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Abstract

Review-based recommendation methods typically integrate
multiple behaviors, including interactions, reviews, and rat-
ings, to model user preferences. To effectively extract prefer-
ence signals from diverse behaviors, some studies train multi-
ple student models to capture distinct behavioral patterns, and
leverage online distillation to facilitate collaborative learning
among them. However, we argue that these techniques suffer
from bias contamination from rating distributions and fea-
ture homogenization during cross-behavior knowledge trans-
fer: (1) Rating distribution bias, arising from non-uniform
historical ratings, propagates across behaviors through distil-
lation, contaminating the true preference representations of
other behaviors. (2) Static distillation strategies often lead
to homogenized behavioral features, hindering the learning
of behavior-specific preferences. To address these issues, we
propose a novel Bidirectional Counterfactual Distillation (Bi-
CoD) framework for review-based recommendation. In Bi-
CoD, we first design an adversarial counterfactual distilla-
tion module to suppress the impact of non-uniform rating
distributions on distillation, thereby preventing it from con-
taminating the user’s true preference representations across
behaviors. Subsequently, we introduce a stage-aware bidi-
rectional distillation strategy to enhance the distinctiveness
of behavioral features, facilitating the effective learning of
behavior-specific preferences. Extensive experiments on five
real-world datasets validate the effectiveness and superiority
of the proposed framework.

Code — https://github.com/hfutmars/BiCoD

Introduction
As a widely adopted recommendation technique, review-
based methods (Liu et al. 2021; Shuai et al. 2022; Ren et al.
2023) typically leverage users’ historical behavioral data
(e.g., past interactions, reviews, and ratings) to capture user
preferences and predict ratings for target items (Chen et al.
2018; Li et al. 2021; Wu et al. 2023). Recently, most review-
based methods (Shuai et al. 2022; Ren et al. 2023) construct
a unified graph to integrate various types of user behaviors,
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Figure 1: Motivation example. (a) Real-world rating distri-
butions are typically non-uniform. (b) Online distillation up-
dates user preferences based on both cross-behavior signals
(solid) and rating distribution bias (dashed). (c) Static dis-
tillation leads to feature homogenization, limiting behavior-
specific preference learning.

where ratings are represented as edges, and adopt message
passing to aggregate features from different behaviors.

However, different behaviors inherently convey distinct
levels of user intent (e.g., interactions represent general in-
terests, reviews reflect subjective feedback, and aspects re-
veal fine-grained preferences (Li et al. 2021)). Treating all
behaviors uniformly in a single graph may lead the model
to overlook these semantic differences when aggregating
neighbor features. Therefore, some studies (Du et al. 2023;
Zhu and Zhang 2025) train multiple student models in paral-
lel to capture distinct behavioral features, and adopt feature-
based online distillation (Yang et al. 2023a) to facilitate
knowledge transfer among them, thereby improving rating
prediction accuracy. Despite these advances, existing online
distillation methods indiscriminately transfer all knowledge
from each student, leading to the following issues:

1) Bias contamination from rating distributions: Due
to the typically non-uniform distribution of historical rat-
ings, high-frequency ratings often dominate the learning
process, causing models to tend to overfit the rating distri-
bution patterns to minimize prediction loss rather than ac-
curately modeling users’ true preferences. We refer to this
tendency as rating distribution bias. Although some meth-
ods (Xv et al. 2022; Du et al. 2023) attempt to alleviate such
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bias in individual behaviors by employing multiple teacher
models, they overlook the fact that this bias can also propa-
gate during online knowledge distillation, thereby contami-
nating the preference representations of other behaviors. As
shown in Figure 1(a) and 1(b), user preference updates are
influenced by the rating distributions of other behaviors.

2) Feature homogenization among behaviors: Existing
online feature distillation strategies adopt fixed distillation
directions or strengths, which aligns student models’ knowl-
edge into a shared subspace. However, such paradigms often
lead to the gradual homogenization of feature representa-
tions across different behavioral branches, limiting the stu-
dent model’s ability to learn the distinct intentions inherent
in each behavior. As shown in Figure 1(c), the preference
representations of different behaviors gradually converge.

To address the aforementioned issues, we argue that it is
necessary to reorganize both the knowledge and strategy of
distillation to tackle the complexities of multi-behavior fea-
ture learning in review-based recommendation. Specifically,
we identify two core challenges:

1) How to effectively mitigate the rating distribution bias
in each student model’s knowledge during distillation, pre-
vent its cross-behavior propagation, and adapt to the contin-
uous evolution of the student models?

2) How to reformulate the distillation strategy to facili-
tate knowledge transfer across behaviors while preserving
the distinctiveness of each behavior’s feature representation?

To this end, we propose a novel Bidirectional
Counterfactual Distillation (BiCoD) framework for
review-based recommendation, which aims to address
bias contamination and feature homogenization in multi-
behavior online feature distillation:

First, we design an adversarial counterfactual distilla-
tion module to tackle the first challenge. To suppress the
influence of non-uniform rating distributions on online dis-
tillation, we leverage counterfactual reasoning to estimate
the causal discrepancy between the factual user-item bipar-
tite graph and its counterfactual graph that retains only rat-
ing signals, thereby purifying the behavioral representations
learned by each student model. Furthermore, adversarial
learning is employed to dynamically adjust the strength of
bias suppression, thus adapting to the evolving student mod-
els and balancing online distillation with bias suppression.

Subsequently, we introduce a stage-aware bidirectional
distillation strategy to tackle the second challenge. In the
early stages of training, forward distillation is applied to
promote knowledge transfer across behaviors, enhancing
the representation capacity of each student model. In later
stages, reverse distillation is employed to increase the dis-
crepancy between behavioral representations, thereby en-
abling the model to capture behavior-specific preferences.

The key contributions are summarized as follows:

• This work highlights the issues of bias contamination and
feature homogenization in online distillation paradigms,
and theoretically analyzes their underlying causes.

• We design a counterfactual distillation module to prevent
the propagation of rating distribution bias during distil-
lation, and employ adversarial learning to adapt to the

continuously evolving student model.
• We propose a stage-aware bidirectional distillation strat-

egy to enhance knowledge transfer across behaviors
while capturing the distinct features of each behavior.

• Extensive experiments on five real-world datasets vali-
date the effectiveness and superiority of BiCoD.

Related Work
Existing review-based recommendation methods mainly
adopt dual-tower architectures (Chen et al. 2018) and graph
neural networks to model multi-source behaviors (Xia,
Huang, and Zhang 2022; Yang et al. 2023b). Other meth-
ods (Bauman, Liu, and Tuzhilin 2017; Li et al. 2021) extract
aspect-level signals from reviews to model both implicit tex-
tual features and explicit aspect information. Recent meth-
ods unify diverse behaviors into a graph to enable cross-
behavior information aggregation (Shuai et al. 2022; Ren
et al. 2023; Wang et al. 2024). For instance, RGCL (Shuai
et al. 2022) incorporates review embeddings as graph edges
to capture fine-grained user and item representations.

Knowledge distillation (KD) (Zhang et al. 2018; Wu and
Gong 2021; Kweon, Kang, and Yu 2021; Houyon et al.
2023; Ji et al. 2023) improves the performance of the tar-
get model by transferring knowledge across models (Guo
et al. 2020; Lan, Zhu, and Gong 2018; Ding et al. 2022; Liu
et al. 2023; Gou et al. 2024). For example, KDCRec (Liu
et al. 2022) distills knowledge from uniform data to cor-
rect biases caused by non-uniform training. FreqD (Zhu and
Zhang 2025) enhances critical knowledge by reweighting
frequency components of feature representations. However,
these methods overlook the issues of bias contamination and
feature homogenization during knowledge distillation.

Preliminaries
Problem Definition
In review-based recommendation, there are two sets of en-
tities: the user set U and the item set V , where user u ∈ U
and item v ∈ V . Let E = U ∪ V denote the set of all en-
tities, where e ∈ E denotes an entity. The review text and
rating given by user u to item v are denoted as tuv and ruv ,
respectively. Let T denote the set of all reviews. The set of
all possible ratings is denoted by R = {r1, . . . , r|R|} (e.g.,
R = {1, . . . , 5} in Amazon), where | · | denotes the cardinal-
ity of a set. The goal of review-based recommendation is to
predict the rating r̂uv that user u would assign to item v, by
leveraging their historical interactions, reviews, and ratings.

Theoretical Analysis of Online Distillation
In this section, we briefly analyze how the rating distribution
bias in one behavior contaminates the true preference repre-
sentation of another from the perspective of gradients. For
any two behaviors x and y, the gradient of the SCE loss (Hou
et al. 2022) with respect to ey is given by:

∇ey
fsce(ex, ey) = −

ex
∥ex∥∥ey∥

+
e⊤x ey

∥ex∥∥ey∥3
ey. (1)
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Figure 2: The architecture of the bidirectional counterfactual distillation framework.

where fsce(ex, ey) = 1 − e⊤
x ey

∥ex∥·∥ey∥ , and ex and ey denote
the entity features from different behaviors.

We decompose each representation into a true preference
component (TIE) and a bias component (NDE), analogous
to causal-effect decomposition (Wei et al. 2021; Li et al.
2023): ex = TIEx + NDEx, ey = TIEy + NDEy,
where TIE (total indirect effect) represents the ideal pref-
erence signal, and NDE (natural direct effect) denotes the
bias component in each view.

The first term can be rewritten as

− ex
∥ex∥∥ey∥

= −TIEx +NDEx

∥ex∥∥ey∥
. (2)

It indicates that the bias component NDEx in view x di-
rectly influences the update direction of features in view y,
thereby causing NDEx to contaminate TIEy .

The second term e⊤
x ey

∥ex∥∥ey∥3 ey can be expanded as

(TIEx +NDEx)
⊤(TIEy +NDEy)

∥ex∥∥ey∥3
· (TIEy +NDEy).

(3)
The inner product expands to four components:

TIE⊤
x TIEy , which represents the desired knowledge

alignment; TIE⊤
x NDEy and NDE⊤

x TIEy , which indicate
cross-behavior bias contamination; and NDE⊤

x NDEy ,
which reflects bias reinforcement. Furthermore, the mul-
tiplicative term (TIEy + NDEy) further amplifies the
self-propagation of NDEy , allowing the bias in ey to
contaminate behavior representations through gradient flow.

Therefore, eliminating the bias components from each be-
havior during distillation is essential to ensure that the dis-
tillation loss aligns only with the true preferences, thereby
preventing cross-behavioral bias contamination.

Proposed Framework
Figure 2 illustrates the overall architecture of BiCoD. First,
multiple parallel student networks are constructed to capture
various behavioral patterns, including interactions, reviews,
and aspect-sentiment behaviors. Next, adversarial counter-
factual distillation is employed to suppress the contamina-
tion of true user preferences by rating distribution bias dur-
ing distillation. Then, a stage-aware bidirectional distilla-
tion strategy is introduced to facilitate knowledge sharing
while avoiding feature homogenization. Finally, the model
is optimized by jointly minimizing the rating prediction loss
and the distillation loss.

Initialization
The representation of an entity consists of the follow-
ing features: ID features, review semantic features, aspect-
sentiment features from reviews, and rating features.

For the user and item IDs, we map them into dense vec-
tors, denoted as eid,u ∈ Rd and eid,v ∈ Rd, where d repre-
sents the embedding dimension. Each review in the set T is
first fed into a pre-trained BERT-Whitening (Su et al. 2021)
model to obtain sentence embeddings. Then, the review em-
beddings associated with each user and item are averaged
to obtain the review features ere,u ∈ Rd and ere,v ∈ Rd,
respectively. For aspect-sentiment features, we first extract
aspect-sentiment pairs from each review using the SPAN-
aste (Xu, Chia, and Bing 2021) model. These pairs are then
encoded into embeddings via BERT-Whitening, and subse-
quently averaged to obtain eas,u ∈ Rd and eas,v ∈ Rd. For
rating features, all discrete ratings in R are mapped into a
continuous embedding space. The rating feature correspond-
ing to a specific user-item pair (u, v) is denoted as ruv .

Therefore, the review-based recommendation data can be
formulated as a bipartite graph G = ⟨U ∪ V ,R⟩. Each ob-
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served edge corresponds to a rating embedding from user u
to item v, which directly reflects the user’s overall satisfac-
tion with the item.

Multi-Behavior Modeling (MB)
To comprehensively capture user interests and item features
under different behavioral patterns, we construct three par-
allel views to model interaction behavior, review behavior,
and aspect-sentiment behavior, respectively:

• Interaction View (IV): models interaction behavior,
where node features are user and item ID embeddings.

• Review View (RV): captures review behavior, where
node features are derived from the review representations
of users and items.

• Aspect View (AV): models the aspect-sentiment behav-
ior, where nodes represent aspect-sentiment features for
both users and items.

For each view, edges represent rating embeddings within
user-item bipartite graph. We employ graph convolutional
networks (He et al. 2020; Shuai et al. 2022) to aggregate
information from source to target nodes:

e(l)m,u =
∑
v∈Nu

e
(l−1)
m,v rm,uv√
|Nu|

√
|Nv|

, (4)

where m ∈ M denotes a specific view, and M =
{IV,RV,AV} represents the set of all views. In view m,
e
(l)
m,u and e

(l−1)
m,v denote the l-th layer embedding of user u

and the (l−1)-th layer embedding of item v, respectively.
rm,uv denotes the embedding of the rating given by user
u to item v. Nu denotes the set of items that user u has
rated, and Nv indicates the set of users who have rated item
v. When (l = 0), e(0)IV,v = eid,v , e(0)RV,v = w⊤

1 ere,v , and

e
(0)
AV,v = w⊤

2 eas,v , where w1,w2 ∈ Rd are learnable pa-
rameters, and ⊤ denotes the transpose operation.

Similarly, the item representation e
(l)
m,v under view m at

layer l can also be obtained through graph convolution op-
erations. We stack L graph convolutional layers and use the
final outputs, e(L)

m,u and e
(L)
m,v , as the ultimate user and item

features, denoted by em,u and em,v , respectively.

Adversarial Counterfactual Distillation
Online Distillation (OD) To enhance the feature repre-
sentations of entities (users or items) within different behav-
iors, we leverage feature-based online distillation to promote
knowledge transfer for the same entity across multiple be-
havioral views. For the online distillation task, the MB mod-
ule is optimized by jointly minimizing the rating prediction
loss and the distillation loss. The objective of the conven-
tional distillation task is defined as follows:

min
θMB
LOD(θMB) = min

θMB

1

|E|
∑
k∈E

∑
x∈M;x̸=y

∑
y∈M

fsce(ex,k, ey,k),

(5)
where θMB denotes the learnable parameters of the MB mod-
ule, and ex,k, ey,k ∈ Rd are the feature representations of

entity k ∈ E = U ∪ V in views x and y, respectively.
fsce(x, y) = (1− x⊤y

∥x∥·∥y∥ )
δ denotes the Scaled Cosine Error

(SCE) loss (Hou et al. 2022), which is adopted to align the
feature representations of the same entity k across views x
and y. The scaling factor δ of SCE is fixed to 1 in this paper.

Counterfactual Distillation (CD) To prevent rating dis-
tribution bias from contaminating user preferences across
behaviors through distillation, it is necessary to eliminate
such bias from entity features, thereby enabling online dis-
tillation to align only the true preference representations
among behaviors. Motivated by causal inference (Wei et al.
2021; Li et al. 2023), the causal discrepancy between factual
and counterfactual representations can quantify the actual
effect of user preferences on predicted ratings. Accordingly,
we first explore the following counterfactual question to ob-
tain the entity features of the counterfactual world: What
would the features of the user and item be if they were de-
termined solely by historical ratings? In this counterfactual
world, the graph aggregation process transforms into:

e(l)
∗

m,u =
∑
v∈Nu

rm,uv√
|Nu|

√
|Nv|

, (6)

where e
(l)∗

m,u denotes the user feature learned in the counter-
factual world. Similarly, the item features e(l)

∗

m,v can be com-
puted under the same setting. The counterfactual learning
process is detached from gradient backpropagation, as our
goal is to train a model for the real world rather than the
counterfactual one.

Subsequently, to mitigate the impact of rating distribution
bias on distillation, we purify preference-related representa-
tions by subtracting counterfactual entity features from fac-
tual entity features during distillation:

min
θMB
LCD(θMB) = min

θMB

1

|E|
∑
k∈E

∑
x∈M;x̸=y∑

y∈M
fsce(ex,k − γe∗x,k, ey,k − γe∗y,k),

(7)

where γ ∈ R is a learnable parameter that controls the
strength of bias suppression. Notably, when γ is fixed at 0,
the objective degenerates into conventional online distilla-
tion. A larger γ indicates a greater removal of bias, but re-
taining moderate bias can be beneficial (Qiu et al. 2021).
Moreover, the optimal γ may vary across datasets and train-
ing stages, making a fixed γ insufficient to accommodate the
bias of the evolving student model.

Adversarial Learning (AL) For models trained on biased
real-world data, the gradient of the counterfactual distilla-
tion loss with respect to γ satisfies ∂LCD

∂γ > 0. During gradi-
ent descent optimization, γ is updated as:

γ ← γ − η
∂LCD

∂γ
, (8)

where η denotes the learning rate. This update causes γ to
gradually decrease, preventing the model from effectively
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mitigating the propagation of rating distribution bias dur-
ing distillation. In other words, models trained on real-world
data with non-uniform rating distributions naturally tend to
learn the rating distribution patterns to minimize training
loss. However, this optimization trend conflicts with our goal
of suppressing bias propagation during distillation, which
requires encouraging a larger value of γ.

Therefore, we introduce an adversarial learning approach
(Goodfellow et al. 2014) to dynamically adjust the strength
γ to adapt to the evolving student model, thereby effectively
suppressing the influence of the rating distribution on distil-
lation. Specifically, while the MB module seeks to minimize
LCD by fitting the rating distribution, the parameter γ is ad-
versarially optimized to maximize LCD, thereby suppressing
bias contamination from rating distributions. Unlike conven-
tional distillation, the MB module and γ form a two-player
mini-max game, with the value function defined as:

min
θMB

max
θAL
LCD(θMB) = min

θMB
max
θAL

1

|E|
∑
k∈E

∑
x∈M;x̸=y∑

y∈M
fsce(ex,k − γe∗x,k, ey,k − γe∗y,k),

(9)

where θAL denotes the parameters updated via adversarial
learning, i.e., γ.

An alternating algorithm is employed to address the prob-
lem in Equation 9, in which one set of variables is fixed
while the other is optimized at each iteration:

θ̂MB = arg min
θMB
L(θMB, θ̂AL),

θ̂AL = arg max
θAL
L(θ̂MB, θAL),

(10)

where L represents the total loss of the model.
In practice, we implement the above adversarial process

using a Gradient Reversal Layer (GRL) (Ganin and Lempit-
sky 2015). The model parameters are updated as follows:

θMB ← θMB − η
∂L
∂θMB

,

θAL ← θAL + η
∂L
∂θAL

.

(11)

Stage-aware Bidirectional Distillation
For online distillation, adopting a fixed direction of knowl-
edge transfer throughout all training stages may be subop-
timal. Analogous to real-world education, excessive knowl-
edge sharing leads to over-homogenization among students,
diminishing their individuality and reducing their ability to
cope with diverse social environments. Humans tend to learn
more effectively when tasks are organized in a meaningful
order (Bengio et al. 2009; Zheng et al. 2021).

Accordingly, we introduce a stage-aware curriculum ap-
proach that dynamically scales the distillation loss LCD. At
early training stages, entity representations of different be-
havioral views are unstable. Therefore, we adopt Forward
Distillation (FD) to extract additional supervisory signals
from other behaviors, guiding each view toward shared fea-
ture alignment and improving the representation quality.

As training progresses, entity representations gradually con-
verge. To avoid excessive homogenization, we progressively
weaken Forward Distillation and enhance Reverse Distil-
lation (RD) to increase the discrepancy among behaviors,
guiding the model to focus on behavior-specific representa-
tions and better capture diverse behavioral patterns.

Formally, we dynamically adjust the distillation direction
and strength according to the following cosine schedule:

LBiCoD =

{
ϕn LCD, if En mod 2 = 1 (FD)

−
(
1− ϕn

)
LCD, otherwise (RD)

(12)
where En denotes the n-th epoch. Em denotes the maxi-
mum number of epochs. The scheduling coefficient ϕn =

max
{
0.1, 1

2

[
cos

(
min(En,Em)

Em
π
)
+ 1

]}
varies with the

epoch, following a cosine decay from 1 to 0.1.
This scheduling mechanism enables stage-aware adjust-

ment of both the direction and strength of online distilla-
tion without adding extra model parameters. It effectively
mitigates representation homogenization and enhances the
learning of more distinctive behavior-specific patterns.

Training and Inference
Training We first compute user–item matching features,
then predict the rating via a Multi-Layer Perceptron (MLP)
with a non-linear transformation:

r̂m,uv = R⊤ · Softmax(MLPm(em,u ⊙ em,v)), (13)

where r̂m,uv denotes the predicted rating between user u and
item v in view m,⊙ is the Hadamard product, and MLPm(·)
is a two-hidden-layer network with LeakyReLU (negative
slope 0.1) activation functions.

Rating prediction is treated as a regression task (Shuai
et al. 2022) and optimized with Mean Squared Error (MSE):

min
θMB
LRP(θMB) = min

θMB
(
1

|S|
∑

(u,v)∈S

∑
m∈M

(r̂m,uv − ruv)
2),

(14)
where LRP denotes the loss for rating prediction. S repre-
sents user-item pairs in the training set.

The overall training objective is formulated as follows:

min
θMB

max
θAL

L(θMB, θAL) = min
θMB

max
θAL

(
LRP(θMB) + LBiCoD(θMB, θAL)

)
.

(15)

Inference We compute the average of predictions across
all views as the final predicted rating:

r̂uv =
1

|M|
∑

m∈M
r̂m,uv. (16)

Experiments
Experimental Setup
Dataset: We evaluate our model on five real-world datasets:
Art Crafts, Digital Music, Luxury Beauty, and Software
from the Amazon review corpus, and the Yelp review
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Models Art Crafts Digital Music Luxury Beauty Software Yelp
MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

DeepCoNN 0.7855 0.5530 0.3080 0.2681 0.6765 0.6078 1.0589 0.7883 1.1861 0.8707
NARRE 0.7295 0.5460 0.2922 0.2594 0.7495 0.6011 1.1072 0.7912 1.1823 0.8536
DAML 0.7083 0.5394 0.2977 0.2615 0.7064 0.5875 1.0835 0.7803 1.1815 0.8610
APRE 0.7071 0.5337 0.2877 0.2406 0.6794 0.5710 1.1651 0.7983 1.1744 0.8501
RGCL 0.6629 0.5143 0.2829 0.2413 0.6715 0.5681 1.0740 0.7782 1.1644 0.8495
SGDN 0.6612 0.5102 0.2809 0.2542 0.6853 0.5626 1.0868 0.7768 1.1635 0.8449
MAGCL 0.6556 0.4966 0.2778 0.2112 0.6703 0.5573 1.0668 0.7705 1.1763 0.8534
ReHCL 0.6511 0.4961 0.2864 0.2344 0.6713 0.5337 1.0595 0.7713 1.1742 0.8579
KDCRec 0.6637 0.5294 0.2856 0.2345 0.6735 0.5329 1.0670 0.7831 1.1673 0.8511
LUME 0.6714 0.5377 0.2973 0.2351 0.6831 0.5334 1.0732 0.7857 1.1623 0.8567
EMKD 0.6532 0.5139 0.2764 0.2236 0.6754 0.5313 1.0601 0.7824 1.1596 0.8436
FreqD 0.6539 0.4983 0.2753 0.2097 0.6713 0.5345 1.0533 0.7941 1.1611 0.8494
BiCoD 0.5963* 0.4572* 0.2403* 0.1863* 0.6237* 0.5065* 0.9798* 0.7405* 1.1193* 0.8167*
% Imp. 8.42% 7.84% 12.71% 11.16% 6.95% 4.67% 6.98% 3.89% 3.48% 3.19%

Table 1: Overall performance comparison. Best results per column and baseline are bolded and underlined, respectively. ∗
indicates statistical significance based on a t-test (p-value < 0.01) compared to the second-best result. We report the average
results over five runs for each experiment, along with the relative improvement (% Imp.) over the best-performing baseline.

dataset. Following previous studies (Shuai et al. 2022; Ren
et al. 2023; Wang et al. 2023), each dataset is randomly split
into training (80%), validation (10%), and test (10%) sets.

Evaluation Metrics: As a regression task, rating predic-
tion aims to predict continuous rating values, rather than
discrete class labels as in classification tasks. Therefore, we
adopt MSE and MAE as evaluation metrics during testing,
following prior studies (Shuai et al. 2022; Ren et al. 2023).

Baselines: We compare BiCoD with the following base-
lines, categorized into three groups: Dual-tower archi-
tectures: DeepCoNN (Zheng, Noroozi, and Yu 2017),
NARRE (Chen et al. 2018), DAML (Liu et al. 2019), and
APRE (Li et al. 2021); GNN-based methods: RGCL (Shuai
et al. 2022), SGDN (Ren et al. 2023), MAGCL (Wang et al.
2023), and ReHCL (Wang et al. 2024); KD-based meth-
ods: KDCRec (Liu et al. 2022), LUME (Xv et al. 2022),
EMKD (Du et al. 2023), and FreqD (Zhu and Zhang 2025).

Implementation Details: For all methods, the embedding
dimension d is set to 64. Trainable parameters are initial-
ized using Xavier initialization (Glorot and Bengio 2010).
The parameter γ is initialized to 0.5. The graph convolu-
tional layer depth L is set to 1. We adopt the Adam opti-
mizer (Kingma and Ba 2017) with a learning rate η of 0.01.
Early stopping is applied with a patience of 50 epochs, and
the maximum number of training epochs (Em) is set to 200.

Overall Comparison
The performance of all methods is reported in Table 1.
Our observations include: (1) Dual-tower methods (Deep-
CoNN, NARRE, DAML, and APRE) perform well, show-
ing the value of incorporating reviews into recommenda-
tions. APRE’s superior results highlight the benefit of us-
ing aspect-level review information. (2) GNN-based meth-
ods (RGCL, SGDN, MAGCL, and ReHCL) generally out-
perform dual-tower models, as they explicitly model the

interactions among users, items, reviews, and aspects via
graph neural networks. (3) Among distillation-based meth-
ods, KDCRec employs uniform sampling but lacks cross-
behavior collaboration. LUME adopts multiple teachers
yet misses unbiased knowledge sharing. EMKD neglects
behavior-specific independence and rating distribution ef-
fects. FreqD reweights frequency components but still over-
looks cross-behavior bias and feature homogenization. (4)
Overall, BiCoD outperforms all baselines due to its adver-
sarial counterfactual distillation that suppresses the influ-
ence of non-uniform rating distributions during distillation,
and its bidirectional distillation that promotes knowledge
transfer and behavioral distinctiveness.

Ablation Study
Impact of Stage-aware Bidirectional Distillation. We
compare BiCoD with the following variants to evaluate the
effect of bidirectional distillation: w/o FD: removes forward
distillation; w/o RD: removes reverse distillation; w/o DY:
disables dynamic control by fixing the distillation weights of
both FD and RD to 1; w/o OD: removes online distillation.
Results are shown in Figure 3. Both w/o FD and w/o RD un-
derperform BiCoD. This is because w/o RD leads to homo-
geneous entity representations, while w/o FD fails to lever-
age knowledge from other behaviors to learn representations
for the target behavior. The performance drop of w/o DY
stems from overly strong reverse distillation early on, hin-
dering cross-behavior knowledge sharing, and excessive for-
ward distillation later, which reduces the distinctiveness of
behavior-specific features. The w/o OD variant performs the
worst, as it lacks the mechanism for cross-behavior knowl-
edge sharing, thus limiting feature enhancement.

Impact of Adversarial Counterfactual Distillation. We
set up the following variants to evaluate adversarial counter-
factual distillation: w/o AL (FD/RD) and w/o CD (FD/RD)
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Figure 3: MSE comparison of different variants.

Models Art Music Beauty SoftwareYelp
w/o AL (FD) 0.6133 0.2461 0.6271 0.9905 1.1203
w/o CD (FD) 0.6211 0.2495 0.6492 0.9987 1.1210

w/o AL (RD) 0.6094 0.2433 0.6277 0.9802 1.1144
w/o CD (RD) 0.6159 0.2462 0.6463 0.9871 1.1207

w/o AL 0.6254 0.2489 0.6316 0.9959 1.1234
w/o CD 0.6306 0.2620 0.6561 1.0015 1.1246
w/ CDγ=0.5 0.6251 0.2601 0.6337 0.9967 1.1236
w/ CDγ=1 0.6195 0.2481 0.6277 1.0007 1.1257
BiCoD 0.5963 0.2403 0.6237 0.9798 1.1193

Table 2: Performance comparison of different variants in ad-
versarial counterfactual distillation.

denote variants that remove adversarial learning and coun-
terfactual distillation from forward distillation (FD) or re-
verse distillation (RD), respectively; variants w/o AL and w/o
CD (i.e., γ = 0) remove adversarial learning and counter-
factual distillation from both distillation directions, respec-
tively; and w/ CDγ denotes using a fixed γ without updating
it through adversarial learning. The MSE results are reported
in Table 2. The following insights can be observed:

Compared to BiCoD, variants without adversarial learning
(w/o AL (FD) and w/o AL (RD)) perform worse because they
struggle to effectively learn bias suppression strength and
overfit non-uniform rating distributions, thereby hindering
effective bias suppression. Variants without counterfactual
distillation (w/o CD (FD) and w/o CD (RD)) perform even
worse, since they fail to address the contamination of true
preference modeling caused by rating distribution bias dur-
ing distillation. w/o CD performs the worst, highlighting that
counterfactual distillation is essential for suppressing rat-
ing distribution bias. BiCoD outperforms w/o CD, validating
the effectiveness of adversarial learning. BiCoD surpasses
w/ CD γ, further demonstrating that adversarial learning can
effectively adapt to the evolving student model, thereby fa-
cilitating counterfactual distillation on real-world datasets.
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Figure 4: Loss trend comparison between LCD and LOD.
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Figure 5: Sensitivity experiment on ϕn.

Loss Analysis of Counterfactual Distillation
Figure 4 illustrates the training dynamics of the adversari-
ally optimized LCD (mini-max) and the directly minimized
LOD. In the early stage, θMB primarily focuses on feature
construction and dominates the mini-max adversarial game,
causing LCD to decrease. In the later stages, LCD remains
higher thanLOD because adversarial learning suppresses the
tendency of LCD to exploit data biases to minimize loss,
thereby increasing the difficulty of distillation and demon-
strating the effectiveness of adversarial counterfactual distil-
lation. The smooth trend of LCD suggests that the adversar-
ial mechanism does not compromise training stability, and
its eventual convergence implies that a balance is achieved
between online distillation and bias suppression.

Sensitivity Experiment
Figure 5 shows the model performance when scheduling co-
efficient ϕn is fixed (denoted as w/o ϕn) rather than sched-
uled by the cosine function. It can be observed that the model
performs poorly when ϕn is set either too large or too small,
as the weak distillation strength of RD/FD limits the ability
to transfer knowledge or capture behavior-specific discrep-
ancies. This confirms the effectiveness of the bidirectional
distillation mechanism. Moreover, the model consistently
underperforms with fixed values of ϕn compared to the dy-
namically scheduled BiCoD, validating the necessity of dy-
namically adjusting the distillation strength during training.

Conclusion
This paper proposes a bidirectional counterfactual distilla-
tion framework for review-based recommendation. It uses
adversarial counterfactual distillation to prevent bias prop-
agation through distillation from contaminating users’ true
preferences, and employs stage-aware bidirectional counter-
factual distillation to avoid feature homogenization among
behaviors. Extensive experiments on five real-world datasets
demonstrate the effectiveness of the proposed framework.
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