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Abstract

Logical Reasoning is a novel approach to deal
with challenging Machine Reading Comprehen-
sion tasks by utilizing the ability to construct
logical structures in natural language. However,
previous promising studies struggle with the
accuracy of logical unit division and the con-
sistency of model prediction on equivalent se-
mantics. In this paper, we propose ThinkStruct,
a new method that leverages a transformer net-
work enhanced with the information of Rhetor-
ical Structure (RS) relations for logical reason-
ing. Specifically, our method uses Rhetorical
Structure Theory (RST) to split natural lan-
guage text into Elementary Discourse Units
(EDUs) and identify the relationship among
these units. Node information is then fed into
the fully connected transformer network, which
is enhanced with logical relationships among
the extracted units via adjacency matrix. Sub-
sequently, the features of the transformer net-
work are integrated before being passed into
the answer prediction module. In addition, we
employ a contrastive learning module for im-
proving its understanding of the relationship
between Elementary Discourse Units. Our ex-
periments on the LogiQA and Reclor datasets
demonstrate that our results outperform other
state-of-the-art models.

1 Introduction

Machine Reading Comprehension (MRC), which
facilitates machines in understanding natural lan-
guage text, is a major focus (Huang et al., 2021; Li
etal., 2022; Ouyang et al., 2021; Wang et al., 2021;
Jiao et al., 2022) in Natural Language Processing
(NLP). However, traditional MRC models have
unsatisfactory performance in many datasets that
require a wider and deeper range of logical meth-
ods, such as LogiQA (Liu et al., 2020) and Reclor
(Yu et al., 2020) due to the lack of robust logical
reasoning ability. To address this limitation, logi-
cal reasoning in MRC emerged as a new approach.
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Figure 1: An example of input to the RST parser and
the subsequent graph construction process for Logical
Reasoning. The green boxes represent EDUs segmented
from the context, while the blue boxes represent EDUs
from the option. The RS tree (left) is constructed from
both context and option using an RST parser, where
nodes with red numbers are nucleus and nodes with
gray numbers are satellite. The right figure shows the
RS-enhanced graph, in which additional edges are added
for better information flow.

This approach integrates comprehension ability by
analyzing and evaluating the relationships among
facts in natural language passage (Ouyang et al.,
2023). The LogiQA example shown in Fig 1, like
previous MRC models, requires the context, ques-
tion, and options to generate a predicted score for
the option. A unique characteristic of these texts
is the presence of both implicit and explicit logi-
cal structures across semantic meaning. In Fig 1
(a1), sentences are divided into smaller units (e.g.,
FE1 — E12) by some explicit connective words or
punctuation. Other information, which is presented
in Fig 1 (b), includes logical relationships among
Elementary Discourse Units (EDUs). These rela-
tionships are encoded numerically, for instance: 12
represents Condition relation, 17 indicates Cause-
Effect relation.

While recent generative Large Language Models
(LLMs) such as the GPT (Ouyang et al., 2022;
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OpenAl, 2023) and LLaMA (Meta, 2024; Tou-
vron et al., 2023) series have shown impressive
capabilities, integrating complex, bidirectional dis-
course structures directly into their autoregressive
(decoder-only) attention mechanisms remains ar-
chitecturally challenging and computationally ex-
pensive. Standard token-level generation often
struggles to explicitly represent global logical con-
straints necessary for multi-hop reasoning. There-
fore, employing an encoder-only architecture (e.g.,
RoBERTa) serves as an optimal testbed. It natu-
rally provides the bidirectional contextualization
required to capture full-graph relationships, allow-
ing us to explicitly merge tokens into logical units
that contain independent, complete semantics and
are easier to assemble into reasoning structures.
Some models like DAGN (Huang et al., 2021)
or AdaLLoGN (Li et al., 2022) utilize a given list
of words to split sentences into EDUs and use
graphs to propagate the information between these
EDUs. Another method is to implement learning
models based on the Transformers (Vaswani et al.,
2017) idea for EDUs. Furthermore, models such
as LogiDRS (Pham et al., 2026) use discourse re-
lations to split text into EDUs and enhance the
relationships among all logical units.

Previous models exhibit two main limitations
in their performance. The first drawback is that
the EDU division phase is based on a specific set
of words. This approach is not fully correct for
splitting logical units due to the ambiguous seman-
tics of those words. These errors account for a
large portion of the MRC system’s total error, lead-
ing to difficulty in enhancing the architecture of
the prediction kernel. A second disadvantage is
that their model predictions are inconsistent across
equivalent semantics (Yao et al., 2024). Changes in
the expression of the original text alter token-level
features while the unchanged relationships among
logical units are not captured.

The core motivation behind our proposed model,
ThinkStruct, stems from the insight that human
logical reasoning over text inherently relies on
hierarchical discourse structures rather than just
flat, sequential token interactions. While previous
models attempt to build graphs from surface-level
connectives, they fail to capture the global, tree-
like logical dependencies of a passage. By utiliz-
ing Rhetorical Structure Theory (RST) (Thompson
and Mann, 1987; Bakshi and Sharma, 2021; Liu
et al., 2025; Lambropoulos and Ishihara, 2024),
ThinkStruct explicitly models these global hier-

archical constraints. RST provides a principled
framework to segment text into logically cohesive
EDUs and maps out nucleus-satellite relationships,
which naturally align with logical entailment (e.g.,
premises often act as satellites to a core claim nu-
cleus).

Specifically, our approach first segments EDUs
using a semantic parser, which makes the formation
of these logical units more rigorous than predefined
word lists. By relying on deep Rhetorical Structure
(RS) relations, our model ensures logical consis-
tency in its output even when dealing with different
word-level expressions that share equivalent seman-
tic structures. Furthermore, the architecture of the
model is enhanced with this hierarchical knowledge
by integrating an RS-enhanced graph into the trans-
former attention mechanism. Finally, a targeted
contrastive learning module is employed to strictly
enforce the model’s understanding of asymmetric
logical directions between EDUs.

2 Related work

To improve logical reasoning in MRC, existing
studies follow two main directions: (1) graph-
based methods (Huang et al., 2021; Li et al., 2022;
Ouyang et al., 2021) that explicitly model struc-
tural relationships, and (2) data augmentation ap-
proaches (Wang et al., 2021; Jiao et al., 2022) that
enrich inputs. Graph-based methods like DAGN
(Huang et al., 2021) use surface signals (e.g., punc-
tuation, connectives from PDTB (Prasad et al.,
2008)) to segment texts into EDUs and apply
Graph Convolutional Networks (GCNs). While
effective, they often create simple linear chains of
EDUs that miss complex global structures, and suf-
fer from over-smoothing during message passing.
Conversely, data augmentation models like LRea-
soner (Wang et al., 2021) generate logical formu-
las for context enrichment, and MERIt (Jiao et al.,
2022) leverages contrastive learning on external
Wikipedia corpora. However, these methods lack
an effective architecture to fully exploit explicit
structural, hierarchical relationships among logical
units.

3 Approach

Motivated by the limitations of graph-based and
data-augmentation methods, we propose a novel
approach that leverages the strength of Transformer
architecture while integrating discourse structure
to guide attention. Specifically, we construct an
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RST graph from the input, then use rhetorical rela-
tions and nuclearity information to inform attention
weights. We also incorporate contrastive learning
to encourage the model to learn highly differenti-
ated logical representations by sharpening the dis-
tinction between positive and negative samples.

3.1 Task definition

An MRC task is represented as a triplet <
Ci, q;, O; >, where C; is the context, g; is the ques-
tion, and O; is a set of candidate options. The goal
is to select the correct answer 0; from M options
0;,j € O; by maximizing the conditional probabil-
ity:

0; = arg max p(0;,;(Ci, i, Oiz0) (1)

04,j €04

where 6 represents the trainable model parameters.
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Figure 2: Overview of our ThinkStruct Model

The proposed ThinkStruct approach is illustrated
in Fig 2. Our approach employs a Transformer
network enhanced with RST relation information
for logical reasoning.The first part of the model
illustrates how the RST parser is used to segment
natural language text into EDUs and construct an
RST-enhanced graph based on the relations among
EDUs. These enhanced graphs are split into two

different branches: the original sample (left) and
the augmented positive/negative samples (right),
which are used to capture and learn from reversed
logical relationships in the contrastive learning
module. Each branch passes through the same
central component to process the sample. Subse-
quently, the losses of both branches are combined.
This central component consists of two main parts:
the first part is the Transformer network enhanced
with a logical graph matrix, which is used to up-
date the node features of all EDUs. The second
part illustrates the combination of all relevant fea-
tures in the Answer Prediction Module to generate
a predicted score for each answer.

3.2 Graph Construction

To capture and analyze the underlying logical re-
lationships within the text, we construct an RS-
enhanced graph. This graph is designed to repre-
sent both the rhetorical and logical structures inher-
ent in the input text. The process of building this
logical graph involves three distinct stages: (1) uti-
lizing an RST parser (Chistova, 2024) to generate
an RS tree directly from the input text, (2) trans-
forming this RS tree into an RS-enhanced graph,
specifically tailored to facilitate logical reasoning;
and (3) generating node embeddings for each unit
in the graph. As a result, we obtain a graph rep-
resentation and corresponding node embeddings
that serve as inputs for the reasoning module in our
model.

Rhetorical Structure Theory (Thompson and
Mann, 1987) (RST) Tree Construction Previ-
ous approaches like DAGN construct graphs based
on surface-level textual signals, including punc-
tuation or explicit connectives. These methods
typically model the text as a sequence of adjacent
Elementary Discourse Units (EDUs), where con-
nectives serve as discourse relations linking con-
secutive segments. Such relations, however, are
usually local, capturing only shallow connections
between neighboring units, and thus fail to reflect
the global discourse structure of the entire passage.

To overcome this, we utilize the IsaNLP-RST-
Parser (Chistova, 2024) to parse the context C; and
each option o; ; into a hierarchical RS tree. Un-
like sequential connectives, RST captures global
relationships by representing text as a binary tree
where leaf nodes are EDUs and non-leaf nodes
define rhetorical relations. Each parent-child pair
has a defined nuclearity (nucleus for primary infor-
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mation, satellite for supplementary), allowing the
model to weigh the centrality of different logical
components.

RS-Enhanced Graph Construction To bridge
the gap between linguistic trees and multi-hop
reasoning, distant premises must interact directly.
However, the RS tree’s binary nature forces sibling
nodes to communicate via their parent. We address
this by creating an RS-enhanced graph G = (V, E).
We retain original parent-child edges and add direct
edges between sibling nodes: directed for nucleus-
satellite relations (satellite — nucleus or nucleus
< satellite), and undirected for symmetric nucleus
<> nucleus pairs. The graph G contains 17 relation
types (Appendix 4). We encode G into a structure
matrix S € RV*Y | To avoid mathematical biases
from raw categorical indices, S|[i, j] uses the rela-
tion’s one-hot representation to look up a learnable
scalar embedding (bias). This matrix S then guides
the Adaptive Logic Transformer’s attention.

To tackle this issue, we enhance the original RS
tree by transforming it into an RS-enhanced graph.
In this graph, first, edges are added between sibling
nodes to allow direct interaction between EDUs.
The direction of each edge is determined based on
the nuclearity configuration of the nodes: Directed
edges are used for nucleus-satellite relationships
(either from satellite — nucleus or nucleus < satel-
lite); and Undirected edges are used when both
siblings are nuclei (nucleus <+ nucleus). Second,
the original parent-child edges from the RS tree are
retained to maintain the integrity of the hierarchical
discourse structure.

As a result, we have a directed graph G =
(V, E), where V denotes the set of N nodes, in-
cluding EDUs at the leaf level and their rhetorical
groupings at non-leaf nodes; E represents the set
of directed edges that encode rhetorical relations
between nodes. In total, the graph contains 17 dis-
tinct relation types (see Appendix 4 for the full list).
After that, we represent this RS-enhanced graph G
using a structure matrix S € RY*" where each
element S|[i, j] encodes the rhetorical relation type
from node 7 to node j. Specifically, the relation
type is first encoded as an integer index (such as
Condition or Cause-effect) and then mapped to a
learnable scalar embedding (bias) via a one-hot
representation. Each value of S[i, j] is thus a learn-
able continuous parameter rather than a raw integer
index. This matrix S is then used to guide the at-
tention mechanism within the Transformer blocks,

as described in the next section.

Node generation The model’s reasoning units
include both leaf nodes (EDUs) and non-leaf nodes
(composed EDUs). First, we concatenate the con-
text, question, and option o; ;:

input(Ci, q;, Oi’j) = <S>Ci</S>qZ" ‘Oi7j</S> )

This sequence is then fed into the RoBERTa
model to generate contextualized token embed-
dings {t1,to,...,t7r}, where T is the length of
the encoded input sequence.

Based on the constructed RST tree, we align
each node in the graph to its corresponding token
span in the ROBERTa output. To compute the em-
bedding e,, for a node n, we apply mean pooling
over the embeddings of all tokens that fall within
the associated EDU span U,,:

1
en:mZt (3)

teU,

To preserve the relative order of nodes in the
input sequence, we incorporate positional embed-
dings into the node representations:

e, = e, + PosEmbed(e,,) 4

The node embeddings e,, after being enriched
with positional information, are assembled into
a representation matrix E; = {ej,es,...,en},
E; € RV*4 where N denotes the number of nodes
in the RST-enhanced graph of the i-th input sam-
ple, and d is the dimensionality of each embedding
vector. The nodes are ordered such that the leaf
nodes come first, followed by the non-leaf nodes,
arranged in a bottom-up manner according to the
tree structure. This matrix serves as the input for
the structure-aware reasoning component described
in the following sections.

3.3 Adaptive Logic Transformer

After obtaining the node embeddings E; =
{e1,eq,...,en} from the RS-enhanced graph, we
perform structure-aware reasoning using a Trans-
former block adapted to incorporate the topological
structure of the graph.

First, the matrix E; is projected into three sub-
spaces to produce the query, key, and value matri-
ces:

Q=E, WK =E; - WEV=E; - WY (5
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where W@ WE WV ¢ R4 are learnable
weight matrices. Then, to compute attention, we
rely not only on the similarity between queries
and keys but also on the structure of the RS-
enhanced graph. Specifically, the adjacency matrix
S € RV*N restricts attention flow to pairs of nodes
that share a rhetorical or logical connection:

QK"
Vd
Att(Q, K, V) = softmax(A) - V 7

A:

+S (6)

Following the standard Transformer architecture
(Vaswani et al., 2017), we apply multi-head atten-
tion MHA () with H heads to capture diverse in-
teraction patterns among nodes:

MHA(Q, K, V) = Concat(head,, ..., heads) - W
®)
where WO e RUH*d)xd ig g Jinear projection ma-
trix; head; = Att;(Q, K, V). Each attention layer
is followed by two essential components: a residual
connection with layer normalization LN(-), and a

position-wise feed-forward network FFN(-).

H = LN(E!” + MHA(Q,K,V)) (9)
E!™ = LN(H' + FFN(H)) (10)

7

This process is repeated across L layers. Finally,
we select the node representation from the last K
layers and aggregate them using sum-pooling to
obtain the final representation for all nodes in the
graph:

L
Elfinal _ Z Egl) (11)

l=L-K+1

where E{ inal ¢ RN*d g the final state of the node
features, Ei € RV*4 denotes the hidden state at
layer I** of the node representations. These final
embeddings Ezf mal are subsequently used as input
to the answer prediction module.

3.4 Answer Prediction Head

At this point, all nodes have been enhanced with
logical relationships. To fully utilize this infor-
mation, we first broadcast the enhanced EDU leaf
nodes, U, to all tokens they contain E;.,r, and
integrate these with the token sequence generated
from RoBERTa-Large, E,.,. These two features
are assumed to contribute equally to the answer pre-
diction phase. The final token-level feature E f;;,4
is then calculated as:

final

Efina = LayerNorm(Eleaf

+Eseq)  (12)

For the non-leaf nodes, we also apply mean pool-
ing layer to extract all globalized information from
these nodes Eq,o,_jeay :

k
1 .
Enon_leaf - E § E{znal
i=1

(13)

where k is the number of non-leaf nodes.

We also utilize the special token embedding
E_ s> to leverage global contextual information.
Finally, these representations are concatenated and
passed through a linear layer to generate prediction
scores for each option:

score,, ; = Linear(E<cLss||E finatl [ Enon_teaf)
(14)
Here, score,, ; represents the predicted score for
each option. In training phase, we employ Cross-
Entropy Loss function to update the model’s pa-
rameters.

3.5 Contrastive Learning

The objective of contrastive learning is to pull the
representations of similar samples closer together
while the distance between the representations of
dissimilar samples is maximized, as follows:

s(f(x), f(@7) > s(f(z), f(z7)) (19

where z is the original samples, ™+ and ™ de-
note the positive and negative samples, f(.) is the
decoder function, and s(.) is the cosine similarity
function.

Logical reasoning is highly sensitive to rela-
tion directionality. Arbitrarily reversing a "Cause-
Effect" relation fundamentally alters the premise,
yielding a strong hard-negative. Thus, our con-
trastive learning generates positive samples by re-
versing two EDUs connected by an undirected edge
(preserving semantic symmetry) and negative sam-
ples by swapping EDUs with directed edges (vio-
lating asymmetric logic). We prioritize swapping
nuclear nodes for positive samples and nucleus-
satellite pairs for negative ones. Valid contrastive
triplets are encoded to compute the contrastive loss
Lo

R exp(s(+))
Lo = =218 i) + exp( ()

(16)
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where s(+) is a shorthand for s(f(x), f(z")) and
s(—) is a shorthand for s(f(z), f(z~)). Finally,
the total loss of our model is the sum of the Answer
Prediction Head’s loss and the contrastive loss L¢.

4 Experiments

4.1 Datasets

We conduct experiments on two challenging
datasets widely used for logical reasoning in MRC:
ReClor (Yu et al., 2020) and LogiQA (Liu et al.,
2020). ReClor contains 6,138 standardized test
questions (e.g., GMAT, LSAT), with its test set
evaluated blindly via an official leaderboard (di-
vided into EASY and HARD splits based on a
BERT-base baseline). LogiQA consists of 8,678
questions translated from the Chinese Civil Ser-
vice Examination. While LogiQA offers a larger
volume, ReClor covers a broader spectrum of rea-
soning types (Table 1).

Table 1: Breakdown of the ReClor and LogiQA datasets,
including their training, validation, and test set sizes, as
well as the number of reasoning types.

Dataset #Train #Dev #Test #Reason Type
ReClor 4,638 500 1,000 17
LogiQA 7,376 651 651 5

4.2 Baselines

To demonstrate the effectiveness of our model
ThinkStruct, we compare it against the following
baseline models:

e Random & Human (Liu et al., 2020; Yu
et al., 2020): Random guesses and average
student performance.

* RoBERTa-Large (Liu et al., 2019): A strong
text encoder used as our primary backbone.

* DAGN (Huang et al., 2021) & AdaLoGN
(Li et al., 2022): Graph-based models lever-
aging EDU segmentation via predefined key-
words.

* MERIt (Jiao et al., 2022): A data-
augmentation pre-training framework.

* LogiDRS (Pham et al., 2026): A model in-
tegrating PDTB 2.0 discourse relations into
Transformers.

* Generative LLMs (Wang et al., 2025): Re-
cent decoder-only models (GPT-3.5, GPT-4,
LLaMA-2/3, Mistral).

4.3 Implementation Details

Experiments were conducted on a single A100
GPU using RoBERTa-Large as the encoder. We
trained for 20 epochs with a batch size of 4 using
Adam (Kingma and Ba, 2017) and a peak learning
rate of be — 6 (see Table 2).

Table 2: The tuned hyper-parameters with search
scopes.

Name of Parameter Search Scope Best
training batchsize {2,4,6,8,10} 4
#epoch {8,10,12,14,16,18,20} 20
#head in transformer {1,2,3,4,5} 5
#layer in transformer {1,2,3,4,5} 5
max sequence length {128,256,512} 512
learning rate {4e-6, 5e-6, 6e-6, 7Te-5} Se-6

4.4 Results

Table 3 displays the primary results. ThinkStruct
outperforms most baselines, including its direct
competitor, LogiDRS, on LogiQA and ReClor
Easy. This validates that our RS tree-based global
hierarchical relations provide stronger structural
reasoning signals than the linear, locally related
EDU sequences used in LogiDRS.

When compared to generative LLMs,
ThinkStruct (built upon a 355M-parameter
encoder with lightweight reasoning layers) exhibits
impressive efficiency. It surpasses the performance
of GPT-3.5 and LLaMAZ2-7B on ReClor, despite
having significantly fewer parameters. While
massive models like GPT-4, LLaMA3-8B, and
Mistral-7B achieve higher overall metrics due to
their scale, our method demonstrates that explicitly
injecting linguistic discourse structure into a
smaller encoder model can dramatically close the
performance gap without the immense computa-
tional cost required by large decoder-only LLMs.
Furthermore, explicitly modeling inter-EDU
relationships via RS graphs significantly improves
upon the base RoBERTa-Large by margins of 4.4%
(ReClor test) and 8.76% (LogiQA test).

We next compare ThinkStruct to structure-aware
models that use EDU division, specifically DAGN
and AdalLoGN. ThinkStruct maintains competi-
tive performance on both benchmarks. On the
more challenging LogiQA dataset, the results
(ThinkStruct at 44.09%, AdaLoGN at 40.71%, and
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Table 3: Performance comparison of models on ReClor and LogiQA datasets. Accuracy is the evaluation metric.
The ReClor test set is further divided into two subcategories, Easy and Hard (440 and 560 data points, respectively).

Model ReClor LogiQA
Dev Test Test-E  Test-H Dev Test
Discriminative (Encoder-only) Models
Random 25.00 25.00 25.00 25.00 25.00 25.00
Human Performance - 63.00 57.10 67.20 - 86.00
BERT-Large 53.80 49.80 72.00 3230 34.10 31.03
RoBERTa-Large 62.60 55.60 7550 40.00 35.02 35.33
DAGN 6520 5820 76.14 44.11 3548 38.71
AdalLoGN 6520 60.20 79.32 45.18 39.94 40.71
MER:it 66.80 59.60 78.10 4520 40.00 38.90
LogiDRS 6740 60.80 7840 4696 38.40 40.09
Ours
ThinkStruct 61.92 60.00 79.09 45.00 39.63 44.09
w/o contrastive learning 69.18 61.80 79.55 47.85 40.70 39.48
Generative LLMs
LLaMA2-7B 58.00 58.63 66.14 5274 49.71 49.75
LLaMA3-8B 67.60 7097 7727 66.01 60.29 58.78
Mistral-7B 69.73 71.17 78.79 65.18 61.22 60.28
GPT-3.5 56.00 5820 61.82 5536 55.07 51.15
GPT-4 87.20 89.30 9045 88.39 76.32 74.81

DAGN at 38.71%) demonstrate that modeling inter-
EDU relationships is key to success in the rea-
soning phase. Crucially, ThinkStruct outperforms
AdaL.oGN by 3.38 percentage points, suggesting
that our RS tree-based approach provides superior
structural information for deep reasoning compared
to AdaLoGN’s logic graph formation. In the Re-
Clor dataset, although ThinkStruct’s dev set result
is lower (61.92% vs 65.20% and 65.20%), the test
set shows the opposite: ThinkStruct achieves re-
sults comparable to AdaLoGN and marginally sur-
passes DAGN (around 60.00% vs 58.20%). This
smaller performance divergence is expected for Re-
Clor because it requires less complex inferences
and logical structure analysis, yet its high lexical
diversity still presents a challenge.

ThinkStruct and other discourse information
integration models, such as LogiDRS, achieve
superior results compared to data augmentation
methods like MERIt. This is starkly evident
on LogiQA, where ThinkStruct (44.09%) and
LogiDRS (40.09%) significantly surpass MERIt
(38.90%). A similar pattern holds for ReClor,
where MERIt (59.60%) trails both LogiDRS
(60.80%) and ThinkStruct (60.00%). These out-
comes demonstrate the necessity of leveraging
intrinsic discourse knowledge for effective logi-

cal reasoning. While MERIt generates additional
training data from Wikipedia, it lacks an architec-
tural mechanism to exploit the structural relation-
ships within that knowledge effectively. LogiDRS
and ThinkStruct, conversely, achieve higher per-
formance by focusing on internal discourse struc-
ture without external data augmentation. Notably,
ThinkStruct maintains a lead over LogiDRS on
LogiQA and the ReClor Easy set, even though it
is marginally behind on the full ReClor test set.
This result shows that ThinkStruct’s RS tree-based
representation, reflecting hierarchical and global
discourse relations, offers a distinct advantage over
the linear, locally related EDU sequence utilized
by LogiDRS.

An ablation study was performed to isolate
the effect of the contrastive learning module in
ThinkStruct. We find a clear trade-off between the
two datasets. On LogiQA, the contrastive learning
module significantly benefits the model, increasing
test performance from 39.48% to 44.09%. This
gain occurs because the contrastive learning mod-
ule both emphasizes existing implicit relations and
allows ThinkStruct to infer new implicit relations
unobserved during training. This outcome strongly
supports the conclusion that logical reasoning tasks
in LogiQA necessitate a multi-hop reasoning phase
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reliant on diverse inference paths.

Conversely, on ReClor, the contrastive learn-
ing module proves detrimental. Scores drop from
69.18% (dev) / 61.80% (test) to 61.92% (dev) /
60.00% (test) when the module is included. To
explain this dataset-level discrepancy, we analyzed
the structural differences between LogiQA and Re-
Clor. First, LogiQA passages typically contain
more complex logical structures, yielding signif-
icantly more EDUs per sample compared to Re-
Clor. Consequently, LogiQA graphs contain a
higher ratio of asymmetric directed edges (e.g.,
Cause-Effect, Condition), which are the primary
targets for generating negative samples. This abun-
dance ensures a high success rate in generating
hard-negative contrastive pairs, forcing the model
to learn rigorous logical directionality. In contrast,
ReClor’s texts often result in sparse RST trees with
fewer EDUs. This sparsity leads to a higher fre-
quency of failing to generate valid contrastive pairs
(where the model must fall back to the original
sample), causing the contrastive module to be less
effective. Furthermore, since most ReClor samples
can be solved using simpler surface cues, forcing
the extraction and contrast of implicit relationships
introduces structural noise, diverting the model’s
focus from core semantic evidence.

5 Conclusion

In this study, we propose ThinkStruct — the first
approach that exploits Rhetorical Structure Theory
for logical reasoning problems in NLP. Instead of
relying solely on surface cues like previous graph
methods, ThinkStruct uses RST trees to analyze the
global discourse structure and construct an RST-
enhanced graph, which helps the model better cap-
ture the logical relationships between EDUs. In ad-
dition, the model also integrates contrastive learn-
ing to better distinguish between logical choices.
Experimental results on two benchmark sets, Re-
Clor and LogiQA, show that ThinkStruct outper-
forms existing baseline methods.

In the future, we will study other architectures
that can better utilize the RST structure, since RST
provides a global view of the text and has shown
remarkable effectiveness in logical reasoning prob-
lems. Additionally, the contrastive learning mecha-
nism will be optimized with more appropriate data
generation and training strategies for each question
type, in order to continue to effectively exploit the
role of rhetorical relations in reading comprehen-

sion systems.
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B Response to Reviewers

We sincerely thank the Area Chair and all reviewers
for their valuable and constructive feedback. Below
is a brief summary of how we addressed the major
concerns.

Generative LLM Baselines & Architecture
Choice (Reviewer 1, Reviewer 2, Reviewer 3)

We expanded our evaluation to include GPT-3.5,
GPT-4, LLaMA-2/3, and Mistral (Table 3). The re-
sults show ThinkStruct remains highly competitive
despite having significantly fewer parameters.

We also clarified in the Introduction why an
encoder-only architecture (RoOBERTa) is used: it
naturally provides the bidirectional contextualiza-
tion required to capture full-graph hierarchical rela-
tionships without the massive computational over-
head of autoregressive LLMs.

Implicit Discourse Trees in Decoder-Only
Models (Reviewer 3)

Regarding the insightful question of whether LLMs
internally build RST trees: while large models cap-
ture some discourse dependencies implicitly, their
sequential token-level generation often fails to en-
force strict, explicit hierarchical logical constraints,
leading to inconsistencies in complex multi-hop
reasoning. Explicitly modeling these graphs re-
mains beneficial.

Clarification on Motivation and Insight
Analysis (Reviewer 1, Reviewer 4)

We thoroughly revised the Introduction and Ap-
proach to explicitly justify our design choices. At
a macro level, human logical reasoning is intrinsi-
cally hierarchical, making RST an ideal framework.
At a micro level, we clarified why we enhanced the
RST tree (to enable direct sibling information flow)
and designed our contrastive learning based on rela-
tion directionality (to explicitly penalize violations
of asymmetric logic like Cause-Effect).

Additional Experiments, Ablations & Dataset
Choice (Reviewer 1, 2, 4)

We appreciate the suggestions for additional ex-
periments and granular ablations. Due to time
constraints during the revision, we cannot add
new experimental setups. However, our main
results (Table 3) inherently serve as a compar-
ative ablation: ThinkStruct’s significant margin
over DAGN and AdaLoGN—which share our

RoBERTa backbone but rely on keyword-based
EDU splits—empirically validates our RST-based
segmentation. Regarding dataset selection, we eval-
uated on LogiQA and ReClor (clarified in Section
3.1) as they are the most rigorous, widely accepted
benchmarks specifically designed to test complex,
multi-hop logical reasoning in MRC.

Dataset-level Analysis on Contrastive Learning
(Reviewer 2)

As suggested, we added a dataset-level analysis
in Section 3.4. We explain that LogiQA’s denser
graphs (more asymmetric edges) provide rich con-
trastive signals, whereas ReClor’s sparse graphs
struggle to yield valid contrastive pairs, introduc-
ing noise rather than beneficial regularization.

Clarification on Equation 6 and Attention Bias
(Reviewer 1, 2)

We apologize for the misleading description of
Equation 6 in the original manuscript. As rightly
pointed out, directly adding categorical integer in-
dices (1-17) as mathematical biases is flawed. In
our actual implementation, the categorical relation
index is mapped to a one-hot representation and
used to look up a learnable scalar embedding (bias)
for each edge type. We have corrected the text
in the Approach section to explicitly clarify this
mechanism.

Formatting and Citation Adjustments
(Reviewer 3, Reviewer 4)

We have fully addressed all formatting concerns:
figure captions have been moved below the images,
tables and equations have been resized to fit within
margins and unified in style, and typos have been
corrected. Furthermore, we consistently adopted
the abbreviation "RST" for Rhetorical Structure
Theory and "RS" for Rhetorical Structure, and we
appropriately cited the DiSQ paper to strengthen
our discussion on logical consistency.
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