=> F(Rulel) => original_computers = 9

=> F(Rule2) => computers_installed_each_day = 5; number_days = 4 # (from monday to thursday) => num-
ber_new_computers_installed = 5 * 4 = 20

=> F(Question) => number_computer_now = original_computers + number_new_computers_installed = 9 + 20 = 29.

Context: Michael had 58 golf balls. On tuesday, he lost 23 golf balls. On wednesday, he lost 2 more. How many golf balls did he
have at the end of wednesday?

# (Rulel): Michael had 58 golf balls

# (Rule2): On tuesday, he lost 23 golf balls

# (Rule3): On wednesday, he lost 2 more

# (Question): How many golf balls did he have at the end of wednesday?

# (Answer):

Variables = {num_balls_michael_started, num_balls_tuesday_michael_lost, num_balls_wednesday_michael_lost,
num_balls_wednesday_michael_have}

=> F(Rulel) => num_balls_michael_started = 58

=> F(Rule2) => num_balls_tuesday_michael_lost =23

=> F(Rule3) => num_balls_wednesday_michael_lost = 2 => total_num_balls_michael_lost = num_balls_tuesday_michael_lost
+ num_balls_wednesday_michael_lost = 25

=> F(Question) => num_balls_wednesday_michael_have = num_balls_michael_started - total_num_balls_michael_lost = 58 -
25 =33.

Context: {{CONTEXT}}
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