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Abstract

Tabular data analysis is critical in high-
stakes domains like finance and healthcare,
where both accuracy and interpretability are
paramount. Traditional tree-based models ex-
cel in performance but suffer from poor in-
terpretability and reliance on rigid feature en-
gineering. Large Language Models (LLMs),
while transparent in reasoning, often fail to cap-
ture the precise statistical distributions needed
for accurate tabular prediction. To bridge
this gap, we propose LogGER (Logic-Graph-
Enhanced LLM Reasoning), a novel frame-
work that harmonizes the predictive power of
trees with the reasoning transparency of LLMs.
Unlike existing hybrids, LogGER explicitly dis-
tills statistical patterns from data priors into
a human-readable Logic Graph, transforming
numerical decision into correlation semantic
chains. This graph then serves as a verifier for
our Process Supervision mechanism. Specifi-
cally, we employ a process reward model that
steers the LLM’s intermediate reasoning steps,
ensuring alignment with the established logic
graph. Extensive experiments demonstrate that
LogGER not only achieves state-of-the-art ac-
curacy, consistently outperforming both tree-
based models and LLM baselines, but also pro-
vides verifiable, transparent decision paths, es-
tablishing a new paradigm for interpretable tab-
ular reasoning.

1 Introduction

Tabular data, consisting of rows as samples and
columns as heterogeneous features (such as cate-
gorical and numerical attributes), is fundamental
to real-world domains like finance (Assefa et al.,
2020) and healthcare (Hernandez et al., 2022).
Given the heterogeneity of features (Borisov et al.,
2022; Gorishniy et al., 2021), tree-based mod-
els have been proven effective for tabular predic-
tion (Breiman, 2001; Chen and Guestrin, 2016; Ke
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et al., 2017; Grinsztajn et al., 2022). However, their
performance often hinges on labor-intensive fea-
ture engineering, which hinders their adaptability
across diverse tasks. Additionally, the complex
structures of tree-based models, especially ensem-
bles, make their decision-making process difficult
for humans to trust and intuitively understand, sig-
nificantly limiting their interpretability.

Recently, LLMs have exhibited groundbreak-
ing capabilities in solving complex reasoning
tasks (Yang et al., 2024b; Jaech et al., 2024; Team,
2024; Guo et al., 2025), sparking growing inter-
est in applying LLMs to structured tabular data
tasks. A common line of work first serializes tab-
ular samples into natural language descriptions
and then fine-tunes LLMs on this serialized cor-
pus (Hegselmann et al., 2023; Zhang et al., 2023,
2024; Gardner et al., 2024). These approaches
typically follow an end-to-end paradigm, where
models are fine-tuned or prompted to directly map
serialized tabular inputs to prediction outputs. This
end-to-end paradigm often suffers from limited in-
terpretability, making it difficult to understand the
model’s decision process. To address this, some
researchers have explored chain-of-thought (CoT)
prompting (Wei et al., 2022; Xu et al., 2024) and
inference-time scaling (Snell et al., 2024; Yang
et al., 2025b; Jin et al., 2025) to elicit interme-
diate reasoning steps of LLMs. Such intermedi-
ate reasoning steps increase decision-making trans-
parency to some extent, but they do not always
align with the reasoning processes of domain ex-
perts. For example, they may overlook important
features or misinterpret correlation among features,
ultimately resulting in subpar performance on tabu-
lar data.

From a fundamental perspective, tabular data
represents a highly structured form of informa-
tion. Reasoning over such data typically follows
a hierarchical and structured pathway: perform
in-depth analyses of individual key input features
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Figure 1: Comparison of tabular prediction methods: (i) Tree-based Models: Predicts targets with a hierarchical tree
structure. (ii) Tabular LLMs: Serializes tables into text for LLMs, but may lead to unfaithful reasoning. (iii) Ours:
Introduces a logic graph to supervise and verify LLM reasoning paths, improving accuracy and faithfulness.

to derive preliminary insights, and subsequently
integrate these partial analyses to reach a final out-
come. Clearly, relying solely on the text-based
reasoning processes of LLMs to emulate this struc-
tured analytic process is difficult and unreliable.
Some studies have tried to address this gap by or-
ganizing the LLM reasoning process in a tree-like
manner, such as tree-based approaches like Tree-
of-Thoughts (ToT) (Yao et al., 2023; Zhang et al.,
2025; Guan et al., 2025). However, they still largely
depend on the LLM’s internal, unstructured reason-
ing capabilities, rather than explicitly utilizing the
structural signals present in tabular data. There-
fore, there is a pressing need to design new tabular
reasoning paradigms that are compatible with both
structured tabular prediction and LLM reasoning
mechanisms.

To address these challenges, we propose a
novel Logic-Graph-Enhanced LLM Reasoning
(LogGER) framework for tabular prediction. Our
main goal is to integrate the strengths of tree-based
models and LLMs. Inspired by tree-based models,
we design a directed acyclic graph, called a logic
graph, to represent the decision logic of tabular pre-
diction. As is shown in Figure 1, unlike traditional
trees, the logic graph connects nodes defined by
natural language descriptions to model correlation
between features and targets, enabling straightfor-
ward translation into natural language and seam-
less integration with LLMs. To effectively leverage
this logic graph, we further develop a logic-graph-
enhanced process supervision method that con-
strains and guides the LLM’s intermediate reason-
ing. Specifically, we design a novel process reward
function based on the logic graph to evaluate inter-

mediate reasoning steps and use large-scale reward-
annotated data to train a process reward model
(PRM) for more effective supervision. Guided by
this reward mechanism, LogGER is able to gener-
ate high-quality reasoning trajectories, which are
used to train a policy model for accurate and inter-
pretable tabular reasoning. Extensive experiments
show that LogGER significantly outperforms tra-
ditional tree-based models and mainstream LLM
methods on various tabular prediction tasks, achiev-
ing superior accuracy and interpretability.

2 Related Works
2.1 Tree-based Models for Tabular Prediction

Predictive modeling on tabular data has been a
longstanding research topic. Decision tree-based
models (Breiman, 2001; Chen and Guestrin, 2016;
Ke et al., 2017), particularly ensemble methods
like Random Forests (Breiman, 2001) and gradi-
ent boosting (Chen and Guestrin, 2016; Ke et al.,
2017; Prokhorenkova et al., 2018), have become
dominant due to their ability to naturally handle
heterogeneous features. However, these models
face two key limitations: (1) they require labor-
intensive feature engineering that limits generaliz-
ability, and (2) their complex ensemble structures
lack interpretability for human understanding.

2.2 LLMs for Tabular Prediction

Motivated by the success of LLMs (OpenAl, 2024;
Anthropic, 2024; Meta, 2024; Yang et al., 2025a),
recent research has explored applying LLMs to tab-
ular prediction. Early efforts (Yin et al., 2020; Bert-
simas et al., 2022; Dinh et al., 2022; Hegselmann
et al., 2023) focused on bridging the structural gap
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between structured data and text for traditional
LMs. More recently, works including TableL-
lama (Zhang et al., 2023), TableLLM (Zhang
et al., 2024; Gardner et al., 2024), and TableGPT-
series (Zha et al., 2023; Su et al., 2024) have con-
structed serialized tabular instruction datasets for
fine-tuning LL.Ms. Despite these advances, most
tabular LLMs are fine-tuned in an end-to-end man-
ner, and their decision process can only be revealed
through prompting methods such as CoT (Wei et al.,
2022), which lacks decision transparency. Recently,
LLMs based on test-time scaling (Jaech et al., 2024;
Guo et al., 2025; Team, 2024) have shown supe-
rior performance on various tasks, and have also
inspired attempts on tabular tasks, such as Table-
R1, etc (Jin et al., 2025; Yang et al., 2025b). These
works effectively improve decision transparency,
but there are still some hallucination issues: LLMs
may generate unfaithful reasoning paths that do
not align with expert experience, which limits their
faithfulness and interpretability.

3 Methodology

In this section, we introduce the Logic-Graph-
Augmented LLM Reasoning (LogGER) frame-
work, which consists of two main stages: (i) con-
structs a logic graph through LLMs from tabular
data, (ii) leverages this logic graph to enhance LLM
reasoning in tabular prediction tasks.

3.1 Task Formulation

Tabular Prediction Given a tabular dataset D =
{(xi,y:)}Y, with N samples and n features,
where x; = [x;1, %2, . . ., Tip] € X represents the
input features and y; € ) denotes the class label
(classification) or continuous value (regression).
The goal is to learn a model G : X — ) that min-
imizes the expected loss Ey ,).p[L(G(x),)],
where L is a task-specific loss function (e.g., cross-
entropy or mean squared error).

LLM-based Tabular Prediction To use an LLM
for tabular data, the table must first be trans-
formed into a natural text representation. Typi-
cally, given feature names f and feature values
x, we define a function serialize(F, x) that serial-
izes the structural data into natural language. Af-
ter serialization, a policy LLM M is utilized to
perform tabular prediction on the serialized text:
y = M(serialize(f, x)). The goal of LLM-based
tabular prediction is to minimize E[L(7, y)]. Fur-
thermore, for LLM with intermediate reasoning
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Figure 2: An illustration of logic graph construction.
The constructed logic graph contains three types of
nodes: Condition, Insight, and Prediction nodes.

steps t, the model outputs both the reasoning trace
and the prediction: ¢,y = M(serialize(f,x)). In
this work, we primarily focus on LLMs with inter-
mediate reasoning steps, as these LLMs provide
transparent decision-making processes.

3.2 Logic Graph

Our primary objective is to integrate structural sig-
nals from tree-based models into LLMs for tabu-
lar reasoning. However, a fundamental misalign-
ment exists: tree models encode reasoning through
opaque hierarchical structures and numerical fea-
ture statistics, while LLMs process human-readable
natural language. This gap prevents LLMs from
effectively utilizing tree-based signals. To bridge
this gap, we propose a human-readable logic graph
that transforms tree models’ hierarchical reasoning
paths into a directed graph with natural language
descriptions.

Definition A logic graph is a directed acyclic
graph (DAG) G = (V, E) that encodes decision
paths from features to predictions in natural lan-
guage, where V.= V¢ U VI U VYT represents
logic nodes and E represents edges. The node set
V' comprises three types: Condition nodes (V°)
defining feature partitioning rules, Insight nodes
(V1) providing intermediate analysis for features
satisfying split criteria, and Prediction nodes (V')
outputting probabilistic predictions. These nodes
form directed reasoning paths as illustrated in Fig-
ure 2.

For a given input x;, its reasoning path is con-
structed by aggregating single-feature paths:

9(xi) = Up1 9(Tim) = (Upzt Vim, U1 Ei)

(1)
where g(x;,) denotes the reasoning path for fea-
ture x;,, extracted from G, with V;,,, C V repre-
senting the associated nodes and F;,, C F the
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connecting edges.

Construction Since the logic graph represents
tree structures through natural language descrip-
tions rather than preserving the original tree format,
traditional tree-based learning methods cannot be
directly applied for logic grpah construction. In-
stead, we leverage LLLMs to automatically generate
node descriptions. To ensure the logic graph cap-
tures statistical priors from the data, we first extract
these priors from the dataset and then incorporate
them into the LLM-based construction process:

i) Data Priors Extraction. We eXxtract statisti-
cal priors Pyt (D) from the dataset to guide logic
graph construction, including: (1) distributions of
categorical features, (2) key statistics of numeri-
cal features (mean, median, standard deviation, ex-
trema), and (3) conditional probabilities P(o | f)
quantifying how feature value f influences out-
come o. The conditional probability is computed
as:

count(zm = f,yi = o)
count(x;y, = f)

Plo|f) =

;@

where count(z;,,, = f) denotes the number of sam-
ples with feature value x;,, = f, and count(x;,,, =
f,y; = o) counts samples satisfying both condi-
tions. Details on other priors are in Appendix A.

ii) Graph Construction. We construct a struc-
tured prompt by integrating input features x, task
description desc, and statistical priors Pyt (D).
An LLM then generates natural language descrip-
tions for the three node types:

VC, VI’ vP = LLM(prompt(x, desc)® Pstqt(D)).

3)
We employ the advanced GPT-40 model to en-
sure logical coherence and accuracy. For Con-
dition nodes, the LLM generates both a seman-
tic description (e.g., “If monthly income is less
than $3,000”) and its corresponding matching rule
(e.g., “IF Monthly Income < 3000"). Further de-
tails and a representative example are provided in
Appendix G.2 and Figure 2, respectively.

3.3 Logic-Graph-Enhanced Process
Supervision

Another key challenge is effectively leveraging
the logic graph to guide LLM reasoning. Previ-
ous methods(Yao et al., 2023; Zhang et al., 2025;
Guan et al., 2025) achieve suboptimal performance

because they fail to incorporate the structural sig-
nals in tabular data. We address this by explic-
itly integrating the structured logic graph into the
reasoning process. Inspired by recent advances
in process supervision(Wang et al., 2024; Zhang
et al., 2025; Guan et al., 2025), we propose a logic-
graph-enhanced process supervision approach. As
shown in Figure 3, we design a logic-graph-aided
reward mechanism to generate high-quality rea-
soning trajectories for training both the PRM and
policy model.

Process-Level Reward Design Given input fea-
tures x;, the policy model M generates a step-by-
step reasoning trajectory t; = serialize(f, x;) @
51D s2 @ - P s, to predict the target y;. Each
step s; in the path is a correlation analysis over one
or more input features. s, is the outcome step. The
process reward based on logic graph for each step
s is computed through two stages:

i) Subgraph Retrieval. To evaluate each reason-
ing step in proper context, we retrieve the relevant
subgraph from the logic graph G based on the fea-
tures involved in that step. Specifically, we prompt
the policy model to append feature names after
each step using few-shot learning (Brown et al.,
2020), marked as <mentioned_key>. These fea-
ture names are then used to extract corresponding
values x] from x; and retrieve the associated logic
subgraph g(x{ ) from G.

ii) Process Reward Assignment. The logic-graph-
aided process reward r,c(s;) measures consis-
tency between reasoning step s; and the retrieved
subgraph g(x{ ):

{1, if s; is consistent with g(xg )
rLa(sy) = )
0, otherwise.
A )
Since both s; and g(x]) are textual, we train a
logic consistency verifier to assess their alignment.
We collect reasoning steps and their correspond-
ing retrieved subgraphs, using GPT-40 (OpenAl,
2024) to generate verification labels. The trained
verifier achieves over 90% accuracy (details in Ap-
pendix E.5), enabling reward computation as:
rra(sj) = verifier(s;, serialize(g(x?))).  (5)
Large-Scale Reward Annotation Then, we use
the logic-graph-aided process reward function to
supervise the standard Monte Carlo Tree Search
(MCTS) to generate stepwise verified reasoning tra-
jectories. Notably, unlike standard MCTS, which
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Figure 3: Overview of the proposed Logic-Graph-Enhanced Process Supervision: using the logic graph to verify
LLM-generated reasoning paths step-by-step and generate training data for PRM and Policy Model training.

computes only outcome-based reward, we incorpo-
rate our proposed logic-graph-aided process reward
into the final reward (also called (Q-value) calcu-
lation. Let 7(s;)* denote the reward of step s;
after value back-propagation in the k-th rollout, the
reward is computed as follows:

r(s;)" =r(s;)*!

+ (1 - w) : Toutcome(5a>k]7

+ [w- TLg(S]’)k

(6)

where the initial reward r(s;)? = 0 in the first
rollout, routcome (S j)k denotes the outcome reward,
which equals 1 if the terminal step s, produces a
correct outcome and 0 otherwise. w is the logic
consistency weight. More MCTS details are pro-
vided in Appendix B.

Model Training While the process reward func-
tion evaluates logic consistency, it cannot provide
fine-grained rankings among consistent steps (e.g.,
distinguishing best from average). To address this,
we train a process preference model (Guan et al.,
2025) as our PRM. We construct preference pairs
Dprwu by selecting the top-2 reward steps as pos-
itives and bottom-2 as negatives. The PRM 6 is
trained via the Bradley-Terry model (Bradley and
Terry, 1952) with a pairwise ranking loss:

1

pos _neg
2 (X, ]' 77—]

Lprm(0) =
[log(o(rg

~DprM) (7
NI

pos

S 2x
(%, 777) = r(x,
where 77 —51@ D108, Y =510
. Dsi1 D 3 9, and j is not ﬁnal outcome step.
ro(X4,7j) € [—1, 1] denotes the output of the PRM,
where 7; is the partial path from the first step to
the j-th step. Formally, for each step s;, the PRM
predicts its reward by:

r(s;) = f(serialize(f,x;) ® s1 D ... B s5). (8)

We select the top-2 reasoning paths with the
highest average reward among those yielding cor-
rect predictions as SFT data Dgpr. The policy
model is optimized by:

Lspr(M) = —E(x, 1, yi)~Dsper 108 M (ti, yilx:)]-

€))
LogGER employs a self-training pipeline to train
the policy model and PRM iteratively, as outlined
in Algorithm 1 in Appendix C.

4 Experiments

4.1 Experimental Setup

Baselines. We conduct a comparative evaluation
of LogGER against a diverse variety of prominent
methods in tabular prediction. Our baselines span
four key categories: frontier general-purpose LLMs
(e.g., OpenAl ol (Jaech et al., 2024), DeepSeek-
R1 (Guo et al., 2025)), domain-specific tabular
LLMs (e.g., TableGPT2 (Su et al., 2024), TableL-
lama (Zhang et al., 2023)), process-oriented reason-
ing frameworks (including CoT SFT, GPRO (Yang
et al., 2025b), and rStar (Guan et al., 2025)), and
classical tree-based models (e.g., XGBoost, Ran-
dom Forest). Detailed configurations for all base-
lines are provided in the Appendix E.3.

Datasets. We consider a variety of supervised
tabular prediction tasks with heterogeneous fea-
tures, including classification and regression.
Specifically, the tabular datasets include: Income
(IN), Heart (HE), Bank (BA), Credit (CR), Credit-
g (CRG), Blood (BL) (Grinsztajn et al., 2022),
California_housing (CA) (Pace and Barry, 1997),
Diamond (DI) (Chen et al., 2023) and Fried
(FR) (Breiman, 1996). Following previous stud-
ies (Gorishniy et al., 2021), we use Accuracy
(higher is better) to evaluate classification tasks,
Normalized Root Mean Squared Error (NRMSE)
(lower is better) to evaluate the regression tasks.
For more details, please refer to Appendix D.
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LLM \ Method | INT HEt? BA? CR? CRG?T BL?T Avg Acc?
QwQ-32B 50.87 5326 15.04 63.94 47.00 2533 42.57
DeepSeek-R1 78.60 6630 63.71 6843 4200 2567 57.45
Frontier LLMs GPT-40 60.33 7282 67.02 47.80 59.00  40.00 57.83
GPT-4.1 8127 7935 67.48 7259 53.00 34.67 64.73
OpenAl ol 81.50 79.35 7140 7191 66.00 46.67 69.47
TableGPT2-7B | 7227 4022 5027 4843 4200 45.33 49.75
TableLlama-7B | 45.80 58.70 5022 49.63  66.00  80.00 58.39
Tabular LLMs | Table-R1-Zero-8B | 4527 58.70 57.57 63.99 49.00  80.00 59.09
Table-R1-Zero-7B | 65.46 60.87 52.88 63.96 56.00  80.00 63.19
TableLLM-7B 82.69 47.83 69.28 71.74 5500 78.67 67.54
Vanilla 5583 6630 51.66 6421 4400  56.00 56.33
Direct SFT 8247 70.65 6838 6501 68.00 80.00 72.42
Llama-3.1-8B CoT SFT 7783 80.43 6878 71.97 58.00  64.00 70.17
-Instruct GRPO 7697 7717 69.14 4980  67.00  80.00 70.01
rStar 84.03 77.17 7279 73.02 61.00  80.00 74.67
LogGER (Ours) | 84.57 81.52 7221 7442 67.00 80.00 76.62
Vanilla 80.92 7826 4998 6251 51.00  44.00 61.11
Direct SFT 7746 5870 58.83 53.87 68.00  80.00 66.14
Qwen-2.5-7B CoT SFT 76.17 80.43 6279 6835 5400 78.67 70.07
-Instruct GRPO 82.57 5870 71.04 7450 68.00  80.00 72.46
rStar 8273 7609 68.69 7556 6400 78.67 74.29
LogGER (Ours) | 83.00 8587 71.62 72.19 72.00 78.67 77.22

Table 1: Performance comparison on classification tasks across frontier LLMs, specialized tabular LL.Ms, and
various training methods. LogGER consistently outperforms baselines using the same base models (Llama-3.1-8B-
Instruct and Qwen-2.5-7B-Instruct). Best and second-best results are shown in bold and underlined, respectively.
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Figure 4: Performance comparison on the regression
task. LogGER achieves the lowest NRMSE (0.247),
outperforming other baselines.

Implementation Details. We use both Llama-
3.1-8B-Instruct (Meta, 2024) and Qwen-2.5-7B-
Instruct (Yang et al., 2024a) as the base policy
model and PRM. For policy model training, we
use a batch size of 128 and a learning rate of Se-5
for 5 epochs. For PRM training, we set the batch
size to 512, train for 1 epoch, and use a learning rate
of 7e-6. More details are provided in Appendix E.

4.2 Main results

Comparable Performance with Frontier LLMs
and Tabular LLMs. As shown in Table 1, re-
sults demonstrate that LogGER achieves compa-
rable performance across all tasks. While mod-
els like DeepSeek-R1 and OpenAl ol have shown
their strong performance in mathematical reason-
ing (Jaech et al., 2024; Guo et al., 2025), they
achieve only 57.45% and 69.47% accuracy on tab-
ular data. And even TableLLM, trained on tabular
data, struggles with similar limitations due to the
lack of high-quality reasoning paths. In contrast,
LogGER significantly enhances LLMs’ reasoning
capabilities by selecting high-quality training data
using the logic graph. Despite being based on a
relatively smaller 7B model, LogGER achieves a
remarkable accuracy of 77.22% and NRMSE of
0.247, demonstrating superior precision in continu-
ous value prediction.

Same Backbones, Superior Performance. Ta-
ble 1 provides a comprehensive quantitative com-
parison of LogGER against baseline methods. In
most tasks, LogGER significantly improves the rea-
soning performance of LLMs compared to most
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Method Classification Regression
INT HET BAT CRT CRGT BLT Avg.t CA| DI| FR| Avg |

KNN 79.78 76.08 68.79 64.54 62.00 8133 72.09 034 037 0.17 0.29

. Decision Tree  80.16 77.60 69.21 69.11 66.00 78.66 7346 0.38 040 0.18 0.32
Classical ML

Random Forest 80.17 76.52 69.54 76.68 6480 78.66 7440 038 036 0.13 0.29

XGBoost 76.99 7826 69.29 7384 68.00 80.00 7440 043 0.85 0.24 0.1

MLP 80.15 79.78 68.12 7483 68.00 80.00 75.15 064 142 038 0.82

VIME 80.07 80.21 68.27 75.04 68.00 80.00 7527 048 120 031 0.67

Neural DeepFM 80.26 82.60 6555 7547 68.00 80.00 7531 043 143 091 092

. TabNet 80.29 77.17 69.15 7324 68.00 8133 7486 050 0.88 588 242
Architecture

STG 7730 59.78 63.58 6139 6420 80.00 67.71 042 0.87 0.17 049

SAINT 79.93 81.08 67.70 7542 68.00 80.00 7536 035 142 037 0.71

LogGER-7B  83.00 85.87 71.62 72.19 72.00 78.67 7722 035 0.29 0.10 0.25

Table 2: Performance comparison of LogGER-7B with traditional ML and deep learning baselines across classifica-
tion and regression benchmarks. For classification, higher accuracy (1) is better; for regression, lower NRMSE ({)
is better. Best and second-best results are highlighted in bold and underlined.
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Figure 5: Comparison with Top-Tier CoT Methods.

baseline methods. Overall, LogGER improves
the best baseline accuracy by an average improve-
ment from 74.29% to 77.22% on Qwen-2.5-7B-
Instruct and from 74.67% to 76.62% on Llama-
3.1-8B-Instruct. Notably, in the healthcare domain,
specifically on the Heart task, LogGER increases
the accuracy by 5.44%. Similarly, in the finan-
cial domain, on the Credit-g task, the accuracy
improves by 4.00%. This superiority is even more
pronounced in regression tasks. As illustrated in
Figure 4, LogGER achieves the lowest NRMSE
of 0.247, drastically outperforming advanced opti-
mization baselines such as rStar (0.307) and GRPO
(0.273), proving its robustness in handling com-
plex numerical reasoning under identical model
architectures.

Superior Performance than Tree-based Models.
The results in Table 2 demonstrate a clear perfor-
mance improvement of LogGER over traditional
tree-based models. While classic tree-based mod-
els such as Random Forest and XGBoost achieve
average accuracies of around 74.40%, LogGER at-

BL

(b) Regression Tasks

LogGER significantly outperforms existing methods.

tain significantly higher accuracies, with LogGER-
8B and LogGER-7B reaching 76.62% and 77.22%,
respectively. These results indicate that LogGER
successfully integrates the strengths of both tree-
based methods and LLMs, resulting in performance
that not only surpasses each component but also
establishes a new SOTA on tabular data.

4.3 Comparison with Top-tier CoT Methods

To further validate LogGER on tabular reasoning,
we compare it with top-tier CoT methods, includ-
ing CoT (Wei et al., 2022), ToT (Yao et al., 2023),
HtT (Zhu et al., 2023), Symbolic CoT (Symb-
CoT) (Xu et al., 2024). As shown in Figure 5, these
methods struggle with tabular prediction, with only
ToT achieving the 58.46% average accuracy. This
suggests that relying solely on the LLM’s unstruc-
tured reasoning capabilities is insufficient for struc-
tured reasoning. In contrast, LogGER integrates
external structural signals with the reasoning power
of LLMs, effectively enabling structured reasoning
and achieving superior performance.
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Figure 6: Average performance of LogGER under dif-
ferent logic consistency weights w on regression and
classification tasks using Qwen-2.5-7B-Instruct. De-
tailed per-task results are provided in the Appendix F.2.

5 Analysis

5.1 Sensitivity Analysis of Weight w

An interesting question is how the proportion of
logic consistency in the Q-value calculation affects
the performance of LogGER. To explore this, we
varied the logic consistency weight w and observed
its impact. As shown in Figure 6, the results indi-
cate that increasing w significantly enhances model
performance, reaching a peak when w = 0.7. This
suggests that the logic correctness of reasoning
steps plays a crucial role in improving the real-
world reasoning capabilities of LLMs. Accord-
ingly, we set w = 0.7 as the default value.

5.2 Impact of Iterations

Figure 7 compares LogGER against rStar across
four iterative rounds. For classification tasks, Log-
GER consistently outperforms rStar, improving
from 71.2% to 77.2% accuracy by Round 4. In
regression tasks, LogGER achieves superior er-
ror reduction with a final NRMSE of 0.247 versus
rStar’s 0.307. These results demonstrate that the
logic graph effectively guides the model toward
better solutions at every training stage.

5.3 Quality of Logic Graphs

As the foundation of LogGER, the quality of the
logic graph is crucial for overall performance. To
evaluate this, we conduct a human evaluation where
three domain experts assess the logic graphs by ver-
ifying whether each sub-graph aligns with their
reasoning processes. Sub-graphs that match ex-
pert judgment are marked as correct. As shown in
Table 3, the logic graphs achieve an average accu-
racy of 93.80%, demonstrating that LLMs can ef-
fectively generate accurate and interpretable logic
graphs for tabular tasks by leveraging statistical
priors and our designed graph structure.

rStar

—8— LogGER (Ours)

772

-~
T
E 74
«®
= 72
=
3]
g
68
66
Round 1 Round 2 Round 3 Round 4
(a) Classification Tasks
0.7
0.6
~
{
- 0.5
=
n
5 0.4
0.421
Z 4
0.3 0.369
0.279
0.2 0.247
Round 1 Round 2 Round 3 Round 4
(b) Regression Tasks

Figure 7: Average performance comparison of LogGER
and rStar across different MCTS iteration numbers on
regression and classification tasks. Detailed per-task
results are provided in the Appendix F.3.

IN HE BA CR CRG BL CA DI FR

93.91% 96.55% 100.00% 91.67% 94.37% 91.67% 93.75% 92.30% 90.00%
(108/115) (28/29) (19/19) (22/24) (67/71) (11/12) (30/32) (36/39) (18/20)

Table 3: Correctness of the constructed logic graph.
The notation (/) represents (the number of sub-graphs
aligning with expert thinking / total number of logic
sub-graphs).

5.4 Interpretability of Reasoning Process

We employ the widely-used LLM-as-a-judge ap-
proach (Zheng et al., 2023; Feng et al., 2024; Li
et al., 2025; Wang et al., 2025) to evaluate inter-
pretability, where GPT-40 scores each reasoning
path from 1 to 5 based on three criteria: (1) no fac-
tual or logical errors, (2) consistent reasoning steps
that align with the outcome without contradiction,
and (3) a correct final outcome. As shown in Ta-
ble 4, LogGER achieves the highest interpretability
scores across all tasks, demonstrating that the logic
graph effectively guides the generation of coher-
ent and reliable reasoning paths, enhancing both
transparency and trustworthiness.
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Method IN HE BA CR CRG BL CA DI FR

rStar 3.25 3.58 3.64 3.56 2.72 4.08 3.89 4.39 5.00
LogGER 4.03 4.39 4.01 445 4.12 422 443 5.00 5.00

Table 4: Interpretability scores of reasoning paths.
Higher scores indicate better interpretability.

6 Conclusion

We propose LogGER, a novel framework that inte-
grates logic graphs with LLMs to enhance tabular
data prediction. By reformulating decision trees as
human-readable logic graphs and supervising LLM
reasoning with these graphs, LogGER combines
the predictive accuracy of tree models with the
interpretability of LLMs. Experiments show that
LogGER consistently outperforms both traditional
tree-based models and SOTA LLM-based meth-
ods, offering superior accuracy and transparency
for tabular prediction.

7 Limitations

One limitation of our work is that, due to com-
putational constraints, we have not evaluated our
approach on larger language models (e.g., mod-
els with 32B parameters or more). However, the
logic graphs constructed by our method consis-
tently show high quality and may serve as effective
supervision signals for process supervision, even
for moderately sized or larger models. In addition,
the multi-stage MCTS and model training process
in our framework introduces extra computational
overhead, although it also yields clear performance
gains. We leave more comprehensive validation on
larger models and further efficiency improvements
to future work.
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A Statistical Priors Extraction from
Training Data

In this section, we introduce estimation methods
for statistical priors in addition to conditional prob-
ability.

For each categorical feature x;., we count the
number of samples including x;., denoted as
C(xic), as well as the total number of samples, C.
The distribution proportion of each categorical fea-
ture P(x;.) is then calculated as:

C(SCZC)
c

For numerical feature x;, and its total number of
samples V, we calculate the following key statisti-
cal information:

(1) Mean:

P(xzc) =

1 N
:U‘$Z'" = N nzz:lx’in'

(2) Minimum and Maximum:
min(x;y) = min{a;1, T2, ..., Tin, o, TiN}s

max(x;n) = max{x;i1, Ti2, ..., Tiny .-, TiN }-

(3) Median:

if A is odd

Median(z;,) = N
—2 2 if Niseven.

(4) Standard Deviation:

N
1
— E . 2
O—IEiu - N n:1($1n /’L:Eill) N

Collecting this information helps LLM gain a com-
prehensive understanding of the overall data distri-
bution, enabling it to identify more representative
features and more effectively partition each fea-
ture into distinct intervals (Carrasco et al., 2025),
thereby generating more precise conditional nodes
in the logic graph.
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Algorithm 1: Logic-Graph-Enhanced Process Su-
pervision

Input: Process reward function r1,¢¢, policy model
M, PRM 46, input features x, feature names f,
number of iterations T’

1: To < M (serialize(f,x)) // Perform MCTS
using M to generate extensive reasoning paths

2: g(x) < Retrive(7) // Retrieve the logic sub-
graph
3: rg < r(7T,g(x)) // Calculate initial reward
using reward function
4: fort =1to7T do
5. Dgpr, < Generatespr (7T, 1) // Generate
training data for the policy model
6:  Dprm, < Generatepry (7, r¢) // Gener-
ate training data for the PRM
7: My < Train(M, Dgpr) // Train the policy
model
0; < Train(0, Dprn) // Train the PRM
Ti < M (serialize(f, x)) // Perform MCTS
using M,
10: 1 < O(serialize(f, x), T¢) // Calculate up-
dated reward
11: end for
Output: Mr

B Details of MCTS

As described in Section 3.3, at the beginning
of each round, we employ MCTS to generate
verified step-by-step trajectories for all training
data. Specifically, this MCTS process includes four
stages: node selection, thought expansion, greedy
MC rollout, and value backpropagation. For input
features x;, each path ¢; € T consists of a sequence
of steps t; = serialize(f,x;) @ s1 B s9 D - - - D 54.
Here, the step corresponds to the node in the Monte
Carlo tree. At each step s;, we prompt the policy
model to generate multiple candidate next steps
based on the partial path z ® 51 @ --- @ sj_1. All
steps are then assigned rewards (Q-values), 7(s),
and the optimal step is selected using the following
Upper Confidence Bound for Trees (UCT) (Kocsis
and Szepesvari, 2006) criterion:

In U (parent(s))
U(s)

UCT(s) = . (10)
where r(s) is the predicted reward of step s, U(s)
is the number of visits to step s, U(parent(s)) is
the number of visits to the parent step, and c is

a constant balancing exploration and exploitation.
The other stages are described in Section 3.3. In
Implementation, the maximum tree depth is set to
16 (25 for the Credit-g task due to its richer in-
put features), with 8 MCTS rollouts conducted per
sample by default. At each step, we explore 8 can-
didate steps and set the constant ¢ = 2 in Eq. (10)
to encourage deeper exploration. In the first round,
Q-values in MCTS are derived by combining logic
consistency ¢ (s) and outcome contribution g (s).
In subsequent rounds, Q-values are produced by
the PRM. Each round of MCTS is performed using
the latest trained policy model and PRM.

C Logic-Graph-Enhanced Process
Supervision Algorithm

Algorithm 1 outlines the training procedure for
Logic-Graph-Enhanced Process Supervision. The
process consists of an initialization phase followed
by iterative refinement. Initially, we employ the pol-
icy model M to perform Monte Carlo Tree Search
(MCTS), generating reasoning paths 7g, and re-
trieve the logic sub-graph g(x) to compute the ini-
tial rewards 9. During the iterative loop (Lines
4-11), we construct the SFT dataset Dgpr, and
PRM dataset Dpry, based on the trajectories and
rewards from the previous iteration. Both the policy
model M and the Process Reward Model (PRM) 6
are then fine-tuned. Finally, new reasoning paths
T¢ are generated using the updated policy M; and
re-evaluated by the updated PRM 6; to guide the
subsequent iteration.

D Tasks and Datasets

Details of each test dataset we used as benchmark
are as follows:

Credit This task involves assessing the credit
risk of borrowers and determining whether they
are likely to face financial distress within the next
two years based on their financial information. The
dataset consists of 16,714 training samples and
3,510 test samples, with each sample comprising
10 financial attributes of the borrower and a label
indicating whether they will experience financial
distress.

Bank This is a bank-marketing task. Given infor-
mation from direct marketing campaigns conducted
by Portuguese banks via phone calls, we predict
whether a client will subscribe to a term deposit.
The dataset includes 7,404 samples.
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Creditg Given the borrower’s relevant informa-
tion, the Creditg task evaluates whether their credit
status is good. The dataset includes 799 training
samples and 100 test samples.

Heart This task predicts heart disease risk. The
Heart dataset includes 734 training records and 92
testing records with 11 diagnostic features.

Income This task predicts whether a person’s an-
nual income exceeds $50,000 based on their socioe-
conomic information. The dataset includes 48,840
samples with 14 demographic and socioeconomic
attributes.

Blood This task predicts whether a donor will
donate blood in March 2007 based on their past
donation history. The dataset includes 747 samples
with features like donation recency and frequency.

California_housing This task predicts the me-
dian house price for the California house block
group in hundreds of thousands of US dollars based
on the house features. The dataset includes 20640
instances and 9 house price features.

Diamond This task predicts the price in US dol-
lars ($326 — $18,823) of the diamond based on
the diamond features. The dataset includes 53940
diamond instances and 10 diamond features.

Fried This is an artificial data set. The cases are
generated using the following method: Generate
the values of 10 attributes, X1, ..., Xig, indepen-
dently, each of which is uniformly distributed over
[0,1]. Obtain the value of the target variable Y
using the equation:

Y = 10sin(7X; Xo) + 20(X3 — 0.5)?
+ 10X4 + 5X5 + ¢,

where £ ~ N(0,1). The dataset includes 17396
instances and 11 numerical features.

To reduce computational costs, for classification
tasks, we sample 6,000 instances for training from
datasets with over 6,000 samples. For regression
tasks, we sample 2000 instances for training and
1000 instances for testing from datasets with over
3000 samples. For datasets without predefined test
sets, we use an 8:1:1 train-validation-test split.

E Implementation Details

E.1 Training Details

In each round, we collect verified step-by-step tra-
jectories to fine-tune the policy LLM and train the
PRM. Following Chen et al. (2024); Guan et al.
(2025), the policy model is fine-tuned from the
base model in each round, rather than incrementally
from the previous round. Both the policy model
and PRM are trained solely on the newly collected
data from the newest round to avoid learning errors
from low-quality reasoning paths.

E.2 Evaluation

All evaluations are conducted using 8 NVIDIA
A100 GPUs with greedy decoding. For all datasets,
model performance is evaluated based on accuracy,
measured by comparing the generated outputs to
the targets.

E.3 Baseline Details

We compare LogGER against several strong
baselines, each representing different training
paradigms: (1) Direct SFT: The LLM is trained
directly using the original dataset labels. We use
1 epoch, a learning rate of 2e-5, and a batch size
of 128. (2) CoT SFT: The policy model gener-
ates CoT reasoning paths. Due to the base model’s
weaker generation ability, we set the temperature
to 0.99 and sample each sample 32 times, selecting
the best CoT for training. (3) GRPO: For GRPO
baselines, we follow (Yang et al., 2025b) and de-
sign task-specific, verifiable reward functions tai-
lored to tabular reasoning and apply the Group
Relative Policy Optimization (GRPO) algorithm
(Guo et al., 2025) to enable stable and scalable re-
inforcement learning. (4) rStar: In the original
paper of rStar (Guan et al., 2025), step verification
is performed via code execution. However, this is
not applicable to our real-world tasks, where rea-
soning steps are non-executable. Therefore, in our
comparison, we remove code execution from rStar.
Further, to ensure fairness, the first-round data in
rStar is also generated using the same policy model
as in our method, with the same number of rollouts
across all rounds. All other settings strictly follow
the original paper of rStar.

E.4 MCTS Costs

We use the policy model on a single 8x80GB A100
GPU node and perform 8 MCTS rollouts in paral-
lel. The time required to complete one round of
MCTS varies depending on the dataset size. For
datasets like Credit, Bank, and Income (each with
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. Classification Regression
Weight w
INT HE1T BAT CRt CRGT BL?T Avg.t CA] DI] FR| Avg |

0.0 7521 64.64 48.00 7826 80.23 6133 6795 071 083 031 0.62
0.1 66.13 65.77 54.00 7826 8153 7200 69.61 048 0.61 031 047
0.2 73.28 6793 47.00 81.52 8130 7333 70.73 049 053 033 045
0.3 7248 67.16 52.00 79.35 81.53 68.00 70.09 045 0.59 031 045
0.4 69.54 67.97 53.00 78.26 81.50 72.00 70.38 048 055 030 044
0.5 74.53 6739 50.00 8043 8257 66.67 7026 051 0.61 030 048
0.6 70.51 67.21 56.00 7826 81.77 7200 70.96 050 055 029 045
0.7 70.40 68.15 53.00 7826 81.63 76.00 7124 044 053 030 042
0.8 69.37 66.62 48.00 79.35 81.87 7200 69.53 045 054 030 043
0.9 66.52 6595 50.00 79.35 8140 6933 68.76 047 0.67 027 047

Table 5: First-round performance of LogGER on regression and classification tasks under different logic consistency
weights w, using Qwen-2.5-7B-Instruct. We report results from the first iteration because the weight is primarily

applied in this stage.

Classification Regression
Method
INT HEfT BAtT CRT CRGT BLtT Avg.t CA| DI|] FR| Avgl

rStar Round 1 80.23 78.26 64.64 7521 4800 61.33 6795 071 0.83 0.31 0.62
rStar Round 2 81.63 75.00 66.26 7393 59.00 78.67 72.41 046 0.66 0.29 0.47
rStar Round 3 8230 75.00 70.27 7222 59.00 80.00 73.13 039 052 029 0.40
rStar Round 4 82.73 76.09 68.69 7556 64.00 78.67 7429 037 045 0.10 0.31
LogGER Round 1 81.63 78.26 68.15 7040 53.00 76.00 7124 044 053 0.30 0.42
LogGER Round 2 82.57 82.61 6995 7188 64.00 7467 7428 040 042 0.29 0.37
LogGER Round3 82.70 82.61 71.08 7236 69.00 78.67 76.07 036 036 0.12 0.28
LogGER Round 4 83.00 85.87 71.62 72.19 7200 78.67 7722 035 029 0.10 0.25

Table 6: Detailed performance comparison of LogGER across different iteration rounds on regression and classifica-

tion tasks using Qwen-2.5-7B-Instruct.

6,000 training samples), data generation takes ap-
proximately 12—18 hours per dataset. For other
smaller datasets, generation typically completes
within 2.5-4.5 hours using all 8 GPUs. The de-
tailed computational costs are summarized in Ta-
ble 7.

LLM CR BA CRG HE IN BL

Llama3.1-8B-Instruct 18 18 18 45 45 3
Qwen-2.5-7B-Instruct 12 12 12 3 3 25

on these models for verification. To reduce this
overhead, we first sample a small amount of data
(30-50 samples per dataset) and then use the data
generated by GPT-4o to train a smaller LLM as a
consistency verifier. For this purpose, we selected
Qwen-2.5-7B-Instruct as the verifier model. After
training, this verifier achieved an average accuracy
of over 90%, as reported in Table 8.

CR BA CRG HE IC BL Avg.
Training samples 15912 9928 31072 9314 14790 2470 /

Table 7: Computational cost of LogGER during MCTS-
based data generation across different datasets.

E.5 Training the Logic Consistency Verifier

One of the most direct methods for evaluating the
consistency between generated steps and the logic
graph is to use advanced models (such as GPT-
40). However, MCTS rollouts generate extensive
reasoning paths, making it costly to rely entirely

Accuracy 92.50% 90.00% 93.00% 94.50% 87.50% 84.00% 90.25%

Table 8: Performance of logic consistency verifier.

F Additional Experimental Results

F.1 Comparison with LLLM Baselines on
Regression

The detailed performance comparison between our
proposed LogGER and tree-based models across
various datasets is presented in Table 9. As shown
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in the Table 9, our method LogGER, by effectively
integrating data statistical priors and logic graph,
enables the large language model not only to cap-
ture the statistical priors typically learned by tree-
based models, but also to achieve comparable or
even superior performance on most datasets.

Method | CAl DI| FR| Avg|
QwQ-32B 104.13 050 0.08  34.90

TableGPT2-7B 41600 322 043 139.88
Table-R1-Zero-8B | 120.50 0.92 023  40.55
Table-R1-Zero-7B | 27.94 090 044  9.76

Vanilla 26554.00 4.55 047 8853.00
Direct SFT 16.68 020 0.09  5.66
CoT SFT 046 092 0.19 0.2
GRPO 0.41 034 0.07 027
rStar 037 045 010 03l
LogGER (Ours) 035 029 010 025

Table 9: Detailed test performance comparison of Log-
GER and LLM-based baseline methods on regression
tasks.

F.2 Sensitivity Analysis of Weight w

Since the logic consistency weight w is only used
in the first round of MCTS to calculate the Logic-
Graph-Aided Process Reward function, the rewards
in the subsequent rounds are provided by the pro-
cess reward model. Therefore, we compared the
impact of different logic consistency weights in the
first round on the proposed LogGER. The average
results are shown in Figure 6, while the detailed
results are reported in Table 5. As the logical con-
sistency weight increases, the performance of Log-
GER also improves—from 67.95% (weight 0.0) to
71.24% (weight 0.7), an improvement of 3.29%.
However, the weight should not be set too high;
the optimal weight is found to be 0.7. Otherwise,
performance will decrease. This is because an ex-
cessively large w causes the LLM to overemphasize
the logic consistency of intermediate steps, while
neglecting the correctness of the final outcome.

F.3 TImpact of Iterations

We provide a detailed report in Table 6 on the im-
pact of the number of iterations on the performance
of LogGER across different datasets. Notably, as
shown in Table 6, during the first round, the guid-
ance of the logic-graph-aided process reward func-
tion leads to a significant improvement on most
datasets. Moreover, with the increase in the num-
ber of iterations, LogGER is able to maintain its ad-
vantage over other method, indicating that the pro-

posed LogGER is robust and stable across multiple
rounds of optimization. These results highlight the
importance of both logic guidance in early stages
and continued refinement in subsequent rounds.

F.4 TImpact of MCTS Rollouts

As shown in Table 10, the results demonstrate di-
minishing returns as MCTS rollouts increase. Per-
formance improves most significantly from 1 to 2
rollouts (+0.94% in BA), with gradual gains con-
tinuing up to 8 rollouts (77.31% average accuracy).
Beyond 8 rollouts, improvements become negligi-
ble (+0.02% at 16 rollouts), indicating performance
saturation. This suggests 8 rollouts provides the
optimal balance between computational cost and
accuracy gains, as further increases yield diminish-
ing marginal benefits.

MCTS Rollouts | BAT INT  Avg. Acc. 1
1 70.86  82.80 76.83
2 71.80 8220 77.00
4 71.62 8240 77.01
8 71.62  83.00 77.31
16 71.62  83.04 77.33

Table 10: Model performance with varying MCTS roll-
out numbers. BA and IN are two respective benchmarks,
and Avg. Acc. represents the average accuracy across
both datasets.

F.5 Impact of Logic Graph Generators

To investigate how different LLMs affect logic
graph construction quality, we evaluate LogGER
using four advanced LLMs. The results in Table 11
reveal that logic graph quality substantially impacts
overall performance. All LogGER variants con-
sistently outperform the rStar baseline (72.44%),
with improvements ranging from 1.62% to 2.45%,
demonstrating the effectiveness of incorporating
structured logical reasoning. Among the tested
LLMs, GPT-40 achieves the best performance at
74.89% average accuracy. Notably, the perfor-
mance gap between different LLMs remains rel-
atively narrow ( 0.83%), suggesting that LogGER
can effectively leverage structured reasoning capa-
bilities from various foundation models.

F.6 Robustness on Noisy Datasets

As shown in Table 1, LogGER performs well
on the noisy dataset IN, which contains explicit
missing values and mixed-type noise. To further
verify its generalizability to noisy data, we ad-
ditionally conduct experiments on BCS (Breast
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Model | LLM |BA1 INT Avg. Acc. 1
rStar | / |64.64 8023 7244
Claude Sonnet 4.5 | 67.52 80.60  74.06
Gemini-2.5-pro |67.52 81.30 74.41
LogGER
0gG DeepSeek-R1  |68.02 81.03  74.53
GPT-40 68.15 81.63  74.89

Table 11: Performance comparison of LogGER using
different LLMs for logic graph construction.

Cancer Wisconsin) (Wolberg and Street, 1993), a
dataset commonly used for noise-robustness analy-
sis, where we manually inject 30% feature missing-
ness or noisy features. As shown in Table 12, Log-
GER achieves the best performance on both noisy
datasets, indicating strong robustness to noisy data.

Method IN T BCS 1
XGBoost 76.99 62.74
DeepFM 80.26 71.71
QWQ-32B 50.87 43.86
TableGPT2 72.27 43.86
Table-R1-Zero-7B 65.46 39.47
Vanilla 80.92 37.72
SFT 77.46 47.37
CoT SFT 76.17 42.98
GRPO 82.57 60.50
rStar 82.73 66.67
LogGER 83.00 77.19

Table 12: Performance comparison on IN and BCS.

F.7 Ablation Study on Logic Graph Node
Types

To further explore the contribution of different node
types in the logic graph, we conduct an ablation
study by removing each node type in logic graph.
As shown in Table 13, removing either Insight
Nodes or Prediction Nodes leads to a clear decline
in performance compared with the full LogGER
model. These results indicate that both node types
make important and complementary contributions
to the reasoning process. Overall, the complete
logic graph achieves the best performance, suggest-
ing that a full graph structure is critical for fully
unleashing the model’s capability.

F.8 Scalability Analysis on Subgraph
Retrieval

We report the number of nodes in the logic graph
and the average reasoning path length for each task

Method BA T CA |
rStar 64.64 0.71
LogGER w/o Insight Nodes 66.85 0.52
LogGER w/o Prediction Nodes 67.61 0.50
LogGER 68.15 0.44

Table 13: Ablation study on different nodes of Logic
Graph.

Graph Size R;isr?gntll:lg Vanilla LogGER Gain(A)
36 nodes, 24 edges (BL) 553.9 44.00 78.67 +34.67
72 nodes, 48 edges (CR) 11559 6251 7219  +9.68
87 nodes, 58 edges (HE) 1008.1 78.26  85.87 +7.61
213 nodes, 142 edges (CRG) 13464  51.00 72.00 +21.00
345 nodes, 230 edges (IN) 796.7 80.92  83.00 +2.08

Table 14: Scalability analysis on subgraph retrieval.

in Table 14. Empirically, we do not observe per-
formance degradation as the graph grows or as rea-
soning paths become longer. Theoretically, our ap-
proach remains computationally scalable because
retrieval does not require a global search over the
entire graph. Specifically, traditional global graph
search has a complexity of O(V), where N is the
total number of nodes in the graph. In contrast, we
initiate retrieval from the activated Condition nodes
(matched to the current input features) and perform
a directed expansion along edges toward Insight
and Prediction nodes. This directed retrieval strat-
egy reduces the complexity to O(k - d - 1), where
k is the number of activated Condition nodes (typ-
ically < 5), d is the average out-degree (typically
< 4), and [ is the average path length (typically
< 3). As aresult, the effective per-query search
space stays bounded, i.e., k- d - | < N, keeping
the retrieval cost largely stable even when the over-
all logic graph contains hundreds or thousands of
nodes. This complexity reduction ensures strong
scalability of our method.

F.9 Robustness to the Performance of Verifier

To analyze the robustness of our method to verifier
performance, we conduct experiments with five ver-
ifiers of different performance (49.96%, 65.70%,
75.00%, 80.31%, 90.25%). As shown in Table 15,
our performance consistently improves as the ver-
ifier becomes stronger. Notably, the verifier does
not need to be highly accurate (only above 80%)
for our method to achieve strong performance. This
result indicates that combining outcome rewards
and process rewards can substantially improve ro-
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Verifier Accuracy BAT CA|

49.95 66.31 0.65
65.70 67.30 0.51
75.00 67.39 0.47
80.31 68.15 0.43
90.25 68.15 0.44

Table 15: Relationship between performance and veri-
fier accuracy.

bustness to verifier errors.

G Prompt Templates

G.1 Prompts Used in Top-tier CoT Methods

In this section, we present the prompts used by the

top-tier CoT methods in our comparison, as shown
in Figure 8 and 9. These prompts are carefully
selected or adapted from their original implemen-
tations to ensure a fair and consistent evaluation
across methods.

G.2 The Prompt Template for Logic Graph
Construction

We present an example prompt for constructing the

logic graph in Figure 10. The prompt is concate-
nated by task description, all input features, and
the statistical priors.

G.3 The Prompt Template for LL.M-as-Judge

We present the prompt template utilized for the in-
terpretability evaluation in Figure 11. This prompt
instructs the judge model (GPT-40) to evaluate the
generated reasoning trajectories based on dimen-
sions such as clarity, logical coherence, and faith-
fulness, ensuring that the explanation effectively
justifies the final prediction.
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Prompt Templates Used by the Baseline Methods CoT, ToT, and HtT

CoT:

Given the following data: [...] Based on this data, is the credit payment paid or not? Please respond with *1” for "Person
experienced 90 days past due delinquency or worse’ and ’0’ for Not overdue’. Do not answer anything else. Let’s
think step by step. The format of the output should be like [Explanation of the reasoning process |Answer] .”

ToT:

Given the following data: [...] Based on this data, please start by analyzing the data and consider how each of the
following factors could impact the prediction:

1. If the person has a record of 90 days late, how likely is it that they will experience a 90-day delinquency again?

2. How does a high debt ratio influence the likelihood of overdue payments? Does it increase the risk of delinquency?
3. How might a low monthly income increase the likelihood of overdue payments?

4. Does a high revolving utilization indicate a person is at higher risk of delinquency?

5. How does the number of open credit lines and loans affect the likelihood of the person falling into delinquency?

6. If the person has a high number of dependents, could this indicate increased financial pressure and thus a higher
chance of experiencing 90 days overdue?

7. What role do the previous delinquency records (30-59 days, 60-89 days) play in predicting future payment behavior?
After evaluating these factors and reasoning through their possible interactions, make a final prediction: - If the person
has experienced a 90-day or worse delinquency, respond with *1°. - If the person has not experienced a 90-day or worse
delinquency, respond with *0’.

The format of the output should be like [Explanation of the reasoning process | Answer]

HtT:

Task1: Induction Stage - Generate a rule base from the provided dataset.

Context: You are working with a dataset related to credit payments, aiming to determine whether the borrower will
experience 90 days past due delinquency or worse ("1”) or not be overdue (’0’). Your task is to generate rules that can
predict the payment status of future borrowers accurately based on their financial and personal information.
Instructions:

1. Analyze the following data point and derive a rule based on its attributes.

2. The rule should aim to predict whether the borrower will be classified as 1’ (experienced 90 days past due
delinquency or worse) or *0’ (not overdue).

3. Collect all generated rules into a rule base, ensuring their frequency and accuracy.

Data Point: [...]

Example Rule Format: If the revolving utilization of unsecured lines is below 0.2, the age is over 50, no history of
being 30-59 days late in the last 2 years, the monthly income exceeds 15000, and no dependents, then the borrower is
likely not to have been overdue. Please provide the derived rule and add it to the rule base.

Task2: Deduction Stage - Use the rule base to predict the outcome for a new data point.

Context: In this stage, you have access to a rule base collected during the induction stage. Your goal is to use this rule
base to predict whether a new borrower will experience 90 days past due delinquency or worse (’1°) or not be overdue
C0%).

Instructions:

1. Before analyzing the new data point, review the provided rule base.

2. For the given new data point, identify which rule(s) apply.

3. Based on the applicable rule(s), predict the classification of the new application.

Rule Base (Include relevant rules here): [...]

New Data Point: [...]

Questions:

1. Which rule(s) from the rule base apply to this new data point?

2. Based on the applicable rule(s), what is the predicted classification for this borrower? Is the credit payment paid or
not? Please respond with "1’ for *Person experienced 90 days past due delinquency or worse” and "0’ for ’Not overdue’.
Provide your prediction along with the reasoning behind it.

Figure 8: Prompt templates used by the baseline methods CoT, ToT, and HtT.
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Prompt Template Used by the Baseline Method SymbCoT

SymbCoT:

Task1 description: Translate the premises and problem statements of natural language into symbolic format. The
purpose of this step is to prepare structured inputs for the subsequent logical reasoning process, ensuring that the
problem is represented in a format that is conducive to logical analysis.

Here is an example: [...]

Below is the one you need to translate, do not answer anything else:

Problem: You have a single borrower (let’s call them “Borrower”) with the following numerical information: [...]
Question: "True or false: Borrower is overdue (experiencing 90 days past due delinquency or worse)? Return 17 if
overdue, ’0’ if not."

Task2 description: Decompose the original problem into smaller, more manageable subproblems. Develop
a detailed, step-by-step plan that links the given premises to the problem statement, forming a blueprint for logical
reasoning.

Here is an example: [...]

Below are the premises and questions you need to derive a plan to solve, please follow the instructions and example
aforementioned. Do not answer anything else.

Translation: [...]

Question: "True or false: Borrower is overdue (experiencing 90 days past due delinquency or worse)? Return *1” if
overdue, ’0’ if not."

Task3 description: Derive the answer through a series of logical reasoning steps based on the premise, prob-
lem statement, and formulated plan. This module emphasizes the use of symbolic reasoning rules for logical deduction,
such as applying rules from first-order logic, such as Morgan’s Law (Modus Tollens).

Here is an example: [...]

Plan: [...]

Translation: [...] Execution: Please clearly indicate whether the Borrower is overdue (experiencing 90 days past due
delinquency or worse). Return *1” if overdue, ’0’ if not.

Task4 description: Verify the translation and reasoning process to ensure that the output of each step is cor-
rect and error-free. Validation includes checking whether the symbol translation is semantically equivalent to the
original natural language context, and checking whether the reasoning steps strictly adhere to the principles of formal
logic.

Below is the one you need to verify:

Original Context: [...]

Translated Context: [...]

Original Execution: [...]

Final answer:

Figure 9: Prompt template used by the baseline method SymbCoT.
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The Prompt Template for Logic Graph Construction

Task description:

## Analyze all variables’ effect on the output: {Input variable 1}

Analysis the input variable on the output. Type of input variable: numeric/categorical:

# If input variable 1 is numeric, analyze all values of the variable’s effect on the output

Analysis of the range of the input variable:

“left”: { “value”: &&the lower bound of the range&&, “bound”: &&whether contains the lower bound&& 1},

“right”: { “value”: &&the upper bound of the range&&, “bound”: &&whether contains the upper bound& &}

“rule”: [

&&the explanation of the impact of the input variable taking this optional value on a borrower’s experience of financial
distress in the next two years&&,

&&the probability of a person making over 50k a year. is very low/low/medium/high/very high&&

1

analysis of other range of the input variable, make sure it includes all values of the variable and does not overlap, and
includes more than two branches.

# If input variable 1 is category, analyze all values of the variable’s effect on the output.

Analysis of a list of values with similar effects:

“values”: &&the values list&&,

“rule”: [

&&the impact of the input variable taking this optional value on a person makes over 50k a year&&,
&&the probability of a person making over 50k a year. is very low/low/medium/high/very high&&

...... analysis of other optional values of the input variable, make sure to include all values of the variable and not
overlap, and include more than two branches.

analysis effect of other input variables on the output, make sure to include all variables.

Please replace the content between &&...&& when outputting. And supplement the content of ...... accord-
ing to the previous example. When outputting, please ensure the analysis explicitly includes all input features, all
values of the variable, and the explanation of the input on the target.

Data Statistical Priors:

The statistical characteristics of each input variable are provided below. For numerical variables, these characteristics
include the minimum value, maximum value, mean, standard deviation, and quartiles. For categorical variables, the
proportion of each possible value is given.

1. Duration of the credit in months (real number): In this feature for all customers, the minimum value is 4.0, the
maximum value is 72.0, the mean value is 20.891113892365457, the standard deviation is 12.079183553705317, 25%
of users are less than 12.0, the median value is 18.0, and 75% of users are less than 24.0.

2. Credit amount requested (real number): In this feature for all customers, the minimum value is 250.0, the maximum
value is 15945.0, the mean value is 3293.474342928661, the standard deviation is 2829.3559513214723, 25% of users
are less than 1357.5, the median value is 2325.0, and 75% of users are less than 4083.5.

3. Installment rate in percentage of disposable income (real number): In this feature for all customers, the
minimum value is 1.0, the maximum value is 4.0, the mean value is 2.9336670838548184, the standard deviation is
1.1157812796266546, 25% of users are less than 2.0, the median value is 3.0, and 75% of users are less than 4.0.

4. Duration of residence at the current address (real number): In this feature for all customers, the minimum value is
1.0, the maximum value is 4.0, the mean value is 2.834793491864831, the standard deviation is 1.100348965452382,
25% of users are less than 2.0, the median value is 3.0, and 75% of users are less than 4.0.

19. Whether the applicant owns a telephone ('none’, ’yes’): In this feature for all customers, there are 2 classes,
including[’none’, "yes’], among this, none accounts for 60.70087609511889%, yes accounts for 39.2991239048811%.
20. Whether the applicant is a foreign worker ("yes’, 'no’): In this feature for all customers, there are 2 classes,
including [’yes’, 'no’], among this, yes accounts for 95.99499374217773%, no accounts for 4.005006257822278%.
Before outputting, check again that the analysis explicitly includes all input variables, all values of the variable, and the
explanation of the impact of the input on the target.

Logic Graph:

Figure 10: Prompt template for constructing the logic graph.
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The Prompt Template for LL.M-as-Judge

Please evaluate whether the given reasoning path possesses explainability based on the following five aspects:

1. Clarity: Whether the reasoning path clearly presents each step of the reasoning process.

2. Logical Consistency: Whether the reasoning path has a coherent logical structure, with clear correlation between
each step.

3. Information Completeness: Whether the reasoning path contains all the critical information required to reach the
conclusion.

4. Verifiability: Whether each step in the reasoning path can be verified or traced back to its source.

5. Context Relevance: Whether the reasoning path appropriately considers the context or background information,
ensuring the conclusion is reasonable within the given context.

Based on these five criteria, the explainability of the reasoning path is scored on a scale of 1 to 5, where 1 indicates
non-explainable and 5 indicates fully explainable. If no reasoning steps are present, the score should be directly set to 1.
Please output only the final score.

Figure 11: Prompt template for constructing the logic graph.
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