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Disentangling Reasoning Factors for Natural Language Inference

Xixi Zhou', Limin Zeng®, Ziping Zhao, Jiajun Bu, Wenjie Liang*, and Haishuai Wang*

Abstract: Natural Language Inference (NLI) seeks to deduce the relations of two texts: a premise and a
hypothesis. These two texts may share similar or different basic contexts, while three distinct reasoning factors
emerge in the inference from premise to hypothesis: entailment, neutrality, and contradiction. However, the
entanglement of the reasoning factor with the basic context in the learned representation space often
complicates the task of NLI models, hindering accurate classification and determination based on the reasoning
factors. In this study, drawing inspiration from the successful application of disentangled variational
autoencoders in other areas, we separate and extract the reasoning factor from the basic context of NLI data
through latent variational inference. Meanwhile, we employ mutual information estimation when optimizing
(VAE)-disentangled

optimization in NLI, our proposed a Directed NLI (DNLI) model demonstrates excellent performance compared

Variational AutoEncoders reasoning factors further. Leveraging disentanglement
to state-of-the-art baseline models in experiments on three widely used datasets: Stanford Natural Language
Inference (SNLI), Multi-genre Natural Language Inference (MNLI), and Adversarial Natural Language Inference
(ANLI). It particularly achieves the best average validation scores, showing significant improvements over the
second-best models. Notably, our approach effectively addresses the interpretability challenges commonly

encountered in NLI methods.

Key words: Natural Language Processing (NLP); Natural Language Inference (NLI); disentangled representation

learning; variational autoencoder

1 Introduction

Interpretable inference is a vital problem in Natural
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Language Processing (NLP) research for general
Artificial Intelligence (AI). As its related fundamental
taskll], Natural Language Inference (NLI) aims to
determine the relations of two text segments: the
premise and the hypothesis. Given a premise text, the
hypothesis is of entailment if the NLI model can infer
it from the premise, contradictory if the NLI model
cannot infer it, and neutral if the NLI model cannot
determine whether it is related to the premise text.
Table 1 presents some basic examples of the NLI
process.

Recently, various approaches have been developed to
deduce the reasoning relation of the premise and the
hypothesis. Most NLI models are based on the classical
Siamese text-matching architecturel?! and the more
advanced pair-wise interaction architecture, named the
Bi-encoder and Cross-encoder, as demonstrated in Fig. 1.

© The author(s) 2025. The articles published in this open access journal are distributed under the terms of the
Creative Commons Attribution 4.0 International License (http://creativecommons.org/licenses/by/4.0/).


mailto:xixi.zxx@zju.edu.cn
mailto:baduen@zju.edu.cn
mailto:limin.zeng@zju.edu.cn
mailto:bjj@zju.edu.cn
mailto:haishuai.wang@zju.edu.cn
mailto:zhaoziping@tjnu.edu.cn
https://doi.org/10.26599/BDMA.2024.9020096
http://creativecommons.org/licenses/by/4.0/

Xixi Zhou et al.: Disentangling Reasoning Factors for Natural Language Inference

Table 1 NLI examples. The reasoning factors (marked by
color) determine the classification results of NLI
relationships.

Premise (P) & Hypothesis (H)

P: People listening to a choir in a catholic church.

Ground truth

] ) Entailment

H: Choir singing in mass.
P: A big brown dog swims towards the camera. o

. . . Contradiction
H: A dog is chasing a stick.
P: People waiting at a light on bikes.

. ) . Neutral
H: There is traffic next to the bikes.
P: Three bikers stop in town.

Neutral

H: Three bicyclists are riding in a pack.

Bi-encoder3! separately takes two input texts and
encodes them into representation vectors, u and v.
After obtaining the representation vectors for the two
sentences, they are concatenated and fed into a
classifier to predict the potential relationship between
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the two texts (entailment, neutral, or contradiction).
Cross-encoder*l models the NLI task as a pair-wise
sentence scoring task by simultaneously taking the
premise sentence and the hypothesis sentence as the
input to an encoder layer simultaneously, performing
full attention over all tokens of the input pair. A Cross-
encoder network does not produce sentence
embeddings but makes three output values between 0
and 1 for an NLI task and predicts three classes
through an argmax operation. Different NLI models
usually improve their encoder or embedding layers to

achieve  higher performance levels of NLI
continuously. After the advent of Pre-trained Language
Models (PLMs) (e.g., Bidirectional Encoder

Representation from Transformers (BERT)P)), the Bi-
encoders and Cross-encoders models integrated with
PLMs as their encoder or embedding layers achieve the
state-of-the-art performance on most NLI datasets!3- 41,
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Fig.1 Bi-encoder and the Cross-encoder architectures, which adopt a variety of pre-trained BERT models as the encoder, set
the former state-of-the-art performance on NLI. Specifically, # and v are the vectors obtained by encoding the premise and the
hypothesis, respectively, “bs” denotes the batch size, and ‘“len” denotes the length.
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Table 2 Six types of bad case statistics from a baseline
model in SNLI dataset, predicting the reasoning relationship
between the premise and the hypothesis, which shows that
most bad cases come from the judgment on the neutral
relation between the premise and hypothesis, highlighted in
bold.

Ground truth Wrong prediction

Error proportion (number)

Entailment Neutral 27.6% (14 101)
Contradiction Neutral 20.7% (10 542)
Neutral Entailment 29.7% (15 129)
Neutral Contradiction 15.7% (8021)
Entailment Contradiction 4.2% (2134)
Contradiction Entailment 6.4% (3257)

While existing methods have been successful, we
have found that these powerful methods still have a
certain proportion of prediction failures when
performing NLI tasks. We analyze the cases of
prediction failures for different classification results in
the NLI task and conduct statistical analysis as shown
in Table 2. In Table 2, “Error proportion” gives the
proportions of the different types of bad cases in 51 012
total erroneous predictions, which shows that most bad
cases come from the judgment on the neutral relation
between the premise and hypothesis. This is because
the reasoning relationship from the premise to the
hypothesis sentences in neutral relationships is very
weak and difficult for models to capture, thus leading
to errors in predicting NLI relationships.

After studying the counterexamples generated by
existing models, we have reconsidered the fundamental
features of NLI. Our research reveals two essential
characteristics of reasoning when classifying NLI
sentences into three categories: (1) When the basic
contextual factors of two NLI sentences are unrelated,
there is no mutual inference relationship between the
two sentences, and this
relationship; (2) If the basic contextual factors of two

constitutes a Neutral
NLI sentences are related, then the two sentences
exhibit a non-neutral inference relationship (entailment
or contradiction). At this point, the specific
classification of the inference relationship (entailment
or contradiction) is determined by the reasoning factors
within the premises and hypotheses, independent of the
basic contextual factors. Meanwhile, the reasoning
process is directional, rather than the
symmetrical text matching process.

We have found that existing methods lack
consideration for these two aspects when capturing the

typical
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reasoning relationship from premises to hypotheses in
NLI, as described in the following examples.

Firstly, we noticed that when two NLI sentence pairs
have different basic contextual factors, they are
essentially semantically unrelated, so their relationship
tends to be neutral. However, existing NLI models
struggle to disentangle and extract the basic contextual
factors from the representation of reasoning factors.
For example, in Table 1, the sentences “Three bikers
stop in town” and “Three bicyclists are riding in a
pack” describe two relatively independent and different
the first describes the
geographical location of the cyclist, while the second

basic contextual scenes:
describes their riding style. Therefore, the ground truth
label indicating the relationship between them is
“Neutral”.

However, in actual experiments, it is found that some
important baseline models (such as BERT) mistakenly
classify the relationship between these two sentences as
“contradictory”. After analysis, we believe this is
because, based on the training methods of these
baseline models, they determine the relationship
between the two sentences in an undirected matching
manner simply. As a result, since the verbs “stop” and
“riding” generally do not happen
simultaneously, these models consider the matching
degree between the sentences to be very low, and thus
are highly likely to classify their relationship as
“contradictory”.

In fact, the true reasoning relationship between the

Co-occur or

two sentences mentioned above is neutral. “Neutral”
means that neither sentence can infer whether the other
is likely to occur. The reason lies in the fact that the
basic contextual factors these two sentences aim to
express are unrelated: the first describes the
geographical location of the cyclist, while the second
describes their riding style. As we can see, the
information conveyed by “geographical location” and
“riding style” is inferentially unrelated. Therefore,
there is no clear reasoning or causal relationship
between them—the ground truth label is “neutral”.
Therefore, the co-occurrence-based relationship
judgment method used in the past is different from the
inference-based judgment method required for natural
language inference tasks. As a result, the judgments
made using these two different approaches may also
yield different outcomes. The performance decline in

previous models on the same samples is precisely due
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to the fact that the co-occurrence-based relationship
judgment methods lacked the more refined process of
disentangling and extracting reasoning factors that
significantly influence classification results from the
contextual factors unrelated to classification results.
Secondly, due to the fact that basic contextual factors
have little influence on the classification output in the
NLI task, when two NLI sentences share similar basic
contextual backgrounds, their relationship tends to be
non-neutral due to semantic relevance. At this point,
further identifying the reasoning factors between them
is crucial for correctly determining whether one
sentence entail or contradict the other one. We note
that the NLI task involves judging a directed reasoning
relationship from premise to hypothesis®. For
example, in Table 1, for the sentences ‘“People listening
to a choir in a catholic church” and “Choir singing in
mass”, some traditional symmetric matching methods
can only determine that these two sentences are
semantically related. However, because these models
often judge that the two core words “listen” and “‘sing”
have a certain degree of mutual exclusivity, they
incorrectly judge the relationship between these two
“contradictory”.  Thus,
symmetric matching methods often cannot further

sentences  as traditional
determine the specific reasoning relationship between
two sentences. In fact, we argue that NLI is not simply
an undirectional text matching task but a directional
reasoning task. In contrast, humans can correctly infer
that the relationship between these two sentences is one
of entailment because they can recognize “listen” and
“sing” as a directional reasoning process and attribute
“sing” and “listen” to a logical sequential process with
a before-and-after relationship. Recognizing this point
is actually beneficial for discovering and extracting the
factors of entailment reasoning. Therefore, if the
directional characteristics of the NLI reasoning process
are not considered, using traditional symmetric text
matching methods may not easily further improve the
performance of NLI.

Considering the asymmetry of reasoning in the NLI
task and the importance of extracting reasoning factors,
we propose a Directed NLI (DNLI) model based on the
Cross-encoder and beta-Variational AutoEncoders
(VAE) framework for disentangling reasoning factors.
As illustrated by the examples in Table 1, reasoning
factors, marked with colors, determine the
classification results of NLI relationships. In this table,

green words denote Entailment reasoning relationships
between premises and hypotheses under similar basic
contextual conditions. Red words indicate the absence
of a reasoning relationship (Contradiction) under
similar basic contextual conditions. Yellow words
denote that the basic contexts of the preceding and
following sentences are unrelated or inconsistent,
meaning there is no inference relationship (Neutral).
All diagrams in this paper use the same color
definitions mentioned above. Firstly, DNLI processes
NLI text data in ordered sentence pairs. To achieve
this, DNLI employs the Cross-encoder architecture of
pre-trained models as the encoder layer, generating
encoded representations of text pairs in the latent
space. Since the Cross-encoder utilizes special tokens
provided by pre-trained models as separators, the order
characteristics of the input NLI text pairs are preserved
in the generated latent representations. This is
advantageous for the model to learn inference
relationships, such as “entailment” between preceding
and following sentences, instead of erroneously
predicting them by treating the semantics of the
preceding and following sentences separately.
Secondly, DNLI interpretsly utilizes beta-VAE["-8] to
effectively decouple the directional reasoning trend
factors and basic contextual factors in premise-
hypothesis text pairs of NLI, by maximizing the mutual
information between the representation factors of
reasoning trends and NLI classification results. This
effectively improves the performance of NLI tasks.

The major contributions of this work are described
below:

® We propose an effective NLI training architecture
that integrates the disentanglement capability based on
beta-VAE and the directed learning capability of the
Cross-encoder encoder. It can disentangle the
directional reasoning factors and basic contextual
factors in premise-hypothesis text pairs, thus providing
an interpretable and efficient task performance
enhancement solution. It is also applicable to other
downstream tasks related to the representation of
ordered text pairs.

e We introduce an information-theoretic perspective
and mutual information between the reasoning-trend
factor representations and the NLI -classification
results, effectively improving the reasoning
performance of NLI tasks.

e The experiments show that our proposed method
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exhibits significant improvements over various
baseline models and achieves state-of-the-art

performance on three widely researched NLI datasets.

2 Related Work

2.1 NLI

NLI is generally viewed as a task of sentence pair
modeling, and scoring, and reasoning has been a core
topic in artificial intelligencel®. Pair-wise sentence
scoring tasks have wide applications in NLP, including,
but not limited to, NLI, information retrieval, and
question answering. The most popular architecture to
match sentence pairs is the “Siamese” structure. This
architecture implements a word/sentence embedding
layer by embedding models like Word2Vecl!0 and
GloVellll, On top of the embedding layer is a task-
specific encoder based on CNNII2.131 RNNI4]
LSTMISI and BIiLSTMI6! (employs the bidirectional
LSTM as a base block). Besides, some effective
attention networks with the Siamese structure applying
alignment on input pairs are put forward, like ESIMI!7],
DIINU8I CAFEN], DRCN[20I, RE2[21 and KNSE[22],
In the final layer of the Siamese architecture, a
prediction classifier is utilized to process the final
representation vector outputted by the encoder,
providing the ultimate prediction result.

Recently, BERTD! and its variants* have set new
state-of-the-art performance in many NLP scenarios.
Specifically, they have been applied to two text-
matching architectures, the Bi-encoder and Cross-
encoder, for text-scoring tasks. These
architectures are extensions and simplifications of the
Siamese architecture, as the inclusion of pre-trained
models like BERT replaces the originally complex
embedding and encoding layers in the Siamese models.
A typical implementation of the Bi-encoder
architecture based on BERT is Sentence-BERT
(SBERT)Il. SBERT independently maps each input
sentence to a dense vector space, generating fixed-size
sentence embeddings derived from the output hidden
states of BERT. By comparing their
embeddings using similarity measures such as cosine
similarity or Euclidean distance, the similarity between
two sentences is scored. Despite the significant success
of the Bi-encoder architecture in NLI tasks, being able
to predict whether one text matches another, they can

pairwise

sentence

¥ https://huggingface.co/models
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not identify directional reasoning relationships. This is
because their design is based on the perspective of
symmetric text matching, making them insensitive to
the asymmetry of NLI data.

In contrast, a typical model integrating the Cross-
encoder architecture and the BERT encoder is
CBERT™. CBERT models the NLI task as a pairwise
sentence scoring task by concatenating the premise and
hypothesis beforehand and passing them as input to
BERT simultaneously, thus applying global cross-
attention over all words in the paired text inputs. The
Cross-encoder architecture does not generate sentence
embeddings but instead produces three output values
between 0 and 1 for the NLI task, predicting three
classes through an argmax operation. Most research
based on the Cross-encoder framework focuses on
improving the encoding performance in their methods
with pre-trained models. With the emergence of
various pre-trained models based on BERT, CBERT
integrated with these models sets the former state-of-
the-art performancel3 4231 whose architecture is
illustrated in Fig. 1b. Although Cross-encoder models
like CBERT simultaneously read both input sentences
during training, they do not consider deeper directional
reasoning factors in NLI data and can not distinguish
confounding factors from the basic context, thereby
hindering the performance improvement of
classification results.

2.2 Disentangled representation learning for NLP

Disentangled Representation Learning (DRL) is an
important approach to achieving better representation
learning(?¥. DRL aims to acquire a representation
where the variation of one dimension is associated with
a change in a specific data feature while the variation
of other data features remains relatively stable. This
characteristic promotes independence among latent
factors in the representation and is crucial for achieving
disentangled DRL
methods are based on generative models, such
as VAEI®! and its variants(”-26-30], DRL models have

achieved significant success in various domains,

representation learning. Most

including computer vision3-331,  recommendation

systems[36-381 graph learning®), and time-series
tasks[40-421,

In the NLP area, DRL has been used more and more.
SAVEDI#I disentangles the informational content of a

tweet from how the information is written and
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generates open-domain conversational responses in the
desired style. S2DM[44], a VAE-based disentanglement
model, is proposed for multilingual machine reading
comprehension by disassociating semantics from
syntax. DC-Matchl#5! disentangles keywords from
intents in text semantic matching. CNTMM 6] shows that
neural topic models have disentanglement ability
because they are derived from VAE. Recently,
disentanglement representation learning has also been
applied to long multi-party dialoguel*”l and neural
information retrieval(48l,

In this paper, we employ disentangled representation
learning to decouple latent reasoning factors from the
basic context of NLI data. This serves as a prerequisite
for optimizing NLI reasoning performance using
mutual information maximization.

2.3 Mutual Information (MI) estimation

With latent reasoning factors and basic contextual
representations disentangled, we need to maximize the
association between reasoning trend factors and NLI
classification results. To achieve this, we adopt the MI
maximization method.

Recent research enables differentiable and tractable
estimation of the MI by deep learning and variational
bounds, such as the Donsker-Varadhan!#®! divergence,
the Jensen-Shannon MI estimator®%, and InfoNCE[!,
In other words, MI can quantify the dependence of two
random variables and measure non-linear statistical
dependencies between two random variables, generally
defined as

IX;Y):=HX)-H(X|Y) @)
where X and Y denote the input and output of a
network. H is the Shannon entropy, and H (X | Y) is the
conditional entropy of X given Y. Belghazi et al.[52]
implemented MI estimation in high-dimensional and
continuous scenarios, effectively computing MI
between high-dimensional input/output data of deep
neural networks. Hjelm et al.33 proposed Deep
InfoMax (DIM), utilizing MI maximization to optimize
image data’s global and local information
representations. Recent research on MI focuses on
optimizing a tractable bound. Poole at al.’* unified
methods for estimating upper and lower bounds on MI.
Inspired by the theory of MI, after disentangling the
latent reasoning trends within NLI sentence pairs, we
employ deep MI optimization to enhance the reasoning
effect crucial for improving the classification
performance of NLI.

3 Our Approach

This section introduces the proposed model, DNLI. As
discussed in Section 1, to achieve interpretable
classification of inference results and enhance the
performance of NLI tasks, our proposed model
disentangles and extracts directional reasoning factors
from the latent representations of paired texts, and
combines mutual information maximization methods to
optimize the representation of reasoning factors that
significantly affect classification results. We describe
the optimization objectives related to the above two
aspects in Section 3.1 and Section 3.2, respectively. In
Section 3.3, after incorporating the original
classification optimization objectives of the NLI task,
the overall optimization objective of DNLI is proposed.

3.1 Disentanglement optimization for asymmetric
text pairs

In this section, we present two key aspects as the
prerequisites of our interpretable DNLI model: the
order-reserved representations of the NLI text pairs and
the disentanglement ability. Because of NLI's data
asymmetry and considering NLI is essentially a
directional relational inference task, disentangling the
latent factors of the directional text pair representations
is the key to extracting and capturing the directional
reasoning factor from the premise to the hypothesis.
So, our proposed learning framework for NLI should
integrate a directional text pair learning manner and
have disentanglement capability.

In our approach, we first leverage BERT’s Next-
Sentence Prediction (NSP) training mannerl! that
reserves the directional relationship features of the text
pairs in its encoded text-pair representations. We select
the transformer encoder of a pre-trained model, such as
BERTS, to build the NLI data representations because
the NSP training method originating from BERT is
sensitive to the direction of each input pair, and thus
satisfies the first prerequisite that ensures the ordered
representations of text pairs for the later extraction of
reasoning-trend factors. In training, we concatenate the
premise and hypothesis as “[CLS] Premise [SEP]
Hypothesis [SEP]” before the formatted pair is handled
by the tokenizer of the selected pre-trained model,

§ Other BERT-derived pre-trained models are available for our
framework. We select the base model, BERT (uncased)
(https://huggingface.co/google-bert/bert-base-uncased), in our
experiments, following the conventions in the literature to ensure fair
comparisons.
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where “[CLS]” and “[SEP]” are used as the head token
and the separator token in a text pair input. We use the
last hidden state tokens of the transformer encoder’s
output as the representations of NLI text pairs. The
transformer encoder is used as the encoder layer of our
VAE-based disentanglement framework.

Secondly, to satisfy the other prerequisite for the
disentanglement ability, we adopt the VAE-based
disentanglement architecture and use the pre-trained
model’s encoder layer as the VAE’s encoder network,
aiming to learn the independent reasoning-trend factors
in NLI data. In detail, we employ the beta-VAEI-8I
model as our backbone network, which is inherently
capable of learning latent  disentanglement
representations. It allows the disentanglement of the
latent reasoning factors from other basic contexts of the
premise-hypothesis text pairs (described in Section 3.2
later). Figure 2 illustrates the overall model
architecture of our proposed DNLI.

As described in the Part (1) of Fig. 2, VAE is a
generative model with inference and generative
phases!®l. In its inference phase g4 (z|x), VAE maps
the input X to be latent variables z by an encoder
network, which is parameterized with the variational
parameters ¢ and usually is modeled as a prior
Gaussian distribution p (7). Because the posterior
calculation is intractable, the original literature
introduces a  reparameterization technique to
approximate the encoding process with the
approximation posterior gy (z|x), which is usually set as
a distribution of N (uy (x), 0'(2/) (x)), where u represents

the mean, o> represents the variance, and ¢ denotes

Big Data Mining and Analytics, June 2025, 8(3): 694-711

the parameterized encoder network. The
reparameterization technique allows sampling z from a
normal distribution N (ug (x), 0'3, (x)) by first sampling
€ from N (0, I) and then computing z =pu+exo.

After that, in the generative phase pg(x|z), the
reconstruction data X’ is decoded from z, where the
variational parameter 6 denotes the parameterized
decoder network. Our model utilizes beta-VAE to
alleviate the “Kullback-Leibler (KL) divergence
vanishing” (as known as Posterior Collapse) problem
existing in the original VAE training[?%]. We employ an
annealing strategy to dynamically adjust the weight
coefficient S of the KL term automatically, ensuring
that the VAE network avoids the KL-vanishing during
optimization, thereby preventing posterior collapse.
The optimization objective of VAE is named Evidence
Lower BOund (ELBO) in the VAE’s original literature
and formulated as below:

Lo = Egyllogpg (x[2)] =B D (g4 | 0llp ) (2)

which is optimized with the reconstruction/decoder
network parameters 6 and variational parameters ¢ that
parameterize the inference/encoder network.

3.2 MI optimization for NLI classification

Furthermore, to enhance NLI classification
effectiveness, DNLI introduces an MI optimization
objective aimed at maximizing the MI between NLI
classification results and the corresponding latent
reasoning factors in text representations, ultimately
improving the classification predictive capability of
NLL

As shown in Fig. 2, first, based on the overall latent

VAE =

) @ Reasoning effect (3) MI reasoning effect @ 0
z i optimization in a DAG: @

p Encoder reparameterization/ I./ Decoder NLI classifier

&l P N S —— |
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2l encoder layer i/ layer decoder layer |

3 ; ,-" | layer
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= | 268 bs x 768 [bs x 32 bs x 768 | | PS Jen > ‘

E ' I E> i

2 Hidden Hldden bsx 35722 UHidden | | Hidden (2) Cross-entropy
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O

Fig.2 DNLI architecture. DNLI includes three optimization processes: (1) pair-wise disentanglement representation
optimization via beta-VAE, (2) cross-entropy classification optimization for NLI, and (3) MI maximization optimization of

reasoning effect in a DAG.
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representation z of paired texts, we define the
reasoning factor @€z, i.e., those factors in z
significantly influence the classifier output Y. These
factors can be interpreted as the reasoning-trend factors
driving the classification decisions. Simultaneously, we
also define the non-reasoning factor 7 € z, representing
the shared basic content between the premise and
hypothesis. Non-reasoning factors primarily represent
content in the text related to the underlying contextual
scene, which is only related to the distribution of the
reconstructed data X’ but does not affect the
classification result Y. To describe these two latent
factors and their characteristics, we draw on causal
effect theory to describe the reasoning effects in the
NLI task and introduce a Structural Causal Model
(SCM) to explain the interactions between (e, 1), X,
and Y. This structural causal model is represented as a
Directional Acyclic Graph (DAG) in Part (3) of Fig. 2.
In the DAG, @ and n are mutually independent latent
factors in z, learned by the disentanglement module,
and interventions on a or n will lead to changes in X’,
while interventions on « alone will lead to changes in
the output classification Y.

Secondly, as previously discussed, we introduce an
MI optimization objective, denoted as Lreasoning (@, ¥),
to encourage the influence of reasoning factors in the
representation on the classification results. Before
delving into this objective, it is crucial to estimate and
quantify the reasoning effect from « to Y, represented
as L(a,Y) in the DAG. We adopt causal effect
estimation methods to quantify the reasoning effect.
Estimating causal effects is an important step in causal
inferenceB], and various methods for estimating and
quantifying causal effects have been proposed in
existing literature>%-57), However, many of these
methods are insufficient for modeling nonlinear neural
networks. Fortunately, recent advancements have
addressed this limitation by adopting an information-
theoretic perspective, employing the MI metric to
gauge the causal effect!8], Inspired by the use of MI
estimation to quantify causal effects, our DNLI model
also uses MI to compute and quantify the reasoning
effects in NLI. MI is a measure traditionally used to
quantify the mutual influence between variables. This
measure depends on the observed distribution and is
the standard definition of conditional mutual
distributions!>1.
Considering two disjoint subsets of internal nodes,

information  with  intervention

denoted as M and N, respectively, the information
flow effect from M to N, denoted as L (M, N), can be
computed as followsD8l:

p (n]do (m))
Sy p (m"p (| do (m))dm’

NdM
3)

where do (m) represents the intervention on the
reasoning result under the condition of fixing m[60],
From the above calculation formula, it can be seen that
the optimization objective of the reasoning effect from
a to Y is consistent with MI optimization. Returning to
the natural language inference task of this paper, and
considering the mutual independence of (a, 77), we
similarly utilize the information flow Lreasoning (@, ¥)
to quantify the reasoning effect from a to Y, as shown
in the DAG in Fig. 2. The quantification value of the
reasoning effect can be obtained by computing the MI
defined between @ and Y in DNLI using

Sy P (m) [y p (n] do (m))log

LY
Lreasoning (@ Y) =1 (@, ¥) = Eqy[log 5505 (4)

which furnishes explanations for our optimization of
the NLI classifier from disentanglement and MI
perspectives. Particularly considering the disentangled
factors (a, 1) € z, we update the optimization object of
the ELBO (see Eq. (2)) as follows:

Lo = Ey, [logpg (x| @, m]—BD (g4 (@, n12)llp (@, 7))
®)

To elucidate the MI optimization constraint derived
from the relationship among latent factors in the
presented DAG above, we draw directly upon the
findings in Ref. [61] as the foundational theory for our
model.  Reference  [61] provides  geometric
confirmation of the objective’s efficacy in producing
explainable factor properties: (1) the reasoning factor
accurately captures the direction in which the classifier
output changes, and (2) the entire set of latent factors
faithfully reflects the data distribution. These pivotal
features enhance the interpretability of the original
VAE-based disentangled representation learning
framework. We designate K and L as hyperparameters
representing the number of reasoning and non-
reasoning factors, respectively, where N = K+ L is the
total dimensionality of z.

In summary, our proposed DNLI first disentangles
the directional reasoning-trend factors in the
representation of text pairs, and then utilizes MI
estimation and maximization methods to quantify and
optimize the reasoning-trend factor « for their effect on
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Y. The overall optimization objective of our DNLI
model will be introduced in Section 3.3.

3.3 Optimization objects of DNLI

Our proposed DNLI model employs a fully connected
classifier —network layer to accomplish NLI
classification of paired text representations. As shown
in Fig. 2, DNLI takes the hidden variable derived from
the VAE decoder network as input to the classifier
network layer. It is worth noting that the input to the
classifier is based on the reconstructed hidden state of
the VAE decoder rather than the output of the encoder.
This represents an important architectural difference
between DNLI and CBERT. Subsequently, after the
latent representation enters the classifier, the model
generates prediction probabilities for three classes
through a Softmax operation and utilizes standard
cross-entropy loss Lcg to optimize the classification
results. The optimization objective of the NLI classifier
is expressed as follows:

Lcg=- Z)’il(’g o) (6)

where y; is the ground-truth label of sample i and Yi is
the sample’s prediction label obtained through an
argmax operation on the predicted probabilities of the
three NLI classes (y; €{0, 1,2}). Without loss of
generality, when y=0 and o signifies a Sigmoid
function, the linear separator can be denoted as

pOr=0[x)=0c@®" ()

where beR" signifies the classification decision
boundary.

Overall, by integrating the VAE-based

disentanglement optimization of latent factors (Eq.
(5)), the NLI classifier optimization (Eq. (6)), and the
MI optimization on reasoning-trend factors (Eq. (4)),
we present the overall optimization objective of DNLI
as follows:

L =21 LeLBo + A2 - LReasoning + 43 - LCE )]
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where  LgrBo latent  factors  for
disentanglement, Lreasoning further optimizes the
classification results using MI maximization of
reasoning factors, and Lcg is the basic NLI
classification optimizer. 4; (i € {1, 2, 3}) is the trade-off

generates

parameter for the relevant optimization components. In
our experiments, their respective values are 0.5, 0.5,
and 1. These three optimization functionalities are
illustrated in the overall architecture diagram shown in
Fig. 2.

4 Experiment

We train DNLI on Nvidia 3090Ti GPUs and
implement it by PyTorch. We chose the Adam
optimizer, and the learning rate is set to 2x1073.
Sentences in the dataset are all tokenized and converted
to lower cases. We also perform a filter on stop words,
meaningless symbols and emojis before model training.
The maximum sequence length is not limited. Then, we
evaluate our proposed DNLI on three well-studied NLI
datasets with three class labels. We describe these
datasets and the baselines in Sections 4.1 and 4.2.
Then, we provide the experimental results and detailed
experimental analysis in Section 4.3.

4.1 Datasets

We get the datasets, Stanford Natural Language
Inference (SNLI)©2, Multi-genre Natural Language
Inference (MNLI), and Adversarial Natural Language
Inference (ANLI), through the dataset tool provided by
HuggingFacel and show their statistics in Table 3. We
follow the default splits provided by the datasets and
set the batch size as 32/16/32 for SNLI/MNLI/ANLI.
We use the original datasets of these three datasets for
training and evaluation to ensure a fair comparison
with the baseline model.

SNLI*[62] yses image captions from the Flickr30k
dataset as the premise sentences. Its hypothesis

T https://huggingface.co/datasets
* https://nlp.stanford.edu/projects/snli/

Table 3 Statistics of the datasets. Among the datasets, MNLI features two types of validation sets, while ANLI comprises

three versions (rl, r2, and r3).

Dataset Train split Validation split Test split

SNLI 5.50x 10° 1.00x 10* 1.00x 10*

MNLI 432%10° 9.82 x 103 (matched) / 9.83 x 103 (mismatched) (Without label and not used)
ANLI(r1)  1.69x10% 1.00x 103 (Without label and not used)
ANLI (r2)  4.55x%10% 1.00 % 103 (Without label and not used)
ANLI(13)  1.00%x10° 1.20x 103 (Without label and not used)
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sentences are generated by crowd-sourced annotators
who were instructed to judge and manually label the
relations of the text pairs as “entailment”, “neutral”,
and “contradiction”. SNLI comprises about 5.7x10°
samples.

MNLI®I63] is a crowd-sourced dataset offering ten
distinct genres of written and spoken English data. Its
collection mode is modeled closely like SNLI. The
matched test sets originate from the same sources as
the MNLI training set, while the mismatched test sets
are dissimilar to the MNLI training set. MNLI
comprises about 4.33x10° sentence pairs.

ANLI?O4 s
benchmark dataset for NLI tasks and includes three
versions: rl, r2, and r3. It is curated using an iterative
and adversarial process involving human annotators

a recently introduced, extensive

and models. The dataset is designed to challenge state-
of-the-art models, such as BERT and DeBERTal%], by
selecting particularly difficult examples for these
models to classify accurately.

4.2 Baselines

We include seven strong baselines in NLI experiments.
We follow the same data pre-processing rules and use
the original implementation methods of baselines. We
did twenty experiments for each baseline on three
datasets to observe the average results of those
experiments and listed these results in Table 4.

o ESIMI%] is a former state-of-the-art solution for
NLI. It operates as a sequential model, designing
sequential inference models based on chain LSTMs to

O https://cims.nyu.edu/ sbowman/multinli/
" https://github.com/facebookresearch/anli

deduce contextual relations of two texts.

e RE2[21l js an advanced neural interaction network
that extracts effective alignment information in text
matching. The model is typically suitable for
bidirectional matching tasks.

e BERT!! is the bidirectional masked language
model. As the most renowned and fundamental pre-
trained model at present, to distinguish it from its
variants, its configuration is often denoted as “BERT-
base-uncased”. Its corresponding pre-trained file can be
accessed online®, with which we vectorize text pairs
separately under the Bi-encoder architecture as shown
in Fig. la and calculate the cosine similarity score
between their corresponding vectors for the prediction
of NLI.

e CBERTM includes the process of combining the
two input sentences through concatenation and then
applying complete attention across the input. CBERT
calculates the similarity score with the Cross-encoder
architecture, as illustrated in Fig. 1b.

e InfoBERT!®?! is a learning framework from an
information theoretic perspective to perform robust
fine-tuning over pre-trained language models.

e PairSCLI%8 is a supervised contrastive learning
approach that operates pair-wise, employing BERT as
the encoder. This approach utilizes a cross-attention
method to acquire shared representations for sentence
pairs.

e MultiSCLI®! is an NLI model for low-resource
scenarios that employs multi-level supervised
contrastive learning. It utilizes a contrastive learning

objective at both sentence and pair levels to

9 https://huggingface.co/models

Table 4 Accuracy results on all test sets of three datasets. We train our model with the training sets from all three datasets
(SNLI + MNLI + ANLI) and report the accuracy scores on the test sets of SNLI, MNLI, and ANLI, respectively. We highlight

the best/second-best results in bold/underlined styles.

(%)
Model SNLI ,MNLI ANLI Average
Matched Mismatched Average rl r2 3 Average

ESIM 86.7 72.4 71.9 722 482 394 363 413 59.2
RE2 88.9 78.8 77.8 78.3 50.2  40.1 37.1 42.4 62.2
BERT 88.1 89.4 89.0 89.2 50.1 384 350 41.2 65.0
CBERT 92.1 90.5 90.4 90.5 70.5 459 420 52.8 71.9
InfoBERT 922 87.2 87.2 87.2 74.7 502 485 57.8 733
PairSCL 91.9 84.7 77.9 81.3 58.7 442 410 48.0 66.4
MultiSCL 92.2 87.1 85.4 86.3 66.5 477 447 53.0 70.6
DNLI (ours) 93.1 91.2 90.9 91.1 753 510 492 58.5 751
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differentiate among various classes of text pairs.

Note that in this paper, we do not consider recent
powerful data-augmentation (e.g.,
CounterALI") and label-augmentation methods (e.g.,
T5-3BI7H, based on prompt learning), which effectively
improve the evaluation performance of NLI tasks. But
to ensure a fair performance comparison with other
baseline models under the same conditions on the
official datasets, we exclude these methods based on
data or label augmentation from our baseline models.
We train the selected baselines and our model with the
training sets from all three datasets and report the

methods

accuracy scores on the test sets, following the training
settings of the current state-of-the-art baseline model,
InfoBERT.

4.3 Experimental results and analysis

4.3.1 Effectiveness analysis
Table 4 shows the experimental results of our proposed
DNLI with other published baseline models on the
SNLI/MNLI/ANLI  dataset.  Especially, BERT,
CBERT, InfoBERT, and our model (DNLI) adopt the
common pre-trained model, BERT-basef. Compared to
these former state-of-the-art NLI models, our approach
improves the performance by 0.9%, 0.6%, 0.7%, and
1.8% in average accuracy on SNLI, MNLI, ANLI
(r1/r2/13), and the overall average performance across
the three datasets, respectively, which indicates that our
proposed model is effective in the common NLI tasks.
Our model ensures generalization ability in two
ways. (1) According to the reference Eq. (8), the
optimization objective of our proposed model consists
of three components. From a traditional machine
learning perspective, this overall optimization objective
is equivalent to adding regularization terms to the
single cross-entropy optimization objective of the
baseline models. These regularization terms are used to
penalize overfitting, thus mitigating potential
overfitting issues in baseline models like BERT.
Therefore, our theoretically has better
generalization capability compared to the baseline
models. (2) Following the standard practice of the
baseline model, the training set used for training the
model is the union of the training sets from the three
datasets as described in Table 4. This approach also
avoids the potential reduction in generalization ability
that may arise from training the model on the training

model

£ https://huggingface.co/google-bert/bert-base-uncased

Big Data Mining and Analytics, June 2025, 8(3): 694-711

set of a single dataset.

We report the training speeds of the baseline models
(BERT and CBERT) and the proposed DNLI model on
an NVIDIA 3090Ti GPU. As shown in Table 5, the
BERT model trains more slowly than the Cross-
encoder-based CBERT model. This is because BERT
generates sentence embeddings for each sentence
separately, while CBERT processes two input
sentences together without generating individual
embeddings, resulting in faster training. Additionally,
our proposed DNLI method, which is based on
CBERT, does not negatively impact training speed
compared to CBERT, although our DNLI model’s
training time increases due to the VAE-based
disentanglement optimization and the MI optimization
for reasoning. The additional time mainly comes from
the VAE process that fine-tunes the initial embedding
layer and its disentanglement optimizations. However,
our model converges quickly with the disentanglement
optimizations (see Fig. 3).

We note that the maximum batch size setting is
limited by the 24 GB memory of the NVIDIA 3090 Ti.
For example, the upper limit for the batch size for
SNLI is 32 in our hardware environment.

4.3.2 Interpretability analysis

We demonstrate the role of basic contextual factors and
reasoning factors in the DNLI model, focusing on the
model’s interpretability. To this end, we designed a
latent variable-based data reconstruction process (the
VAE decoder part) in the experiment to reveal the true
nature of the two latent factors learned by the DNLI.

As illustrated in Fig. 4, DNLI disentangles the
reasoning factors and basic contextual factors in NLI
text pairs, enhancing the model interpretability. Only
the latent representations relevant to « can affect the
classification results: changing the reasoning factor «
produces  varying reasoning effects in the
reconstruction text pair, but changing the non-
reasoning factor 7 affects only the reconstruction basic
context that does not relate to the classifier output.

Table 5 Average training speed (iteration number/s) when
the learning rate is set to 2x10-5, and the batch size is set to

32/16/32 for SNLI/MNLI/ANLI. It is the optimal
combination used in our experiments.
Model SNLI MNLI ANLI
BERT 12.06 16.26 9.22
CBERT 11.88 14.02 8.17
DNLI (ours) 13.85 17.85 10.60
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Fig. 3 Accuracy changes during the training of DNLI, along with the convergence of the loss values corresponding to the

three optimization processes—classification, disentanglement, and reasoning.

A A
a+2 _ I]+2 bicyclists waiting at an intersection | the bicyclists are outside
a+1 bicyclists waiting at an intersection | bicyclists waiting their turn to cross I]+1 bicyclists waiting at an intersection | bicyclists waiting their turn to cross
a| bicyclists waiting at an intersection | bicyclists waiting for a car to pass n bicyclists waiting at an intersection | bikers stop for traffic at the intersection
a-1 bicyclists waiting at an intersection | bicyclists riding along a freeway I]—'] bicyclists waiting at an intersection | a person on a bike is near a street
a-2 | bicyclists waiting at an intersection | the bicyclists are at home N-2 | bicyclists waiting at an intersection | the bicycles are on a road
(a) Fixed n and intervention on reasoning factor a: (b) Fixed @ and intervention on non-reasoning factor n:
the NLI relations are changed the entailment relations are not changed
A A
I’]+2 bicyclists waiting at an intersection | the bicyclists are riding to the book store ’7+2 bicyclists waiting at an intersection | the bicyclists are sleeping
n+1 bicyclists waiting at an intersection | a person is waiting while the light is green 1 bicyclists waiting at an intersection | bicyclists sit down having lunch at the mall
n bicyclists waiting at an intersection | bicyclists waiting for a car to pass n bicyclists waiting at an intersection | bicyclists ride through the mall on bikes
,7—1 bicyclists waiting at an intersection | the bicyclists are in a race I’]—'] bicyclists waiting at an intersection | bicyclists riding along a freeway
,7_2 bicyclists waiting at an intersection | bicyclists remain on the sidewalk I7—2 bicyclists waiting at an intersection | the bicyclists are at home
(c) Fixed a and intervention on reasoning factor n: (d) Fixed a@ and intervention on non-reasoning factor n:
the neural relations are not changed the contradiction relations are not changed
Entailment Neural Contradiction

Fig. 4 Illustrations of the effect of altering the learned latent factors. Changing the learned reasoning factor (a) affects the
NLI reasoning factors related to the classification results of the text pairs, as shown in (a). Changing the non-reasoning factors
(n) affects the basic contexts but does not affect the classification results, as shown in (b), (¢), and (d).

With the above experimental results, we can draw the
following conclusions related to the interpretability of
our model.

Based on the interpretable analysis, we explain the
necessity of disentangling the reasoning factors that
influence classification results from the contextual

semantic factors. By estimating and optimizing

reasoning effects when using VAE to optimize the
output vectors of the BERT encoder, DNLI
distinguishes between the latent factors relevant to the
classification result and those irrelevant to it. This is
because, without disentanglement optimization of «
and 7, the VAE reconstruction phase tends to
incorporate semantic information from the latent
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variables, which may affect classification performance.
Therefore, we perform decoupled optimization on «
and 7, ensuring that more of the semantic contextual
information of the original data () is preserved in the
reconstructed data. At the same time, « retains
primarily the information directly related to the
classification result. This approach yields better
classification performance than directly using BERT
encoding outputs. In summary, our model improves the
semantic quality of representations through the
optimization above while preserving reasoning trend
information in representations to achieve better
classification results. DNLI simultaneously enhances
the classification performance and reconstruction
interpretability of representations.

Additionally, we only validate the proposed
reasoning disentanglement method on the SNLI,
MNLI, and ANLI datasets. This is because, among the
current mainstream NLI datasets, only these three
datasets are three-class classification datasets. They
provide a better foundation for evaluating the
effectiveness of our model in reconstructing data across
multiple classes (as illustrated in Fig. 4), allowing for a
more comprehensive validation of the interpretability
of DNLI.

Note that some literature has introduced NLI datasets
in low-resource languages, as well as domain-specific
NLI datasets recentlyl72-74l, Since these new datasets
are mostly used in relatively specialized environments,
we have still used the three most widely used general-
purpose datasets in the NLI field in this paper to
validate our proposed DNLI model and other baseline
models.

Overall, the practical significance of our proposed
DNLI is as follows. First, DNLI combines disentangled
representation learning with pre-trained models, not
only improving the performance of current NLI tasks,
but also enhancing the interpretability of the
representation vectors generated by pre-trained models.
As shown in Fig. 4, the disentangled features, or

Big Data Mining and Analytics, June 2025, 8(3): 694-711

representation factors, obtained through optimization,
allow for control over specific attributes in text
generation—such as inference relations, topics, and
sentiments—during text reconstruction. This makes it
possible to intuitively understand and control the
process for specific tasks, which will benefit the
interpretability required for the future generative tasks
of large language models. Secondly, the independent
semantic feature representation factors obtained
through DNLI’s disentanglement process help reduce
reliance on labeled data in unsupervised or weakly
supervised conditions. While improving the accuracy
of relation classification in the current task, our method
can also effectively generalize to other classification
tasks.

4.3.3 Ablation study

Our model exhibits two primary enhancements when
contrasted with another former state-of-the-art model,
CBERT, as shown in Fig. 1b. The first is incorporating
VAE framework optimization, as illustrated in Part (1)
in Fig. 2, while the second involves the integration of
reasoning effect optimization, as shown in Part (3) in
Fig. 2. We run ablation tests to understand better the
contribution of two primary enhancements from our
proposed DNLI model. The results are shown in
Table 6.

Based on the results of ablation studies, we can
further explain the performance differences between
the sentence representations based on VAE used in
DNLI and the sentence representations directly
obtained from BERT (or CBERT) outputs during
classification training. When only using the output
vectors of the BERT encoder for classification training,
the resulting sentence representations tend to gradually
lose the intrinsic semantics of the sentences, as they
primarily retain information relevant to the
classification result. Conversely, by applying the VAE
architecture to optimize the output vectors of the BERT
encoder for reconstruction, it encourages the learned
representations to preserve the semantic information of

Table 6 Ablation study of our proposed DNLI. The first setting of “DNLI without VAE & MI” is equivalent to the baseline
CBERT of the Cross-encoder architecture, as shown in Fig. 1b. We report the accuracy results.

(%)
] ] MNLI ANLI
Ablation setting SNLI -
Matched Mismatched rl 2 r3
DNLI without VAE & MI 92.2 90.5 90.4 70.5 459 42.0
DNLI without MI 92.5 91.0 90.6 71.9 474 44.8
DNLI 93.1 91.2 90.9 75.3 51.0 49.2
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the original data to the fullest extent possible.
4.3.4 Parameter analysis
We search for different hyper-parameter options and
choose the optimal hyper-parameter value for our
model. We give the parameter study for the impact of
the number of reasoning-trend factors (K). As shown
in Table 7, we choose the best results by tuning K on
different datasets. From the experiment results on the
number of reasoning-trend factors, we can infer that
due to the different distribution characteristics of
different datasets, we can select appropriate K values
for different datasets to accurately separate and store
latent factors related to the NLI classification results,
thereby achieving the performance improvement for
NLI tasks by tuning the K value.
4.3.5 Limitations and future work
Some recent research(’!:751 has found the problem of
overestimating NLI model performance due to
superficial correlation biases from the NLI datasets.
For example, a crowd worker who makes NLI datasets
(e.g., SNLI) wusually generates a contradiction
hypothesis to contradict the information in the premise
by simply introducing negation words (e.g., not,
nothing, or nobody), which enables some existing NLI
models to directly predict the relationship labels of the
hypotheses based on the negation words, even without
considering the input premise. To verify the
overestimated evaluation of the performance of the
existing NLI models because of the dataset bias,
authors of some important NLI datasets (SNLI and
MNLI) partition each NLI test set into two subsets:
examples that can be accurately predicted without
considering the premise are labeled “Easy”, and those
it could not are labeled “Hard”. When testing the Hard
versions of the NLI datasets, many existing NLI
models have decreased performance.

We believe our proposed DNLI can alleviate the
superficial correlation biases in its training process

VAE and its
ensures that

introduces
which
sufficient semantic information is retained in the latent

because our model

reconstruction optimization,
variables for better reconstructing the data, thereby
alleviating the problem of only superficial correlation
bias information in the learned latent representations.
However, as unbiased optimization is not the focus of
this paper and can be looked at as an extension
advantage of our model, we validate our model on the
full versions of the NLI datasets without adding and
validating their “Hard” versions, which can be in future
work.

5 Conclusion

Leveraging the data asymmetry inherent in NLI data,
we present a simple and effective natural language
inference model, DNLI, to capture latent directional
reasoning factors in paired texts, from premises to
hypotheses. DNLI employs BERT (uncased) as the
encoder layer to preserve the sequential information of
input text pairs in text representations. Subsequently, it
adopts the VAE framework into the pair-wise text-
matching architecture to disentangle the reasoning
factors in paired text and finally enhances NLI
classification performance through MI maximization.
interpretable  text
state-of-the-art

Consequently, we  obtain

representations  and classification
performance on three widely studied NLI datasets,

SNLI, MNLI, and ANLI.
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(%)
K SNLI MNLI (mached) MNLI (mismatched) ANLI (r1) ANLI (12) ANLI (13)
1 923 90.3 90.2 75.0 51.0 45.9
2 928 90.7 90.4 75.2 51.0 48.5
3 931 91.0 90.7 75.1 50.3 49.2
4 930 91.2 90.6 75.3 49.6 48.8
5 924 90.9 90.9 74.5 49.3 48.2
6 91.8 90.3 90.8 74.4 49.6 46.5
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