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Abstract.  Existing studies on bundle construction have relied
merely on user feedback via bipartite graphs or enhanced item repre-
sentations using semantic information. These approaches fail to cap-
ture elaborate relations hidden in real-world bundle structures, re-
sulting in suboptimal bundle representations. To overcome this lim-
itation, we propose RaMen, a novel method that provides a holis-
tic multi-strategy approach for bundle construction. RaMen utilizes
both intrinsic (characteristics) and extrinsic (collaborative signals)
information to model bundle structures through Explicit Strategy-
aware Learning (ESL) and Implicit Strategy-aware Learning (/SL).
ESL employs task-specific attention mechanisms to encode multi-
modal data and direct collaborative relations between items, thereby
explicitly capturing essential bundle features. Moreover, ISL com-
putes hyperedge dependencies and hypergraph message passing to
uncover shared latent intents among groups of items. Integrating di-
verse strategies enables RaMen to learn more comprehensive and ro-
bust bundle representations. Meanwhile, Multi-strategy Alignment
& Discrimination module is employed to facilitate knowledge trans-
fer between learning strategies and ensure discrimination between
items/bundles. Extensive experiments demonstrate the effectiveness
of RaMen over state-of-the-art models on various domains, justifying
valuable insights into complex item set problems.

1 Introduction

Bundle construction, which focuses on grouping relevant items into
appealing offers, is an increasingly valuable strategy in marketing
for both physical stores and e-commerce platforms across various in-
dustries [43, 34, 28]. Beyond driving revenue growth, well-crafted
bundles can enhance the customer experience by introducing vari-
ety and mitigating decision fatigue. Traditional bundle design has re-
quired manual effort from retailers, being not only time-consuming
but also costly, making it difficult to scale across large datasets [34].
The emergence of automatic bundle manufacturers has garnered at-
tention from researchers due to its scalability and efficiency [28, 34].

Most approaches oversimplify the complex strategies behind
decision-making processes by relying on noisy datasets where bun-
dles are defined using unreasonable heuristics [12, 34, 43]. For ex-
ample, some studies equate collaborative items with bundles without
considering the context-specific nature of such combinations [23, 8].

* Corresponding author: lhquynh@vnu.edu.vn
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Others rely on user-generated lists in niche domains like music [17]
or gaming [32], limiting their general applicability. These studies
often overlook the underlying rationale for bundling decisions, as-
suming that historical bundles are readily available for recommenda-
tion purposes, which is unrealistic in many real marketing scenarios.
State-of-the-art (SOTA) studies [27, 28, 11] on bundle-related tasks
predominantly rely on user feedback, represented through bipartite
graphs with LightGCN [16], or attempt to enhance item representa-
tions using semantic data [25]. Yet, such approaches often lead to
suboptimal bundle representations, making it difficult to accurately
capture the underlying structure of real-world bundling strategies.
In practice, successful bundle creation hinges on leveraging the
inherent relationships between products, enabling businesses to de-
velop combinations that meet specific customer needs [34]. To build
potential bundles, it is vital to consider both intrinsic (characteristic)
and extrinsic (collaborative) information of products, ensuring align-
ment with particular customer intents or preferences. Moreover, bun-
dles are often tailored to target distinct customer groups or particular
intentions, such as those curated by style, age, or price segmentation,
etc. [34]. Thus, modeling shared latent attributes among items plays
a significant role in determining optimal bundling tactics.
Approaches and Contributions. To address these limitations,
we introduce RaMen, a novel framework that systematically mod-
els the bundle construction process through a multi-strategy multi-
modal learning paradigm. RaMen leverages both intrinsic (seman-
tic) and extrinsic (collaborative) information to effectively capture
the latent structure of bundles. This is achieved by incorporating
two key components: Explicit Strategy-aware Learning and Implicit
Strategy-aware Learning. The Explicit Strategy focuses on encod-
ing essential bundle characteristics by utilizing task-specific atten-
tion mechanisms, which highlight direct item relationships and rele-
vant semantic information as our first contribution. Meanwhile, Im-
plicit Strategy-aware Learning employs hypergraph message passing
and hyperedge dependency matrices to uncover shared latent intents
among item groups, capturing deeper implicit interactions that tra-
ditional models overlook as our second contribution. By integrating
multi-strategy representations, RaMen constructs more comprehen-
sive and generalizable bundle representations. Furthermore, Multi-
strategy Alignment & Dispersion is designed to enhance knowledge
transfer between learning strategies while maintaining discrimina-
tion between different object representations. As our final contribu-
tion, extensive experimental evaluations substantiate the efficacy of
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RaMen, revealing its ability to deliver novel insights and robust solu-
tions to bundling problems. To the best of our knowledge, this study
is the first to model the collaborative relationships and characteristics
of items, combined with learning shared attributes between them, to
identify the hidden intents of each constructed bundle.

2 Related Work

With the rapid growth of e-Commerce, studies related to complex
sets of items such as next-basket recommendation [21, 29], bundle
recommendation [33], and bundle construction [28] have garnered
significant attention as a means of improving business revenue and
reducing monotonous recommendations based on cross-selling con-
cepts. Although research on bundle recommendation focuses on sug-
gesting predefined bundles based on user interactions [26, 37, 2, 3],
our objective in bundle construction is to predict collections of items
to create bundles that fulfill specific needs to attract users [28, 27].
Traditional bundle recommendation approaches are based on prede-
fined criteria [43] and matrix factorization [32] to capture and lever-
age user preferences. Recent advancements in deep learning have
significantly improved the performance of bundle recommendation
systems, including attention-based techniques [6], graph neural net-
works [4, 40], contrastive learning [26, 40], and generative meth-
ods [2, 3] but are still based purely on tripartite relations between
user-bundle, bundle-item, and user-item pairs. Meanwhile, appropri-
ately constructed bundles can enable the system to deliver more ef-
fective and targeted recommendations [34, 33].

Bundle construction tasks concentrate on completing partial bun-
dles by identifying and selecting missing items from a pool of can-
didate products [28, 27, 34]. This process enables systems to auto-
matically construct comprehensive and diverse bundles that better
cater to a broad range of consumer preferences, ultimately enhancing
product recommendations and improving user satisfaction. Common
approaches in bundle construction leverage user-item interactions to
uncover item-to-item relationships, thereby learning hidden bundle
patterns to model the ultimate bundle representations [4, 8, 10]. Bun-
dle representation learning consistently lies at the core of bundle-
oriented challenges. Sequential models, such as Bi-LSTM [15], were
employed to capture relations between consecutive items. However,
as bundles are inherently unordered, conventional sequential models
struggle to fully capture pairwise correlations. To tackle this issue,
attention mechanisms [6], Transformers [37], and graph neural net-
works (GNNs) [30] have been utilized to model both pairwise and
higher-order item relationships. Despite these advances in item cor-
relation modeling, limited attention has been paid to multimodal in-
formation, leading to construct bundles that lack coherence in their
item characteristics as well as meaningless intents [34].

The integration of multi-modal data proves effective in addressing
key challenges such as data sparsity and cold-start issues [24, 28].
In the context of product bundling, several methods have leveraged
multi-modalities to improve item representation learning. Recent
SOTA model CLHE [28] leverages self-attention mechanisms [36]
to fuse multi-modal features with user feedback, focusing on ad-
dressing data sparsity and cold-start issues. However, CLHE [28] im-
proves the learning process by solely incorporating multi-modal fea-
tures and a bipartite item-user graph with LightGCN [16] that can not
model rigorous relationships between anchor items and accessories
to determine primary intents of bundles. Another approach employs
a multi-modal encoder along with cross-modal and cross-item con-
trastive loss to better capture item-to-item relationships [27]. CIRP
thrives on employing cross-item relation to provide the pre-training

model of item representations [27]. Furthermore, some promising
approaches integrate large language models (LLMs) into the bun-
dle construction process, enhancing the model’s understanding of re-
lationships between different modalities semantically [25, 35]. The
available results are remarkable, but authoritative studies have not yet
been able to effectively address the modeling of corporate strategies
based on both collaborative relationships and item characteristics.

SOTA models on related tasks mostly rely on bipartite graphs with
LightGCN via user feedback [26, 28, 42, 41, 11], or attempt to en-
hance item representations merely using semantic data [25]. They
often lead to suboptimal bundle representations, making it difficult
to capture accurately the underlying structure of real-world bundling
strategies. Different from previous works [28, 33, 34], our multi-
strategy multi-modal learning paradigm aims to thoroughly model
the collaborative relationships and characteristics of items, combined
with learning shared attributes among items/bundles, to grasp the
more comprehensive intents of each constructed bundle. Compared
to the closest method, CLHE [28], we inherit the design of their eval-
uation protocol and input-output flows because CLHE is the pioneer
and SOTA research on multimodal bundle construction. As men-
tioned above, CLHE solely incorporates multi-modal features and an
item-user graph with LightGCN that can not model rigorous relation-
ships between anchor items and accessories to determine the primary
intents of bundles like RaMen. Meanwhile, ESL of RaMen not only
encodes essential bundle characteristics by attention mechanisms,
but also models association among items via our item-item graph.
Notably, our refined attention-based propagation on item-item graph
can learn more comprehensive associations among items, represent-
ing a significant improvement over the ubiquitous user-item Light-
GCN. Moreover, to tackle the issues mentioned about multi-strategy
bundle construction, our ISL is designed to uncover shared latent
intents among item groups. Besides the integration of two prime en-
coders, we devise MAD module to enhance knowledge transfer be-
tween learning strategies while maintaining discrimination between
different items/bundles.

3 Methodology

Section 3 presents the overall architecture of RaMen as Fig. 1 for
bundle construction tasks, consisting of four main modules: (i) Ex-
plicit Strategy-aware Learning, (ii) Implicit Strategy-aware Learning,
(iii) Multi-strategy Alignment & Discrimination, and (iv) Retrieval &
Joint Optimization.

3.1 Preliminaries

3.1.1 Problem Formulation.

For the tasks of bundle construction, let Z = {zk}‘kﬂl, u =

{uk}zﬂl, B= {bk}lkzil represents a set of items, users, and bundles,
respectively. Relied on historical user behaviors, the user-item inter-
action is collected formally as a binary matrix X € {0, 1}'”‘ 1T
where X, ; = 1 indicates user u interacted with item ¢, and X, ; =
0 otherwise. Likewise, the bundle-item affiliation is defined in matrix
Y € {0,1}/B*Zl where Y} ; = 1 if bundle b contains item 7, and
Y,,; = 0 otherwise. In particular, each bundle b = {ij ‘:‘:1 €B
is a collection of pertinent items. We establish the training set of

bundles as B = {bk}‘,il C B, and testing set of bundles as

R |B]
B = {bk}k:\ng

seed items from each unseen testing bundle b € B, the objective of

C B. Given partial bundle b containing a few
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Figure 1.

bundle construction is to efficiently predict the deficient items {b\ b}
to capture the comprehensive bundle. The training process complies
with an auto-encoder approach [28], where the entire items within
the bundle are considered as the input, and the same set should be
predicted as the output.

3.1.2  Semantic Information Extraction.

Inherited from [24, 28], the textual and visual features of each item
are derived from large-scale multi-modal feature extractors, repre-
sented as {mf € R¥mt m? ¢ Rime }, where din: and dp,, denote
the dimensions of the textual and visual embeddings. Textual infor-
mation, such as the item’s title and description, is encoded into mﬁ,
while images are encoded into mj. The encoded visual and textual
embeddings are respectively transformed into a unified latent space
via specialized refinement MLP networks such as MLPY, MLP' to
mitigate the misalignment caused by dimensional differences across
modalities [22, 24]. This process is derived as follows:

{ = MLP"(m}), p; = MLP'(mj), ey

where p?, pt € R are aligned embeddings after dimension adjust-
ment, ensuring consistency across modalities.

3.1.3 Item-level Collaborative Relation Construction.

Learning collaborative signals based on user-item graphs [24, 28]
may introduce noise when propagating higher-order collaborative
signals. To tackle this limitation, an item homogeneous graph Gz =
{Z, &z} is designed to learn direct influences among items, where Z
and &7 = {e;;|i,j € I} represent the set of vertices and edges.
An item co-purchased matrix E € R s first computed, where
E = X" - X. The direct relation e; ; between each pair of items 4, j
is established by discretizing the weighted matrix E with threshold
€ into an unweighted version to facilitate information propagation,
derived as e; ; = 1if E; ; > € A # 7, and 0 otherwise’.

3.2 Explicit Strategy-aware Learning
3.2.1 Characteristic Strategy Encoder.

Given the assumption that bundle construction is driven by enter-
prises leveraging distinctive characteristics [34, 43], this module

2 This work can be developed more robustly by adaptively filtering noisy
edges in the graph instead of empirical selection across diverse domains.

aims to synthesize relevant multi-modal features across items within
each bundle, optimizing the bundling strategy from a characteristic-
based perspective.

Multi-modal Fusion. The obtained semantic embeddings s , .,
along with the initialized ID embedding uﬁd in the same latent space
R? are synthesized into multi-modal item representation p; € R2xd
through concatenation-based fusion, mathematically represented as:

pi = E(T, (1] || ), pi"), @)
where Wp € R4*2? is the linear transformation matrix, and || de-
notes the vertical concatenation of the semantic features. Besides, =
performs horizontal concatenation, synthesizing these components
into the multi-modal feature matrix of items.

Characteristics-based Item Encoder. Leveraging the proven ef-
fectiveness of attention mechanisms [36] and the diverse aspects of
item features in recommender systems [9, 24], RaMen employs self-
attention techniques to compute correlation scores between item-
level multi-modal characteristics, formalized as:

1 _ _ _
p<”—softmax< NT& 5wl (50 e?) )ﬁi-l RN )

correlation score of item characteristics

where UX and \Iﬁ2 € R**? represent the key and query projection
matrices. The feature matrix at layer [-th, denoted as [)El) € R¥x4,
evolves from the initial features pg ) =

p(Ll) € R?*? of item 7 is produced after L, attention layers, and the
corresponding characteristic vector p; € R? is subsequently com-
puted by mean pooling over the feature matrix ﬁ(Ll ),
Characteristics-based Bundle Encoder. RaMen is capable of
capturing the critical semantic features of items, enhancing the bun-
dle construction process by focusing on the intricate correlations be-
tween multi-modal characteristics. With the obtained item embed-
dings, the bundle characteristics is formed by concatenating the em-
beddings of components, expressed as p, = Z({p: }iecs). The bun-
dle representation is refined through Lo attention layers, defined as:

~(1) _ L AUV (507D wQ ~(1-1)
p softmax( Up ( w ) )p ,
b \/3 ’ )

correlation score of bundle characteristics

p,. The feature matrix

where ﬁ,()l) denotes the feature matrix of bundle b in layer [-th with
the initial value p( ) = 0y UE \IIQ R**9 represent the learnable
projection matrices. After refining through L, attention layers, we
adopt mean pooling to each bundle feature matrix p( 2) , aggregating
the ultimate bundle characteristic p, € R® correspondingly.

3.2.2 Collaborative Strategy Encoder.

Given the assumption that an effective bundle construction strategy
should leverage item-level collaborative relations to align logically
with user expectations, Collaborative Strategy Encoder employs ad-
vanced attention mechanisms [1, 30] to effectively propagate high-
order collaborative signals with weighted causal influences among
nodes of graph Gz underlying various contexts. The propagation of
item neighborhood features is derived as:

exp (q;)go(\llm)si + ¥, 4 A))

2 jren €XP (OI(TTL)@(‘I’(")Si + s + A))

(n)

g

(&)
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where q(,) € R4 is a learnable context vector; Si,8; € R4 represent
the embeddings of item ¢ and j; A denotes the bias weights; and
N denotes neighborhood set of item 4. The symbol ¢ presents the
activation function LeakyReLU. Compared to conventional attention
techniques in GNN [13], we employ specialized transformation ma-
trices ¥ (™ &™) ¢ R*? for the target-item node ¢ and source-item
node j at the n-th context to mitigate overfitting. The ID embeddings
of items are adopted as input to Collaborative Strategy Encoder.

The final representation c; € R? of item i is aggregated after N
contexts, derived as follows:

(n) _ (n) g
S, ~ = Z a; ;W sy,
JEN;

X (6)
ci=pg Y s+ (1P
n=1

where s§"> € R? signifies the latent representation of item i at the
n-th layer, 5 modulates the impact of the residual connection on the
enhanced item embedding. Thereby, the Collaborative Strategy En-
coder obtains the bundle embedding ¢, € R? through the mean ag-
gregation of the embeddings of items within bundle b.

The obtained representations of items/bundles from Characteristic
Strategy Encoder and Collaborative Strategy Encoder are aggregated
to compute Explicit Strategy-aware embeddings g and g; for bundle
b and item ¢, derived as follows:

gi =vpi + (1 —v)c, @)
gv = 7Py + (1 —7)cp, ®)

where ~ controls the effect of embeddings from different encoders.

3.3 Implicit Strategy-aware Learning

The hypergraph architecture [14, 13, 38], which extends beyond-
pairwise relations, enables the latent representation of both intra-
bundle and inter-bundle relations by modeling shared attributes
among items as hyperedges. To effectively capture implicit strate-
gies within groups of items, we introduce learnable hyperedge em-
beddings W,,, € R7*¢, designed to encode latent attributes specific
to each modality m € {t,v}, where H represents the number of
hyperedges and t, v respectively denote textual/visual features. The
dependency matrices for hyperedges and items/bundles are formally
constructed as follows:
m m T m mo\ T

FI:MI (Wm)7 FB :Y(FI)a (9)
where F7* € RIZ>H and F* € RIBXH are item-hyperedge
and bundle-hyperedge dependency matrices, respectively; M7' =
{p]" }iez is the feature matrix of modality m. The matrix F7* aims
to capture the connections between items and hyperedges, grouping
similar items under shared attributes. Besides, the matrix Fj3* reflects
how bundles are indirectly associated with hyperedges via the items
they contain. The stronger the affiliation between a bundle and items
linked to latent attributes, the more likely the bundle’s strategy is
aligned with that attribute. Inspired by [38, 14], Gumbel-Softmax
reparameterization technique [18] is adopted to mitigate the impact
of noisy connections between items/bundles and hyperedges, defined
as follows:

10)

£™ = softmax (loge —log(1-6) + £ ) ,

T

where £ € RY represents the relation vector of item ¢ with hy-
peredges in the fine-grained dependency matrix F}”; each value of
the noise vector € is sampled from a uniform distribution in range
[0,1]; and temperature parameter 7 is empirically selected as 0.2.
Likewise, we obtain the fine-grained bundle-hyperedge matrix E, b
These fine-grained dependency matrices are then leveraged to prop-
agate item and bundle attributes relied on each modality, derived as:

¢ = B ()T

. . (11)
& = B (BT o)
where ¢»;"’(z) is the embedding of item ¢ corresponding to modality
m at the z-th hypergraph layer, specifically ¢>;”’(O) = c;. The fi-
nal representations of Implicit Strategy-aware Learning are obtained
after propagating Z hypergraph layers as follows:

¢i:aD< > ¢:’“<Z>>, qsb:av( > ¢{,”’<Z>> (12)
me{v,t} me{v,t}

where ¥ is L, normalization function, d)Zn’(Z) and (f):,n’(Z) € R?
are embeddings of item ¢ and bundle b corresponding to modality m
obtained after Z hypergraph layers, respectively.

3.4  Multi-strategy Alignment & Discrimination

We apply the contrastive loss, specifically InfoNCE [31], to align
the representations of the same item or bundle generated by differ-
ent strategies and ensure the separation of embeddings correspond-
ing to distinct items or bundles within the embedding space. This
technique leads to more coherent and discriminative representation
for each item or bundle. The item-level contrastive loss for multi-
strategy learning is derived as:

fhy =23 —log <P (cos(gn )/T)) 3
|Z| = > jer €XP (cos(gi, b,)/7)
where cos(+) performs cosine similarity function. The bundle-level
contrastive loss £Z2 is derived similarly. The objective loss of Multi-
strategy Alignment & Discrimination module is to reconcile different
strategy-based representations as:

Larap = Lor + L, (14)

3.5 Retrieval & Joint Optimization
3.5.1 Retrieval.

To estimate the possibility that item ¢ belongs to bundle b, we adopt
the inner product to compute score o ; from multi-strategy repre-
sentations, as follows:

Obi =88 + B (15)

Ground in the steering study of [28], the negative log-likelihood
(NLL) is employed as the primary optimization objective after ob-
taining the score o} ;. By using NLL loss, the model learns to assign
higher scores to items that are likely to belong to a bundle while min-
imizing scores for irrelevant items. Here, the NLL loss for optimizing
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Table 1. The statistics of four benchmark datasets in diverse domains for

bundle construction.

Dataset #U #1 #B #B-1 #U-I Avgl/B  Avgl/U  U-I Dens.
POG 17,449 48,676 20,000 72,224 237,519 3.61 13.61 0.0073%
Spotify 118,994 254,155 20,000 1,268,716 36,244,806 63.44 304.59 0.1198%
Electronic 888 3,499 1,750 6,165 6,165 3.52 6.94 0.1984%
Food 879 3,767 1,784 6,395 6,395 3.58 7.28 0.1931%
prediction is defined as:
1 1 exp(op,:)
Lnir = B E 7] E —Lies log ZT,(U) , (16)
|B] bel i€T jez €XPLOb,;j

where 1;¢; represents an indicator function that equals 1 if the com-
ponent item ¢ belongs to the bundle b, and 0 otherwise.

3.5.2  Joint Optimization.

The overall objective function £ is composed of the defined loss
functions combined with a regularization term, formulated as:

L=CLnrr+MLyvap + X2 O|3, (17)

where the hyperparameter A; controls the impact of contrastive-
based loss, and A2 denotes regularization weight with all the train-
able parameters © of model.

4 Experiments

We conduct extensive experiments to evaluate the effectiveness of
RaMen, and analyze the significance of its main components. More-
over, some qualitative showcases accentuate the superior perfor-
mance of RaMen compared to CLHE. Our repository is available
on GitHub to facilitate reproducibility and extension.

4.1 Experimental Settings
4.1.1 Datasets and Evaluation Protocols.

We utilize four datasets in diverse domains [5, 7, 34], as detailed
in Table 1. POG [7] considers fashion outfits as bundles, and many
music tracks in the same session of Spotify [5] are treated as bun-
dles. Bundles of Food and Electronic [34] are constructed with
high-quality metadata and meticulous intents. Pre-trained BLIP [20]
is adopted to extract visual and textual embeddings across these
datasets. To make fair comparisons with baselines, this work inherits
the features extracted from baseline work [28] for Spotify and POG.
We split all bundles into train:valid:test sets with aratioof 7 : 1 : 2
for four datasets. Within the valid set and test sets, items in each bun-
dle are randomly masked as the target items to be predicted, while the
remaining items form the partial bundle [28]. The ubiquitous retrieval
metrics [13, 24, 28, 34], such as Recall@K (RQK) and NDCG@K
(NQK), are employed to evaluate the prediction of models.

4.1.2 Comparative Baselines.

Based on the groundbreaking work in bundle construction task [28],
we take into account the following baselines®: Bi-LSTM [15], Hy-
perGraph [39], Trans [37], TransCL [28], GAT [1], CLHE [28].
In this study, GAT utilizes a graph attention mechanism to propagate
high-order bundle-item affiliations, then computes the ultimate pre-
diction as other comparative models. Meanwhile, the other baselines
are followed to the experimental setups of Ma et al. [28].

3 Due to space limitation, ‘Trans’ is an abbreviation for the ‘Transformer’-
based model.

4.1.3 Implementation Details.

According to related works [26, 28, 30, 34], RaMen adopts Xavier
initialization and Adam optimizer [19], setting the prevalent config-
uration including the embedding size as 64, the batch size as 1024,
the learning rate as le — 3 and regularization weight as le — 5.
The hyperparameters are tuned by empirical studies, according to
the related studies we inherit for each module. Inherited [41, 42],
€ is tuned in increments based on dataset size. The values of
Ly, Lo, N, Z are empirically explored within range {1,2,3,4,5},
and € is set as 5 for POG, 450 for Spotify, 1 for Food/Electronic
relied on its interaction distribution. The number of hyperedges H
is chosen across {4, 8,16, 32,64}, and ,, A1 are tuned in range
{0.1,0.2,...,0.8,0.9}. RaMen is implemented using PyTorch, and
trained on NVIDIA A100 80GB GPUs & T4 15GB GPUs. Baselines
are conducted in the same configuration and acknowledged avail-
able results in the steering work by Ma et al. [28]. Bi-LSTM results
should be merely acknowledged according to [28], as we could not
reproduce the same performance on Spotify. Our repository is avail-
able on Github via https://github.com/Rec4Fun/RaMen.

4.2 Performance Comparison

Table 2 demonstrates RaMen’s effectiveness and adaptability in var-
ious scenarios with different domains and distributions, proving its
superior performance in bundle construction compared to SOTA ap-
proaches. The most significant improvements are indicated on bench-
mark datasets with small-sized bundle structures targeting specific
intents, where RaMen achieves up to 77.31%, 66.61%, and 32.04%
higher w.r.t RQ20 compared to the strongest baseline CLHE on Elec-
tronic, Food, and POG, respectively. Besides, RaMen significantly
outperforms all competitive attention-based architectures, such as
Trans, TransCL, GAT and CLHE, exemplifying its ability to com-
prehensively encode essential features hidden in both characteristic
and collaborative strategies. Despite dealing with noise in learning
target strategies for large bundles caused by numerous high-impact
items within each bundle [30, 37], RaMen maintains modest yet
steady gains on Spotify, especially in terms of ranking performance.
We attribute this robustness to RaMen’s ability to dexterously model
distinct decision-making strategies while integrating MAD module
to enhance knowledge exchange between them. These observations
prove RaMen adeptly exploits both explicit and implicit strategies,
combining their potential to facilitate optimal decisions in this task.

4.3 Ablation Study
4.3.1 Effect of different important components.

This study systematically removes the Characteristic Strategy En-
coder (w/o CrSE), Collaborative Strategy Encoder (w/o CbSE), Im-
plicit Strategy-aware Learning (w/o ISL), Multi-strategy Alignment
& Discrimination (w/o MAD), textual (w/o T), and visual (w/o V)
features to investigate the impact of RaMen’s core components in
optimizing bundle construction strategies. As shown in Table 3, the
findings underscore the significance of learning explicit strategies.
Notably, w/o CrSE causes a more significant performance degrada-
tion than w/o CbSE on the sparse dataset POG, revealing the essence
of capturing intrinsic information when extrinsic information is lim-
ited. Conversely, denser datasets like Electronics and Food show sub-
stantial drops in performance w/o CbSE, emphasizing the importance
of understanding item relations in informed bundling decisions.

In addition, removing ISL leads to notable performance declines,
particularly on POG, where detailed item descriptions promote tar-
geting specific fashion segments. This highlights the effectiveness
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Dataset | Metric | Bi-LSTM  HyperGraph TransCL ~ GAT  CLHE | RaMen | %1
R@10 0.0101 0.0113 0.0145 0.0160 0.0144  0.0213 | 0.0264F | 23.94

POG N@10 0.0072 0.0074 0.0097 0.0109 0.0098  0.0160 | 0.0191F 19.38

R@20 0.0170 0.0207 0.0215 0.0202 0.0208  0.0284 | 0.0375% | 32.04

N@20 0.0097 0.0111 0.0114 0.0134 0.0118  0.0193 | 0.0226% 17.10

R@10 - 0.0306 0.0552 0.0593 0.0506  0.0689 0.0695 0.87

Spotify N@10 - 0.0923 0.1587 0.1698 0.1493  0.1950 | 0.2060% 5.64
R@20 0.0833 0.0572 0.0875 0.1014 0.0824  0.1081 0.1091 0.83

N@20 0.1486 0.0941 0.1460 0.1696 0.1390  0.1806 | 0.1882% 421

R@10 0.0352 0.0616 0.1952 0.2355 03536 0.4407 | 0.7410% | 68.14

Electronic N@10 0.0242 0.0344 0.1294 0.1562 0.2643  0.3300 | 0.5104F | 54.67
R@20 0.0574 0.0928 0.2555 0.3050 03943 0.4721 | 0.8371F | 77.31

N@20 0.0298 0.0430 0.1456 0.1757 02812 0.3390 | 0.5373% | 58.50

R@10 0.0189 0.0712 0.2453 0.2346 0.3793 04557 | 0.7575% | 66.23

Food N@10 0.0071 0.0379 0.1783 0.1769 0.2806  0.3237 | 0.5028% | 55.33

R@20 0.0350 0.1055 0.3137 0.3088 0.4097  0.5077 | 0.8459% | 66.61

N@20 0.0114 0.0478 0.1983 0.1985 0.2917  0.3386 | 0.5242% | 54.81

Table 2. Overall performances of RaMen compared with competitive baselines on four benchmark datasets from diverse domains. The best results are in
bold, and the second best results are underlined. The symbol § indicates statistically significant improvements over the second-best models with
p — value < 0.05 obtained through the average performance of five runs of each model.

Dataset | Metric |  w/o CrSE w/o ChSE w/o ISL w/o MAD wloV w/o T
poG | R@20 | 002085 s 003011075 003351067 00348700, 003321147 0.0293 (0 57)
N@20 | 0011947 55) 00209755 00202102 002107 05) 00204675  0.0171(25 51
spotify | K20 | 01028(577)  00995(5so) 01071y 00080101, 01041 uss) 01055500,
N@20 | 01772(15 1)  0.0662(11 g0)  0.1863(1 o1, 018381051  0.1806(,4 01  0.1830( 5 o)
Electronic | K@20 [ 0737611 o) 03560 57 17) 0808155  0.7836(550) 07383(,1150) 075160101,
N@20 | 04780(11 os) 02595(5170) 0.5253( 1505 05035620 046561541 04936 s 13
Food | R@20 | 07870 605 0373255 0811605  O8I84(505 07951601 08112, )
N@20 | 04815515 027886 s1) 051225050, 05104005 04966507 049785 o)

Table 3. Ablation study on different vital components of RaMen. The figures in subscription with the symbol | denote the % reduction of performance when
each component of the proposed model is omitted.

of our intuition in modeling latent shared attributes among items.
These observations also explain the significant effect of textual/visual
features on POG compared to other datasets. Fundamentally, the
model derives most of its critical information from the two encoder
mechanisms employed in Explicit Strategy-aware Learning (ESL).
Meanwhile, ISL serves as a complementary module, which enables
the system to construct more productive bundles by enriching item
and bundle representations through alignment with latent shared at-
tributes. Besides, the experiments of *Only ISL’ were also conducted
and yielded extremely low results. This detection is expected, as this
setting merely operates on primitive semantic embeddings of items
combined with randomly initialized IDs. Completely omitting ESL
prevents the model from capturing essential aspects of bundle con-
struction strategies, such as distinctive characteristics and interde-
pendence among items, which makes bundle representation almost
meaningless. Thus, the inclusion of *Only ISL’ evaluation is deemed
unnecessary, as its modest impact can be inferred from the perfor-
mance drop observed when ISL is omitted. Finally, the considerable
decreases in performance w/o MAD demonstrate that RaMen’s multi-
strategy learning architecture, enhanced by transferring supervision
signals through MAD module, enables a more comprehensive and
robust grasp of product bundling.

4.3.2  Impacts of critical hyperparameters.

In practice, each domain (music, fashion, etc.) has different priorities
in weighting strategies for producing bundles. In this work, empiri-
cal studies for hyperparameters are referred to in the related studies

POG POG
0.0395 0.0326 0.0381 0.0276
-5 R@20

0.0339 0.0272 0.0369 0.0260
o o o —— N@20
N 0.0282 0.0218 N (N 0.0357 0.0245 N
@ 0.0226 0.0163 @ @) 0.0344 0.0229 @
['4 -5 R@20 2 -4

0.0170 0.0109 0.0332 0.0213

—— N@20
0.0113 0.0054 0.0320 0.0197
0.10.20.30.4 0.5 0.6 0.7 0.8 0.9 2 4 8 16 32 64
Hyperparameter y Numbers of Hyperedges H
Electronic Electronic

0.9571 0.5673 0.8871 0.5473

0.8478 0.4958 0.8545 0.5087
o o o o
(N 0.7385 0.4243 (N (N 0.8218 0.4702 N
©0.6291 0.3523© ©0.7891 0.4316©
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Figure 2. Impact of v, H on RaMen’s performance.

where we modeled each component, and tuned it using grid search.
These observations are clarified with the aim of providing the essen-
tial value range and insights for extending further work.

Figure 2 shows the impact of key hyperparameters on the
model’s performance, specifically the control parameter -y in Explicit
Strategy-aware Learning and the number of hyperedges H in Im-
plicit Strategy-aware Learning w.r.t RQ20 and N@20. The findings
demonstrate that RaMen’s performance is highly sensitive to v and
H, requiring careful tuning to achieve optimal performance. RaMen
can adapt the effect of collaborative strategy (directly susceptible to
data sparsity) and characteristic strategy through ~. In essence, the
sparser the data, the more crucial the characteristic encoder becomes.
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Figure 3. Impact of hyperparameter N on RaMen’s performance.

In particular, the fluctuation of -y further reinforces the critical role of
both CbSE and CrSE on different data domains, as discussed. As ~y
increases, the performance of RaMen initially improves, reaches an
optimal value, and then declines across both datasets. This behavior
can be attributed to the role of 7y as a balancing parameter, which reg-
ulates the relative contributions of multi-modal features and collab-
orative signals in the Explicit Strategy-Aware Learning module. An
improperly tuned value of v may disrupt this balance, causing one
encoder to dominate the other, ultimately leading to suboptimal per-
formance. Regarding the hyperparameter H, both small and large-
scale datasets benefit from a relatively low number of hyperedges (4
or 8), which conserves memory for computational resources while
maintaining competitive performance.

The figure 3 illustrates the impact of varying the number of our
refined attention layers (/V layers) in the item-item graph component
of ESL on RaMen'’s performance, evaluated on R@Q20 and N @20.
Two datasets (Electronic and POG) are shown to demonstrate the di-
versity in data size and sparsity. Besides, similar observations are ob-
tained on other datasets. As shown in figure 3, the gain in the sparser
dataset POG is more modest. The optimal number of attention layers
varies: 2 for Electronic, 4 for POG. This indicates that the struc-
ture and density of the item-item graph significantly influence how
deep the network should be. In both datasets, stacking too many lay-
ers (e.g., value of 5) degrades performance, due to oversmoothing - a
common issue in GNNs where node representations become indistin-
guishably similar. More layers allow for the capture of higher-order
relationships as well as multi-context interdependence among items
in the bundle construction problem, but they also increase the risk of
propagating irrelevant or redundant information, especially in large
or noisy graphs. The oversmoothing problem is also easily obtained
with hypergraphs via the observation of H.

4.4  Qualitative Showcases

The results validate the effectiveness of multi-strategy multi-modal
learning for automatic bundle construction, particularly in practical
scenarios like bundles in POG (bundles with IDs as 2234 and 18762)
and Electronic (bundles with IDs as 507 and 1090), which is aim-
lessly selected among sets of prominent predicted cases and depicted
in Figure 4. In both scenarios, RaMen demonstrates superior capabil-
ity in capturing bundling strategies compared to the state-of-the-art
model CLHE, particularly in retrieving complementary items aligned
with user intents. In contrast, CLHE primarily relies on semantic in-
formation and fails to exploit complex relations among items, re-
sulting in not only biases towards substitute products (e.g., mem-
ory cards, cameras in Electronics; and pants in POG), but also the
misconception of product segmentation (e.g., POG bundle aimed at
men’s fashion). Notably, in the first example, 5 out of the 10 items
predicted by CLHE are shoes, which, although similar to the ground
truth, reveal a tendency of CLHE to over-rely on multi-modal fea-
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Figure 4. Practical studies of top-K item candidates of RaMen compared
to CLHE across the POG and Electronic dataset. The green box surrounding
the item’s image denotes the item that the model has correctly predicted.

ture similarity. This approach often results in the prediction of alter-
native rather than complementary items, a limitation in cases such
as fashion bundles, where a balanced selection of items is crucial.
In the third example, most of the items predicted by RaMen belong
to the "Car & Vehicle Electronics" category, aligning well with the
partial bundle’s intent. In contrast, none of CLHE’s predictions are
relevant to the bundle’s intended purpose. This highlights RaMen’s
superior ability to grasp bundle intents, a strength likely driven by the
hypergraph structure in its Implicit Strategy-aware Learning mod-
ule, where items with related information may be strongly connected
with the same hyperedges. By explicitly leveraging item character-
istics and collaborations and integrating implicit shared attributes,
RaMen overcomes these shortcomings of SOTA models. Moreover,
these observations provide valuable insights into how multi-strategy
approaches can further improve performance in the recommendation
of complex item sets [21, 34, 28, 33].

5 Conclusion

This study introduces RaMen, a novel bundle construction approach
that effectively integrates intrinsic and extrinsic information using
Explicit and Implicit Strategy-aware Learning. Through extensive
experiments across multiple domains and datasets, RaMen con-
sistently outperforms state-of-the-art methods. Moreover, RaMen
demonstrates robustness in handling noise within large bundle struc-
tures by effectively modeling distinct decision-making strategies and
facilitating knowledge transfer between them. Experiment analyses
demystify RaMen’s ability to model and integrate diverse decision-
making strategies, providing a comprehensive and robust framework
for solving bundle construction. Our insightful illustrations can fur-
ther explore handling even larger bundle structures and refine strat-
egy alignment techniques for complex item set recommendations.
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