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Abstract

Multi-behavior recommendation enriches user preference model-
ing by incorporating diverse auxiliary interactions. However, most
existing methods simply treat interactions without target behaviors
as absolute negative feedback. This strategy ignores an important
intermediate state known as user hesitation, where users exhibit
strong intent but fail to complete the final conversion due to various
reasons. Consequently, models cannot distinguish true disinterest
from intended but hesitant behavior, which introduces substantial
noise into preference modeling. To address this issue, we propose a
novel framework named Calibrated Hesitation Analysis for Multi-
Behavior Recommendation via Mutual Information Maximization
(CHARM). Specifically, we aggregate auxiliary behaviors that lead
to successful conversions into latent intent representations and
train an inference network by maximizing the mutual information
between these intents and observed target behaviors. We then ap-
ply this network to auxiliary behaviors without conversion, under
the assumption that the conversion had occurred, in order to infer
latent conversion probabilities and identify high-intent hesitation
candidates. Furthermore, to distinguish genuine hesitation from in-
teraction termination caused by competing item choices, we design
a competitor substitution penalty strategy to refine hesitation con-
fidence scores. Finally, the calibrated hesitation set is incorporated
into the recommendation process to improve ranking quality. Ex-
tensive experiments on three real-world datasets demonstrate that
CHARM consistently outperforms existing state-of-the-art methods.
The source code is available at https://github.com/city59/CHARM.
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1 Introduction

Recommender systems [18, 66] have become indispensable tools for
alleviating information overload [1]. They serve as the core engines
of personalized content delivery in electronic commerce [30] and
online platforms [45]. Within existing paradigms, collaborative fil-
tering (CF) [20, 21, 46], which captures user preferences by mining
latent associations in user-item interaction matrices [41, 63], has
long dominated the field. However, traditional CF methods primar-
ily rely on single target behaviors!such as purchases for model train-
ing [54]. The inherent scarcity of such supervisory signals makes
it difficult for these models to learn high-quality user representa-
tions [27, 58], particularly in data sparsity and cold-start scenarios.
In practice, as interaction ecosystems continue to evolve, user be-
havior patterns have become increasingly diverse, encompassing
various forms such as browsing, favoriting, and adding items to
carts [62]. These heterogeneous interactions not only provide com-
plementary multi-perspective information for preference modeling,
but also involve complex dynamics of user interest evolution and
behavior conversion [35, 56]. As such, they offer valuable opportu-
nities to overcome the limitations of single-behavior modeling and
to construct more expressive and robust recommendation [34].
Multi-behavior recommendation [60, 67] enhances user prefer-
ence modeling through high-frequency auxiliary behaviors and
learned dependencies between auxiliary and target behaviors [23].
These auxiliary signals provide complementary perspectives on

!In this paper, “target behaviors” and “target actions” are used interchangeably. “Suc-
cessful conversion” refers to the occurrence of a target behavior.
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Figure 1: User hesitation from an information-theoretic per-
spective of entropy reduction.

user preferences and help alleviate data sparsity while improv-
ing representation quality [31]. Despite the effectiveness of ex-
isting methods, most approaches [9, 24] implicitly treat all non-
converted auxiliary interactions as homogeneous negative feed-
back or weakly-supervised signals at the target behavior prediction
stage. Although auxiliary behaviors are exploited at the feature
or multi-task level [28], their non-conversion states are rarely fur-
ther distinguished or explicitly modeled. This simplification may
overlook heterogeneous preference signals embedded in different
auxiliary behavior failure patterns, thereby neglecting a critical
psychological state in the user behavior process, namely user hesi-
tation [70]. In practice, users may frequently interact with a partic-
ular item, indicating strong purchase intent, yet ultimately fail to
complete the transaction due to factors such as price sensitivity or
decision paralysis. Treating these hesitation cases as purely nega-
tive samples introduces false-negative noise, confuses the model,
and suppresses the ranking of potentially convertible items [43].
Although highly appealing from an intuitive perspective, ex-
plicitly modeling user hesitation faces two major theoretical and
practical challenges. First, due to the unobservability of hesitation
signals, it is difficult to rigorously define hesitation from a theo-
retical standpoint. As an implicit intermediate psychological state,
hesitation lacks explicit label supervision. This requires models to
infer unobserved states in an unsupervised manner by accurately
quantifying the discrepancy between users accumulated interaction
intent and the absence of final conversion behavior [2]. Second,
substantial causal ambiguity [16, 49] exists behind non-converted
behaviors, making it highly challenging to distinguish genuine
hesitation signals from noise. Frequent interactions with an item
that do not culminate in a purchase do not necessarily indicate
hesitation, as users may instead discover and purchase a superior
competing item during the decision process [64]. In such cases, the
non-conversion of the original item effectively reflects an implicit
rejection rather than hesitation. Without effectively disentangling
this substitution effect, models are prone to misclassifying items
abandoned due to satisfied demand as high-potential hesitation
candidates, thereby introducing severe false-positive noise. This
not only degrades recommendation accuracy but also harms user
experience by repeatedly exposing users to redundant items [6].
To address these issues, we propose the Calibrated Hesitation
Analysis for Multi-Behavior Recommendation via Mutual Infor-
mation Maximization (CHARM). As illustrated in Fig. 1, we view
user decision-making as progressively reducing the uncertainty
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of the eventual target action. Formally, let Z denote a latent in-
tent inferred from auxiliary behaviors and let E denote the target-
domain interaction. Let H(-) be the Shannon entropy, H(- | -) be
the conditional entropy, and I(-; -) denote the mutual information
between two random variables. By the information-theoretic iden-
tity I(Z;E) = H(E) — H(E | Z) [7, 26], a larger mutual information
implies a lower conditional entropy of the target action given the in-
ferred intent (i.e., higher intent certainty w.r.t. the target). Based on
this principle, CHARM identifies hesitation as auxiliary behaviors
that induce highly certain intent about a target action but do not
culminate in conversion. Specifically, we first learn a target-aware
intent representation from auxiliary behaviors that lead to success-
ful conversions, and train a dependency estimator by maximizing
a variational lower bound of I(Z; E) between the inferred intents
and observed target behaviors. Next, we perform virtual interac-
tion modeling to evaluate non-converted auxiliary behaviors by
constructing their hypothetical target-action representations and
scoring their dependency with the inferred intent. The resulting
score is mapped to a continuous hesitation confidence and used to
weight candidate hesitation signals. Finally, to reduce spurious sig-
nals caused by substitution, we introduce a competitor substitution
penalty that downweights demands likely satisfied by competing
items, yielding purified hesitation cues that are incorporated into
the recommendation objective. The main contributions of this work
are summarized as follows:

e We revisit the user decision-making process in recommen-
dation from an information-theoretic entropy reduction per-
spective and highlight the importance of explicitly modeling
user hesitation for mitigating false-negative noise.

e We propose the CHARM framework, which novelly inte-
grates mutual information maximization with virtual inter-
action modeling to effectively discover and quantify implicit
hesitation intent in an unsupervised manner. In addition, we
design a competitor-aware mechanism to eliminate spurious
hesitation signals caused by competing items.

o Extensive experiments on three real-world datasets demon-
strate that our approach significantly outperforms existing
state-of-the-art baseline models.

2 Related Work

2.1 Multi-Behavior Recommendation

Multi-behavior recommendation enriches sparse supervisory sig-
nals by integrating high-frequency auxiliary behaviors and have
become a key paradigm for addressing data sparsity [53]. Early stud-
ies primarily relied on matrix factorization. For example, CMF [44]
alleviates data sparsity by jointly factorizing interaction matrices
of target and auxiliary behaviors and sharing latent representa-
tions across behaviors. In recent years, due to their strong ca-
pability in capturing high-order connectivity, graph neural net-
works (GNN) have gradually become dominant in this area. For
instance, NMTR [15] pioneers a neural multi-task learning frame-
work that constructs a cascaded prediction chain to explicitly model
hierarchical dependencies among behaviors. Building on this idea,
MBGCN [23] further extends behavior dependencies to graph struc-
tures and refines user representations on heterogeneous graphs
through behavior-aware graph convolutional propagation. Beyond
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architectural innovations, CML [52] explores the learning paradigm
by aligning representations across different behavior views via con-
trastive learning, which significantly enhances model robustness
and generalization. However, most of the aforementioned methods
rely on a uniform negative sampling assumption and homogenize all
samples without target interactions as absolute negative feedback.
This coarse-grained treatment overlooks a critical intermediate
state known as user hesitation, causing samples with latent intent
but without final conversion to be mislabeled as negative instances.

2.2 Causal Inference in Recommendation

Recommender systems rely on observational data for model train-
ing. However, such data are inevitably subject to selection bias
and confounding bias. To infer users true preferences from biased
observations, causal inference has been introduced as a core solu-
tion in this domain [16]. Early studies adopted inverse propensity
scoring [4] and doubly robust techniques [14] to eliminate system-
atic bias induced by popularity or exposure mechanisms through
sample reweighting. For example, MF-IPS [42] formulates recom-
mendation as a treatment effect estimation problem and constructs
an unbiased estimator by weighting observed interactions with
propensity scores. More recently, counterfactual reasoning has
attracted increasing attention and is often used to generate aug-
mented samples to alleviate data sparsity. For instance, CASR [50]
synthesizes counterfactual sequence data by modifying interaction
items in user sequences, thereby improving the performance of se-
quential recommendation models under sparse settings. MACR [51]
adopts a model-agnostic causal inference framework that decou-
ples user interest from item popularity through multi-task learning
and removes the direct causal effect of popularity during inference.
However, most existing causal debiasing methods focus on correct-
ing exposure bias, namely distinguishing between non-exposure
and non-interaction, while rarely investigating the deeper causal
mechanisms underlying exposed but non-interacted behaviors.

3 Preliminaries

Let U = {uy,ug,...,up} and I = {iy,ip,...,iN} denote the sets
of M users and N items, respectively. The set of behaviors is de-
fined as B8 = {1,2,..., B}, which includes one target behavior
b* (e.g., purchase) and B — 1 auxiliary behaviors B,yx (e.g., view,
cart, favorite), such that 8 = B,,x U {b*}. For each behavior type
b € B, we define a user-item interaction graph as G, = (V, &p),
where V = U U I is the set of nodes, and &, denotes the set
of observed interaction edges. Based on these interactions, we
categorize user-item pairs into three distinct subsets: (1) Posi-
tive samples &% = {(u,i) | (u,i) € Ep+}, where the user has
performed the target behavior; (2) Candidate hesitation space
E” = {(wi) | (Fb € Bau, (u,i) € Ep) A ((u,i) ¢ Ep+)}, which
consists of pairs where the user has exhibited interest through aux-
iliary behaviors but has not converted; and (3) Negative samples
E™ =(UXTI)\ (Upes Ep), representing pairs with no observed
interactions. Unlike previous works that indiscriminately treat &’
as static negative samples, we posit that this set contains heteroge-
neous signals, encompassing both genuine disinterest (e.g., the user
viewed but disliked the item) and implicit hesitation (e.g., the user
intended to purchase but suspended the decision). Consequently,
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our framework aims to disentangle these sub-populations within &’
to mitigate false-negative noise. The objective of the multi-behavior
recommendation task is as follows: Input: The multi-behavior in-
teraction graphs G = Ujgzl Gyp. Output: A predictive model which
estimates the probability that a user u € U will interact with an
item i € I under the target behavior type b*.

4 Methodology

As shown in Fig. 2, CHARM follows three stages to handle unob-
servable intent, virtual interaction modeling, and disambiguation.
First, we use a LightGCN [19] encoder on the heterogeneous be-
havior graph to learn target-aware representations, and aggregate
conversion-related auxiliary behaviors into latent intent vectors
as intent proxies. Second, we train a mutual information estimator
on converted samples to quantify intent-action alignment, produc-
ing a dependency score indicative of successful conversion. Third,
we apply this scorer to non-converted auxiliary interactions by
constructing target-action representations and evaluating their de-
pendency, where high scores under missing conversion suggest
hesitation. Finally, we add a competitor substitution penalty to re-
duce substitution-induced false positives by downweighting cases
where a competing purchase plausibly explains the non-conversion.

4.1 Multi-Behavior Encoding

We adopt LightGCN as the backbone encoder and apply behavior-
specific propagation on each behavior subgraph. We do so to pre-
serve heterogeneous preference signals, since merging all behav-
iors into a single graph would conflate distinct interaction se-
mantics (e.g., browsing reflects interest exploration whereas cart
additions/purchases indicate stronger intent), leading to seman-
tic smoothing and degraded representations as observed in prior
work [12, 15, 55]. For each behavior view b, we obtain behavior-
specific embeddings by layer-wise averaging:

E6D = A EPUD) p=1, L

1 & b 1 & b

b _ 2: 8 b _ } s

eu——l e, 7, ei——+ll e’
=0 =0

L+1
where E>(D = [eZ’(l) ; eib’(l)] stacks user/item embeddings and A,
is the normalized adjacency of Gj,.

1)

4.2 Mutual Information Learning

4.2.1 Latent Intent Aggregation. Hesitation reflects a mismatch
between a user’s latent decision intent and the realized target ac-
tion [28]. Since intent is unobservable, we infer it from auxiliary
behaviors. Crucially, such intent is not a static user trait but a
goal-conditioned latent state: the same user may exhibit multiple
coexisting intents across categories and price ranges, and only a
subset of historical signals is relevant when assessing a specific
target item. If we aggregate auxiliary behaviors with uniform pool-
ing, incompatible intents (e.g., browsing laptops and shoes) are
conflated, yielding a diluted intent representation that weakens the
identifiability of hesitation and undermines subsequent dependency
estimation between intent and target action.

To address this, we adopt a target-conditioned contextual activa-
tion mechanism: the target item i serves as a contextual stimulus
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Figure 2: Overall framework of CHARM. CHARM learns user and item representations from multi-behavior interaction graphs
via GNN, and jointly models latent intention and hesitation signals using mutual information estimation and a competitor

substitution penalty strategy for recommendation optimization.

that selects and amplifies the auxiliary behavior views most rele-
vant to the current decision. Formally, given user u and target item
i, we use the target-view item embedding ef? as a query to activate
the user’s auxiliary-view representations {ez }be 8,,,- The attention

weight “31‘ is computed as:

Vi @

where Wi, W € R9*4 are trainable projections. We deliberately
use the query from the target graph rather than auxiliary graphs,
because the intent representation is constructed to be predictive of
;’* yields an item-specific intent
z,);, instead of a global preference vector. This target conditioning
is essential for our later mutual information criterion, as it prevents
irrelevant auxiliary signals from artificially reducing the estimated
dependency between intent and target behavior. We then aggregate
auxiliary signals into the latent intent vector:

T b T b
2y =Wh > ab(Wieb), 3)
beByux

(Wep) (Woe? )T
“31‘ = Softmaxpe g, ( “ i ,

the target action: conditioning on e

where Wy projects heterogeneous auxiliary-view embeddings into
a shared intent space before aggregation, and Wp further adapts the
aggregated intent to the target domain for subsequent comparison.
Correspondingly, we define the target interaction representation
under the target view as:

b _ b* b* (4)

e, =€, O€;,

where © denotes element-wise product. This interaction vector
encodes the realized target action and serves as the anchor for
mutual information estimation.

4.2.2  Mutual Information Maximization. Mutual information of-
fers a criterion for hesitation detection by casting it as uncertainty
reduction. The residual uncertainty of the action given intent is
H(E | Z),and I(Z;E) = H(E) — H(E | Z) measures how much
intent reduces this uncertainty; thus, larger I(Z; E) implies lower
H(E | Z) and a more certain intent-action decision state. This also
motivates using mutual information instead of frequency-based
heuristics (e.g., counting auxiliary interactions) [13, 37]. While ad-
ditional auxiliary interactions may provide more evidence, their
count is agnostic to whether this evidence is consistent with a spe-
cific target conversion and is often confounded by user activity
level, since interaction volume does not reveal whether signals
are aligned with the target action, while I(Z; E) directly quantifies
such dependency and is less sensitive to absolute activity. Accord-
ingly, we learn a dependency model on converted samples: high
I(zy)5 eib;;) on &Y indicates that inferred intent strongly determines
the realized action. If a non-converted interaction yields similarly
high inferred dependency, it indicates strong alignment despite
missing conversion, which characterizes hesitation rather than dis-
interest. Formally, I(Z; E) can be defined as the Kullback-Leibler
(KL) divergence [38] between the joint distribution Pzg and the
product of marginals Pz ® Pg:

I(Z;E) = Dx1.(Pzg | Pz ® PE), (5

where || denotes divergence between two distributions and ® de-
notes the product of marginals. Maximizing 1 (zu|i;ez;) on &%
encourages the aggregated intent to be predictive of the realized
target action, yielding a transferable dependency estimator for hes-
itation inference. Since exact mutual information computation is
intractable in high-dimensional spaces [5], we adopt a neural vari-
ational estimator that maximizes a tractable lower bound derived
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from a variational characterization of KL divergence:

DxL(P|Q) = Tsul;{Equ[T(X)] ~ log(Ex~qlexp(T(x))])} . (6)

In our setting, x = (zu|,, e ) and we parameterize T with a depen-
dency estimator f;, (+):

fozugireb) = MLP (25 0 €%, ™

where MLP(-) denotes a Multi-Layer Perceptron. The optimal f;,
under this objective approximates the log density ratio between the
P(zujiely)

P(zui)p ()’
Therefore, fu,(zy);, eZ;) serves as a calibrated dependency score
rather than an arbitrary classifier.

To optimize the lower bound using empirical samples, we con-
struct two types of pairs from converted interactions Given a sam-

joint distribution and the product of marginals, log

pled set S c &, aligned pairs (zy)ir €y, eb ) correspond to samples
from the joint Pzg. We obtain mlsmatched pairs (z,; ~uﬂ (l.)) by
randomly permuting target-action representations within S, which
correspond to samples from the product of marginals Py ® Pg. We
then minimize the following mutual information loss:

Lyt = 10g(E(u,i)€S [ EXP(fw (Zu|i’ éz;(i) ))]) - E(u,i)ES [fw(zu\i: eﬁj )],
®)
where 7(-) is a random permutation operator used to break the
dependence within the batch.

4.3 Virtual Interaction Modeling

Since f;, captures dependency patterns of successful conversions,
applying it to non-converted interactions provides a plausibility
score: a high value indicates strong intent-action alignment despite
missing conversion, which is characteristic of hesitation. We thus
focus on candidate pairs in &. For each (u, i) € &°, we compute Zy)i
from auxiliary behaviors and construct a virtual target-interaction
representation, because the static target-view embedding cannot
reflect the structural effect of an assumed target behavior. To do
this efficiently, we adopt a virtual structural perturbation that in-
tervenes on the user representation without rebuilding the graph.
As LightGCN performs degree-normalized linear neighbor aggre-
gation, inserting an edge (u, i) can be interpreted as adding a new
normalized neighbor contribution from item i that shifts the user
embedding. We approximate the post-interaction state by keeping
the encoder fixed and retaining the dominant local change from
this new one-hop neighbor, while only updating degree-related
normalization terms. Specifically, we estimate the post-interaction
embedding é,lf via linear feature injection:

(INZ'D

VAN T+1)

and ei are embeddings from the frozen target-view

L . 1 .
N N T b ()

AT A

where ez

encoder and Nf " and Nib* denote the set of neighbors. This approx-
imation is motivated by the observation that message-passing GNN
is often dominated by local aggregation, while long-range informa-
tion transmission becomes increasingly difficult as depth increases
due to repeated normalized propagation, leading to phenomena
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such as over-smoothing and over-squashing [3, 29, 36, 40, 47]. Al-
though the above injection ignores higher-order effects after multi-
layer propagation, such local structural perturbations are com-
monly adopted in sensitivity analyses and contrastive objectives
as efficient surrogates of structural changes [59, 69]. We obtain the

virtual target interaction representation e ; following Eq. (4). This

ezi serves as an efficient surrogate of the v1rtual action realization,

capturing the primary structural consequence of the hypothetical
purchase. We then feed the inferred intent z,,|; together with éz ;
into the dependency estimator to compute the hesitation score hy;:

hui =fw(zu|,-,éf;), (10)

where hy,; measures the dependency strength between the user’s
desire and the hypothetical outcome. We assign a probabilistic
confidence weight to each candidate pair to capture the degree of
hesitation. This weight allows downstream modules to adjust their
influence based on model confidence. Specifically, we map the score
hyi to the range (0, 1) using a temperature-scaled sigmoid function:

hyi 1
hes _ Tui) _
i _0( T ) 1+ exp(=hyi/7)’ an

where o(+) is the sigmoid function and 7 controls the sharpness of
the mapping. The resulting weight whes reflects the model’s confi-
dence that (u, i) corresponds to he51tat10n and will be incorporated
into the subsequent substitute item penalty module to modulate
the penalty strength.

4.4 Competitor Substitution Penalty

In some cases, non-conversion reflects indecision, where the user’s
intent is aligned with the target item but the final action is delayed.
In other cases, it reflects substitution, where the user’s underly-
ing demand has been satisfied by purchasing an alternative item i’,
making the non-converted candidate i no longer a pending decision.
Importantly, purchasing an alternative does not deterministically
imply rejecting i (e.g., users may buy multiple similar items such as
clothes). Therefore, we treat substitution as a soft, latent cause of
non-conversion whose role is to suppress substitution-induced false
positives in hesitation labels, rather than enforcing a hard rule. For
each user u, we denote the set of purchased items under the target
behavior b* as 1] = {i’ € I | (u,i’) € E* }. We model substitu-
tion through a demand-satisfaction view [32, 33] from consumer
choice: items can substitute each other if they satisfy a similar
need under the target consumption context. Since substitutability
is context-dependent and may not coincide with surface-level simi-
larity (e.g., different vacation destinations can substitute each other
for a “travel” need), we compute substitute affinity conditioned on
the target-induced intent. Specifically, for a candidate item i and a
purchased item i’ € 7}, we define a substitution evidence score:

suiv = of cos (Wsle! @ z,:], Wslel @z,3])).  (12)

where o(+) is the sigmoid function, cos(-,-) denotes cosine simi-
larity, @ denotes element-wise vector addition, and Wg € RZxd
projects representations into a shared space for comparing substi-
tutes. Intuitively, s, ;» estimates how likely i’ can satisfy the same
demand that drives u’s hesitation on i under the target context. We
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then aggregate the evidence over purchased items by modeling sub-
stitution as a latent event that occurs when at least one purchased
alternative sufficiently satisfies the demand:

1
1— ——suir |, Wie® = whes - (1 ry), (13)

rui =1-— 1_[ ( su,n), wi ui
i'elf V|]u+|

where ry; can be interpreted as the probability that the missing
conversion of i is replaced by substitution. We introduce the fac-
tor 1/ m to normalize substitution evidence, preventing many
weak similarities from cumulatively inflating r,; and maintaining
discriminability across users with different volumes. This aggrega-
tion preserves the dominant-evidence property that motivates max
pooling, while remaining probabilistic and robust to interaction
volume. Accordingly, we downweight hesitation confidence when
substitution is more plausible, so that candidates whose demand
has likely been resolved contribute less as hesitation positives.
Based on the revised hesitation weight, we define the competitor
substitution penalty as a weighted margin ranking loss:

Lsus = Z Z WheS - sy - max(0, Jui — Jui +).

(wi)e&"i'el}}

Su,ii’ + € N b* T b*
y = softplus(log %),yui = (eu ® Zu|i) (ei ® Zu|i),
(14)

where softplus(x) = log(1 + exp(x)) is a smooth approximation of
the ReLU activation function, € is a small constant for numerical
stability, and §j,; and g,;» denote the preference scores. The loss
adopts an evidence-adaptive margin y computed from substitution
evidence, so stronger evidence requires a larger separation between
the purchased competitor i’ and the candidate item i. When s, j;
is small, both the pair weight and y remain small, making the
penalty negligible and avoiding comparisons between unrelated
items. When s, ;; is large, y increases and the constraint §,;» >
Uui + y is emphasized, pushing i’ above i and thereby reducing
substitution-induced false positives.

4.5 Joint Optimization

Finally, we integrate hesitation into the recommendation objective.
Standard BPR [39] treats all items without observed target behav-
ior as negatives and enforces them to rank below observed target
interactions, but this unobserved set can include high-intent items
whose conversion is missing due to hesitation. Such mislabeling
distorts preference learning and blurs the boundary between uncer-
tainty and irrelevance. Unlike prior soft-positive or multi-behavior
methods [11, 22] that often handle non-conversions uniformly or
rely on interaction frequency, CHARM assigns each candidate a
calibrated hesitation confidence and promotes only plausible hesi-
tation cases as intermediate positives. Using the calibrated weight
v'vl}:;s, we treat a high-confidence hesitation item as lying between
observed positives and true negatives and optimize a two-step
pairwise ranking objective. Concretely, for each user u we sample
quadruples (u, i, h, j) from O = {(w,i,h, j) | (u,i) € E*, (u, h) €
&’ (u, j) € &}, and define the recommendation loss as:
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Lpec = - Z

(u.ih,j)€O

(100 i = Gun) + W15 10 0 Gt = 1))

(15)
This objective enforces the ordinal constraint §y; > §,, > fuj
while allowing the model to adaptively control how strongly a
candidate h should be promoted above true negatives. When wg;s
is small, the model avoids over-enforcing noisy or substitution-
affected candidates as intermediate positives; when WBZS is large,
the constraint between h and j is strengthened, reducing the risk
of mistakenly suppressing high-intent yet unconverted items. We
apply WSZS only to the intermediate-to-negative term because the
positive-to-intermediate preference is anchored by observed target
interactions and should be enforced consistently, whereas the main
uncertainty lies in whether h should truly behave as an intermedi-
ate positive rather than a noisy or substitution-affected item. The
overall objective combines the recommendation loss, the mutual

information objective, and the competitor substitution penalty:
L = Lrec + MLy + 22 Lsus + 4310|135, (16)

where © denotes trainable parameters, A and A2 control the contri-
butions of mutual information learning and competitor substitution
penalty, and A3 ||®||% is an Ly regularization term.

4.6 Further Analysis

4.6.1 Time Complexity. CHARM is dominated by multi-behavior
LightGCN propagation and dependence scoring, where Light GCN

over B behavior graphs with L layers costs O(Zg:1 L|&Ep| d); for

each pair (u, i), intent aggregation costs O(|Baux| d), and mutual
information learning with a dependence scoring network incurs
O(|S|d) per mini-batch S; at inference, virtual construction and

scoring over &’ candidates costs 0(|8?| (d +fw(d))), plus an op-

tional substitution term O(|&’|K d) when comparing against K
sampled substitutes, and the time complexity is stable within an
acceptable range.

4.6.2 Space Complexity. CHARM stores behavior-specific user/item
embeddings for B views, requiring O((|U| + |I|) Bd) memory, and

sparse adjacency for each behavior subgraph, requiring O (3, |Ep1);

the parameters of the dependency estimator contribute O(f;, (d)),

typically negligible compared with embeddings.

5 Experiments

5.1 Experimental Setup

5.1.1 Dataset Description. We evaluate CHARM on three multi-
behavior recommendation benchmarks, namely Tmall?, Taobao?®,
and Beibei?. Following the common setting in prior work [34, 61],
we treat the strongest behavior (i.e., purchase) as the target behavior
b* and use the remaining behaviors as auxiliary signals. The dataset
statistics after preprocessing are reported in Table 1.

Zhttps://tianchi.aliyun.com/dataset/53
Shttps://tianchi.aliyun.com/dataset/649
“https://github.com/akaxlh/MB-GMN/tree/main/Datasets
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Table 1: Statistics of datasets.

Stats. ‘ #Users ‘ #Items ‘ #Interactions ‘ #Behavior Type

Tmall
Taobao
Beibei

41,738
15,449
21,716

11,953
11,953
7,977

1.2 x 10° {View, Cart, Purchase}
3.3 % 10° {View, Cart, Purchase}

2.3 % 10° {View, Collect, Cart, Purchase}

5.1.2  Parameter Settings. We implement CHARM in PyTorch. All
model parameters are initialized with Xavier [17] initialization. Un-
less otherwise specified, the embedding size is set to d = 64 and
the batch size is 2048. We use Adam [25] for optimization with
a fixed learning rate of 1le-5. The overall objective is optimized
with loss weights 11 = 0.6 and A2 = 0.2, and we set the L, reg-
ularization coefficient to A3 = 0.001. We conduct grid search for
two key hyperparameters of CHARM on the validation set. Specifi-
cally, the LightGCN propagation depth L is searched in {1, 2, 3, 4},
and the temperature 7 in the hesitation mapping is searched in
{0.1,0.3,0.5,0.7}. All experiments are repeated five times with dif-
ferent random seeds, and we report the average results.

5.1.3  Evaluation Metrics. We evaluate top-K ranking performance
using Hit Ratio (HR@XK) and Normalized Discounted Cumulative
Gain (NDCG@K), with K = 10. Following standard implicit feed-
back evaluation, for each user we rank the ground-truth test item
against a set of randomly sampled unobserved items as negatives,
compute HR@10 and NDCG@10 on the resulting candidate set.

5.1.4 Baseline Models. We compare CHARM with representative
baselines from four categories: (1) Single-behavior models only
use the target behavior and treat unobserved target interactions as
negatives, including MF-BPR [39] and LightGCN [19]. (2) Multi-
behavior models without multi-task learning incorporate aux-
iliary behaviors but do not explicitly formulate multi-task objec-
tives across behaviors, including NMTR [15], MBGCN [23], and
KHGT [55]. (3) Soft-positive and causal multi-behavior base-
lines either assign soft positives for implicit feedback or multi-
behavior learning, or incorporate causal reasoning to mitigate
confounding. Specifically, the causal baselines include PDA [68],
DecRs [48], CausalD [65], and CVID [10], while the soft-positive
baselines include CDR [8], MBA [57], and SoftRec [11]. (4) Multi-
behavior models with multi-task learning explicitly couple
behaviors via multi-task objectives or cross-behavior transfer mech-
anisms, including CML [52], RCL [53], PKEF [34], and COPF [61].

5.2 Performance Comparison

Table 2 reports the overall comparison between CHARM and all
baselines. First, CHARM achieves the best results on all three bench-
marks for both HR@10 and NDCG@10, and consistently improves
over the strongest baseline on each dataset by 7.67% on Tmall, 8.68%
on Taobao, and 7.70% on Beibei, suggesting strong robustness across
different behavior distributions and sparsity levels. Target-only
methods are uniformly weaker than multi-behavior approaches,
which confirms that auxiliary behaviors provide crucial evidence for
intent inference when purchases are sparse; for example, CHARM
substantially outperforms LightGCN on all datasets, indicating
that target-view interactions alone cannot recover the evolving
intent signals contained in auxiliary feedback. Second, soft-positive
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Table 2: The overall performance comparison. The best re-
sults are highlighted in bold and the second-best results are
underlined. * represents significance level p-value < 0.05 of
comparing CHARM with the best baseline.

Tmall Taobao Beibei

HR NDCG HR NDCG HR NDCG
MF-BPR 0.0228 0.0156 0.0074 0.0030 0.0186 0.0054
LightGCN | 0.0398 0.0206 0.0406 0.0244 0.0394 0.0212
NMTR 0.0451 0.0228 0.0505 0.0263 0.0345 0.0270
MBGCN 0.0550 0.0281 0.0508 0.0297 0.0471 0.0254
KHGT 0.0599 0.0308 0.1180 0.0662 0.0534 0.0259
PDA 0.1089 0.0517 0.1009 0.0500 0.1067 0.0518
DecRs 0.1231 0.0649 0.1108 0.0532 0.1178 0.0593
CausalD 0.1433 0.0794 0.1327 0.0787 0.1399 0.0817
CVID 0.1643 0.0840 0.1512 0.0791 0.1577 0.0924
CDR 0.0959 0.0535 0.0868 0.0492 0.0911 0.0513
MBA 0.1261 0.0780 0.1179 0.0720 0.1235 0.0724
SoftRec 0.1588 0.0899 0.1487 0.0878 0.1516 0.0914
CML 0.0532 0.0284 0.0682 0.0632 0.0429 0.0303
RCL 0.0835 0.0441 0.1249 0.0737 0.0559 0.0325
PKEF 0.1281 0.0724 0.1390 0.0780 0.1129 0.0576
COPF 0.1656 0.0913 0.1649 0.0842 0.1588 0.0898
CHARM | 0.1803* 0.0972* | 0.1766* 0.0968* | 0.1750* 0.0972*
%Improv. | 8.88% 6.46% 7.10% 10.25% | 10.20% 5.19%

Model

and causal multi-behavior baselines are strong competitors be-
cause they soften supervision or reduce bias, but their signals are
typically generic and do not explicitly determine whether a spe-
cific non-conversion reflects hesitation or is explained by other
mechanisms, so false positives can still be introduced. CHARM
strengthens this line by grounding the intermediate signal in target-
conditioned intent and intent-action alignment, and further sup-
pressing substitution-induced false positives, which yields cleaner
training supervision and stronger top-K ranking performance than
softening or debiasing alone. Third, strong multi-behavior encoders,
including both graph-based and multi-task variants, benefit from
heterogeneous supervision and perform competitively (e.g., KHGT
and COPF on Taobao), yet CHARM still improves upon them, im-
plying that representation fusion across behaviors is not sufficient
when the semantics of missing conversions are ambiguous. In real-
istic logs, auxiliary interactions often mix exploratory and decisive
intents, and non-conversion can be caused by hesitation or sub-
stitution rather than irrelevance, which leads to noisy gradients
if treated as uniformly negative; CHARM mitigates this by cali-
brating auxiliary evidence into a target-conditioned intermediate
preference signal and using it selectively in optimization.

5.3 Ablation Study

5.3.1 Impact of the Key Components. Table 3 reports ablations of
CHARM to isolate the contribution of each component. The first
block removes one major module from the full framework, including
the Backbone (reducing to Light GCN), w/o Attn that replaces intent
aggregation with uniform pooling, w/o MI that replaces the learned
dependency estimator with cosine similarity, w/o VIM that disables
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Table 3: Performances of different CHARM variants.

Tmall Taobao Beibei
HR NDCG| HR NDCG| HR NDCG
Backbone 0.0398 0.0206 | 0.0406 0.0244 | 0.0394 0.0212
w/o Attn 0.1664 0.0905 | 0.1654 0.0904 | 0.1672 0.0920
w/o MI 0.1681 0.0914 | 0.1666 0.0907 | 0.1644 0.0905
w/o VIM 0.1720 0.0937 | 0.1701 0.0939 | 0.1698 0.0947
w/o Reweight | 0.1755 0.0916 | 0.1727 0.0915 | 0.1719 0.0933
w/o SUB 0.1738 0.0921 | 0.1719 0.0923 | 0.1693 0.0934
w/o Ordinal | 0.1652 0.0899 | 0.1648 0.0895 | 0.1667 0.0918
Uniform 0.1652 0.0875 | 0.1619 0.0863 | 0.1603 0.0885
HardSet 0.1766 0.0941 | 0.1737 0.0948 | 0.1721 0.0958
Heu-Freq 0.1707 0.0913 | 0.1651 0.0895 | 0.1664 0.0916
Sub-no-w 0.1771 0.0955 | 0.1752 0.0954 | 0.1737 0.0964
CHARM 0.1803 0.0972 | 0.1766 0.0968 | 0.1750 0.0969

Model

virtual target-interaction construction and uses the static target
interaction representation, w/o Reweight that removes substitution-
aware reweighting while keeping the substitution loss, w/o SUB
that drops the substitution loss while still using the reweighted
hesitation confidence, and w/o Ordinal that reverts the ordinal ob-
jective to standard BPR. The second block examines signal-level
choices, including Uniform (equal weights for all hesitation can-
didates), HardSet (hard thresholding), Heu-Freq (frequency-based
hesitation scores), and Sub-no-w (training the substitution loss with-
out modulating it by calibrated hesitation confidence).

Across datasets, removing any major component consistently
degrades performance, indicating that CHARM gains from a cou-
pled pipeline rather than a single isolated design. Among the intent
and calibration modules, both w/o Attn and w/o MI show clear de-
clines, suggesting that target-conditioned intent construction and a
learned, calibrated intent-action dependency estimator is crucial for
separating plausible missing conversions from weak exploratory
interest. Compared with w/o VIM, the full model yields consistent
improvements, supporting that explicitly modeling the structural
effect of an assumed purchase produces a more faithful action rep-
resentation than a static target interaction vector and therefore
enables more reliable hesitation scoring. In addition, substitution
modeling and ordinal training act as necessary complements: w/o
Reweight and w/o SUB underperform CHARM, implying that sup-
pressing substitution-induced false positives is important, while
w/o Ordinal shows that treating hesitation candidates as an inter-
mediate preference level provides a stronger optimization signal
than collapsing training back to standard ranking.

The signal-level variants further suggest that the gains do not
come from naive reweighting or heuristic soft positives. Uniform is
consistently the weakest among strategy variants, indicating that
indiscriminately promoting all candidates introduces substantial
noise. Heu-Freq also lags behind CHARM, showing that interaction
counts are an unreliable proxy for hesitation even though they pro-
vide a form of supervision. HardSet improves over several weakened
variants, which implies that filtering extremely noisy candidates
can help, but it remains inferior because hard selection discards
the calibration offered by confidence weights. Finally, Sub-no-w is
competitive yet still below CHARM, suggesting that substitution

Cheng Li et al.

Table 4: Detailed ablation study on structural perturbation
and substitution modeling.

Tmall Taobao Beibei
HR NDCG| HR NDCG| HR NDCG
Virtual Interaction Modeling
VIM-NaiveAdd 0.1739 0.0932 | 0.1711 0.0936 | 0.1710 0.0945
VIM-ScaleOnly 0.1714 0.0927 | 0.1708 0.0932 | 0.1691 0.0947
VIM-2HopComp | 0.1809 0.0986 | 0.1771 0.0977 | 0.1758 0.0974
VIM-Recompute | 0.1811 0.0982 | 0.1774 0.0979 | 0.1764 0.0977
Substitution Modeling Strategy

Variant

(i) Evidence

Sub-ItemOnly 0.1769 0.0942 | 0.1732 0.0936 | 0.1728 0.0955
Sub-NoProj 0.1780 0.0964 | 0.1743 0.0956 | 0.1738 0.0962
(ii) Aggregation

Sub-MeanPool 0.1775 0.0957 | 0.1740 0.0944 | 0.1732 0.0953
Sub-MaxPool 0.1791 0.0966 | 0.1754 0.0965 | 0.1743 0.0961
(iii) Weighting
Sub-FixedMargin | 0.1759 0.0940 | 0.1728 0.0937 | 0.1712 0.0952
Sub-NoSWeight | 0.1746 0.0939 | 0.1713 0.0929 | 0.1705 0.0943
Sub-NoWWeight | 0.1765 0.0957 | 0.1732 0.0940 | 0.1721 0.0957
CHARM 0.1803 0.0972 | 0.1766 0.0968 | 0.1750 0.0969

constraints are most effective when coupled with calibrated hes-
itation confidence so that the penalty concentrates on genuinely
ambiguous non-conversions rather than being applied uniformly.

5.3.2  Impact of Structural Perturbation. Table 4 presents an abla-
tion study on two key components of CHARM, namely structural
perturbation and substitution modeling. For structural perturba-
tion, we compare four virtual variants: VIM-NaiveAdd, which adds
the item embedding to the user embedding without graph normal-
ization, VIM-ScaleOnly, which only applies degree-based scaling,
VIM-2HopComp, which introduces a second-order compensation
term for two-hop effects, and VIM-Recompute, which inserts (u, i)
and reruns message passing to obtain the virtual embedding. VIM-
NaiveAdd and VIM-ScaleOnly perform substantially worse than
CHARM, indicating that simple additive or scaling interventions
do not capture the structural semantics of a hypothetical purchase.
VIM-Recompute achieves the best performance, confirming that
explicitly modeling structural change is beneficial, but it is compu-
tationally impractical because it requires rerunning the encoder for
each candidate. VIM-2HopComp brings only marginal gains while
noticeably increasing runtime due to denser aggregation and the
extra compensation term. Overall, CHARM’s first-order residual
injection achieves a better accuracy efficiency trade-off, retaining
comparable performance to higher-fidelity variants with essentially
the same training cost as the base setting.

5.3.3 Impact of Substitution Modeling . Substitution modeling is
ablated along three design dimensions: evidence, aggregation, and
penalty weighting. For evidence, Sub-ItemOnly computes cosine
similarity using only item embeddings and performs worse than
CHARM, implying that item-only similarity is insufficient to cap-
ture context-dependent substitutability; Sub-NoProj removes the
projection layer Ws and improves over Sub-ItemOnly, which sug-
gests that learning a suitable space for measuring substitution ev-
idence is beneficial. For aggregation, Sub-MaxPool outperforms
Sub-MeanPool, indicating that emphasizing the strongest substitute
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Figure 3: Impact of LightGCN propagation layers L.
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Figure 4: Impact of temperature parameter 7.

signal is more effective than averaging across all purchased items,
although both remain below CHARM, which yields a more reliable
aggregation of evidence. For penalty weighting, Sub-FixedMargin
and Sub-NoSWeight degrade performance, showing that the penalty
should adapt to the strength of substitution evidence rather than
using a fixed margin or ignoring s, ;i; Sub-NoWWeight also un-
derperforms, confirming that calibrated hesitation confidence whes
is important for focusing the penalty on truly ambiguous non-

conversions instead of uniformly penalizing all candidates.

5.4 Hyperparameter Analysis

5.4.1 Impact of LightGCN Layers. Fig. 3 shows CHARM’s perfor-
mance under propagation depths L € {1,...,5}. Performance im-
proves substantially from L = 1 to L = 3, indicating that moderate
high-order neighborhood aggregation helps capture intent signals
beyond direct interactions, which is important under sparse target
behaviors. The best results at L = 3 suggest a favorable balance be-
tween leveraging collaborative structure and avoiding noise. When
L > 3, performance declines, because deeper propagation increas-
ingly mixes heterogeneous and less relevant signals and aggravates
over-smoothing, making node representations less discriminative.

5.4.2  Impact of the Temperature Parameter. The temperature 7 con-
trols the sharpness of the hesitation o(hy;/7), and thus the effective
boundary between high-intent hesitation and low-confidence noise.
We sweep 7 € {0.1,0.3,0.5,0.7,0.9} and observe a clear ridge on
Tmall (Fig. 4, Left), with the best performance at 7 = 0.3 and a
sharp collapse at very small temperatures. This behavior is ex-
plained by the gradient profile of the sigmoid (Fig. 4, Right): when
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Figure 6: Case study of user u353 interpreting hesitation con-
fidence and substitution score.

7— 0, the mapping approaches a hard step function and induces se-
vere gradient vanishing (e.g., non-activated samples yield near-zero
gradients, preventing effective back-propagation and collapsing
training), whereas when 7 grows toward 1, the mapping becomes
overly flat/linear, producing nearly uniform weights that weaken
discrimination between true hesitation candidates and noise. The
setting ¢ = 0.3 achieves the best trade-off. It preserves enough
nonlinearity for discriminative weighting while maintaining stable
gradient flow, so we fix 7 = 0.3 in all subsequent experiments.

5.5 Universality and Explainability

5.5.1 Universality of Penalty Strategy. To verify the universality
of our strategy, we conduct a compatibility study by incorporating
the competitor substitution penalty into five representative multi-
behavior baselines (MBGCN, CML, CVID, SoftRec, and COPF) and
reporting results on Tmall in Fig. 5. We observe consistent im-
provements for all backbones after adding the penalty, including
strong methods such as SoftRec and COPF. This suggests that even
high-capacity multi-behavior models can misinterpret substitution-
driven non-conversions as a lack of interest. A reason is that stan-
dard objectives treat missing purchases as uniformly negative evi-
dence, so items that are actually high-intent but replaced by com-
petitors are pushed down during optimization. Our penalty provides
an explicit corrective signal by down-weighting such ambiguous
negatives and encouraging the model to preserve the ranking of
truly high-intent candidates. Importantly, the gains hold across
qualitatively different learning paradigms, indicating that the sub-
stitution phenomenon arises from data generation and user choice
behavior rather than from a particular encoder design.

5.5.2  Case Study. Fig. 6 shows a user-level case illustrating how
CHARM detects hesitation from multi-behavior logs and distin-
guishes it from substitution. By maximizing mutual information,
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CHARM assigns high hesitation confidence to several non-converted
candidates, suggesting that they are plausible missing conversions
rather than uniform negatives. The right panel further demon-
strates how CHARM refines such candidates by accounting for
substitution. Although item i1462 initially receives a high hesitation
confidence (0.84) from intent-action alignment, CHARM identifies
that the user has purchased a highly plausible competing alternative
that can satisfy the same demand. Consequently, the substitution
module substantially downweights its contribution, reducing the
calibrated hesitation weight of i14¢2 from 0.84 to 0.21. This adjust-
ment prevents CHARM from incorrectly promoting a candidate
whose missing conversion is better explained by demand satisfac-
tion through a competitor purchase, while still retaining high-intent
candidates that are not supported by strong substitution evidence.

6 Conclusion

In this work, we study user hesitation in multi-behavior recom-
mendation, where high-intent items may remain unconverted and
are easily misinterpreted as negatives. We propose CHARM, a uni-
fied framework that estimates hesitation as the strength of intent-
action alignment via virtual structural perturbation, and further
calibrates the inferred signals by accounting for competitor sub-
stitution. By turning non-conversions into calibrated intermedi-
ate preference signals rather than uniformly negative feedback,
CHARM improves ranking quality and reduces redundancy caused
by substitution-induced false positives. Extensive experiments on
benchmark datasets demonstrate consistent gains over strong multi-
behavior baselines, and ablations validate the importance of each
stage in the inference pipeline. Future work includes improving
causal modeling with richer interventions and incorporating finer-
grained choice contexts (e.g., time, budget, and category constraints)
to better distinguish substitution from multi-purchase behavior.
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