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1 An Overview of the Proposed Thesis

The proposed thesis is centered on personalized recommendation and user profil-
ing on a wide-range of dynamic online platforms where behavioral observations
for users may be limited in volume and quality. In recent times, a wide-range
of media platforms, on-demand services, e-commerce and other consumer facing
platforms have incorporated social elements and content-creation, soliciting user
participation in dynamic interactive settings. For instance, users on the Yelp
platform participate in a follower-followee network 1 where users may create and
interact with review content. Similarly, community question-answer platforms
(CQA) incoporate interactions between users and collaboratively authored con-
tent 2, often over diverse domains and discussion threads.

This setting poses new and exciting challenges in dealing with the scale and
multi-modality of behavioral telemetry. Further, the economic aspects and po-
tential of these platforms are changing and small transactions are increasingly
profitable at scale. Thus, consumer models prioritize serving a diverse large pool
of users, most of who produce limited interaction data for inferencing, with an
ever-expanding inventory of content and products in a context-driven personal-
ized environment. Dealing with skew in the user population also has ties to the
emerging domain of fairness in AI. We identify two critical avenues for progress.

First, we must generate personalized inference with limited user-level interac-
tion data, although aggregate volumes of data are often very extensive. Second,
our frameworks and models must be malleable and adaptive to keep pace with
the rapid influx of users, new and varied content, and the addition of new ser-
vices and applications on these platforms. These two challenges form the basis
of this dissertation. The unifying theme is to do more with less in the context
of user profiling with the confluence of new and emerging themes in Machine
Learning, Information Retrieval and AI.

1.1 Tackling the Sparsity and Skew of Behavioral Data

In the presence of dynamic, multi-faceted observations of users (where facets are
data modalities such as clicks, image views, video playbacks etc.), the sparsity

1 https://neo4j.com/docs/graph-algorithms/current/yelp-example/
2 https://stackoverflow.com/



2 Adit Krishnan

problem is exacerbated by the large resultant space of user activity [21]. Further,
no one view is sufficient, we might need to consider different subsets of the avail-
able behavioral data and the associated data facets for different applications.
While a pre-determined set of data facets could help us leverage domain knowl-
edge to address sparsity (e.g., how are clicked images linked to videos the user
watches), it does not generalize to other facets or a different prediction objective.

Further, long tailed distributions are a fundamental characteristic of human
activity, owing to the bursty nature of human attention [1]. As a result, skew is
often observed in data facets that involve human interaction. For instance, spe-
cialized topics have a smaller number of followers and even fewer active authors
in Community Q&A forums [28]. This has a strong impact on profiling mod-
els, they are effective on the active subset of users who display more common
behavioral traits while proving ineffective on long-tail users.

The third and fourth chapters are dedicated primarily to data-driven mod-
eling solutions to these challenges. In Section 3, we identify the key connection
between sparsity and skew. Identifying more informative groups in the presence
of skew helps us bridge the lack of data for individual users, while the converse
is also true, better inference for sparse users would help us create more coherent
groups to begin with. In Section 4, we zoom in on the skew challenge, focused
on the inventory side of recommendation. We propose an architecture agnos-
tic adversarial framework to guide neural models with time-evolving penalties
when the recommender fails to identify personalized niche (or long-tail) items
for users, given their purchase histories and global item co-occurrences. In effect,
we learn the hardest aspects of the entity association structure as the model is
trained, and then apply this learned knowledge towards bridging these gaps in
the training process. This strategy learns-to-learn, generalizes classical neighbor
models [38], i.e., it adaptively identifies and focusses on the hardest samples in
the item association structure.

1.2 Malleable and Adaptive Recommendation Frameworks

Malleable frameworks for model development are easier to adapt to new appli-
cation scenarios and recommendation objectives. Under model malleability and
adaptability, we focus on two key angles in Section 5 and Section 6. The first is
the explicit multi-modal data setting where users interact and generact multiple
discrete modes of data [85]. On most platforms, there is a central or primary
mode such as item purchases on e-commerce platforms, however social links and
reviews could be secondary or auxiliary modes of purchase data. The second
angle is that of generalizing to more than one platform or dataset, i.e., platform
agnostic modeling, where there is a shared mode of data. For instance, two very
different e-commerce platforms could still share contextual purchase data as a
common data modality even if the user and item sets do not overlap.

Simulataneous progress in both directions, multi-modal integration as well as
platform agnostic modeling, will result in the most malleable or flexibile frame-
works to build and train user-profiling models. Not only in terms of the types of
user-generated data, but also across datasets, such as sparse and dense datasets
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or platforms. Finally, for future work we aim to explore the gradient feedback
obtained by training recommender models as a transferrable latent factor in the
absence of explicitly shared data modalities. In effect, our work aims to overcome
the weaknesses of brittle one-time models. As recommendation morphs into con-
textualization, personalized search and behavior modeling at scale, we expect
the central themes of this thesis to be increasingly relevant in such a setting.

2 Related Work

While collaborative recommendation itself has attracted massive volumes of
work, mostly directed towards neural recommendation models in recent times [16],
[34], addressing data sparsity has proceeded along a few traditional routes which
we discuss below. On the other hand, the modeling implications of the pareto
nature of behavioral data, especially when segmented by user preferences are rel-
atively unexplored. Malleability and adaptation of the trained models is a central
theme in gradient-based meta-learning [10], but we will discuss in greater detail
the challenges associated with gradient-based meta-learning in recommendation.

Clustering is one common way to address activity sparsity by modeling be-
haviors at the level of entity groups; representative methods include cluster-based
smoothing [78], user-item co-clustering [76], and joint clustering and collabora-
tive filtering [43]. However, clustering in the presence of behavior skew can lead
to uninformative results, e.g., Sato et al. [58] show that when topic models do
not account for activity skew, the resulting topics are less descriptive. In contrast
to explicit clustering, we explore implicit data-driven entity groups to regularize
representations learnt by base neural recommenders. Beutel et al. [3] propose a
bayesian approach with Pitman-Yor priors to group users with limited history
and capture skewed product ratings; while this approach can capture aggregate
skew in cluster size, it does not alleviate interaction sparsity.

Cross-domain recommendations via shared entities is a popular route
to alleviate sparsity, where transfer-learning methods have found partial success
in mitigating interaction sparsity. In the pairwise user-shared (or item-shared)
cross-domain setting, the interaction structure in the dense domain is leveraged
to improve recommendations in the sparse domains. State-of-the-art techniques
include co-clustering via shared entities [45], [69], structure transfer to align
the principal components of the user and item subspaces [49], [11], [51], or a
hybrid approach involving both [18]. However, existing methods are limited to
pairs of domains with shared entities, and do not scale to the many-sparse-target
setting. In this proposal, we move beyond shared entities, to investigate the more
ambitious non-overlapping scenario, e.g., meta-transfer grounded on interaction
context, and moment consistencies to facilitate nothing-shared model transfer.

Recent work to address activity skew with external data include
social [40], group-based [6], knowledge-aware recommendations [67]. Jiang et
al. [22] propose sparsity-aware tensor factorization for user behavior analysis, to
regularize user representations with auxiliary data source(s) (e.g., author-author
citations in academic networks); however quadratic scaling (in the number of
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entities) imposes severe computational limits on such methods. Prior efforts to
integrate social structure in the latent interest space primarily employed static
hypotheses [38], [20], while being unable to explicitly prioritize specific prefer-
ences originating from different contacts based on the context. [6], [82] address
group recommendation through multi-task learning over individual and group
interactions; these methods do not account for skew in group (and user) interac-
tions, which results in models that over-fit to either data source. Our approach
is fundamentally different: we propose regularization strategies that are not only
agnostic to the models used in each source, but also enhance expressivity to
contextually utilize relevant information from each data source.

There is limited work that addresses recommendation systems using n-ary
(n ≥ 3) information sources (i.e., multi-modal data). Zhang et al. [85], [35]
introduce multi-task learning frameworks that integrate source-specific neural
representation models though static regularizers. Instead, we adopt contextually
weighted regularizers that either align or disentangle the central information
source with the auxiliary sources.

An alternative view of developing models for information sources, is to de-
fine a Heterogeneous Information Network (HIN) [61], that includes the
interactions among the entities of different types, across multiple sources. A few
recent efforts by Wang et al. [68], [67] utilize Graph Neural Networks (GNNs) [77]
to synthesize information from the connectivity in HINs, thus enriching entity
representations. However, existing GNN implementations cannot scale to large-
scale recommendation settings with multiple sources, since they either store the
entire graph in GPU memory [24], [65] (infeasible for real-world applications) or
incur expensive neighbor sampling costs at each layer [14].

Building malleable representation models is also a central theme in
gradient-based meta-learning. Recent work [10], [33] employs the gradient mag-
nitude of a base-learner model as a measure of its plasticity for few-shot adapta-
tion (i.e., with a small number of samples) to multiple semantically similar tasks.
However, the base-learner is often constrained to simpler architectures (such as
shallow neural networks) to prevent overfitting [62] and furthermore, requires
multi-task gradient feedback at training time [10]. This strategy does not scale
to the embedding learning problem in Collaborative Filtering. This strategy
does not scale to the embedding learning problem in latent-factor collaborative
recommendation, especially in the many-sparse-target setting. Instead, in Sec-
tion 6, we incorporate the core strengths of meta-learning and transfer learning
grounded on contextual predicates in recommendation.

3 Unified Mitigation of Behavioral Skew and Sparsity

This chapter addresses the challenge of learning robust statistical representations
of participant behavior on online social networks. Graphical behavior models
have found success in several social media applications: content recommenda-
tion [54], [80], behavior prediction [55], [84], user characterization [44] and com-
munity profiling [5]. Despite the large sizes of these social networks (e.g. several
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million users), developing robust behavior profiles is challenging due to the heavy
tailed nature (a small set of users account for most interactions) with temporally
sparse users. Furthermore, user activity styles and topical interests are highly
skewed within the population, complicating the inference of prototypical be-
havior types. Figure 1 shows a typical example of behavior skew and temporal
sparsity in AskUbuntu3, a popular online Q&A forum.

Past work addresses one of the challenges (either sparsity or skew) separately
in graphical behavior models, but do not adopt a unified approach to learn
representations. Clustering is one common way to address sparsity [79], [56].
However, using clustering techniques in the presence of behavior skew can lead
to uninformative results. For example, when topic models do not account for skew
(e.g. Zipf’s law), the resulting topics are less descriptive [59]. The use of suitable
priors such as the Pitman-Yor process [52] (visualized via Chinese Restaurant
Process; CRP) over the cluster sizes is a way to deal with skew [4]. However, a
direct application of the CRP prior to behavior models cannot address sparsity
since behavior profiles are still learnt at the user-level and inactive users degrade
the ability to learn robust latent representations.

Our main technical insight is to simultaneously address behavior skew and
temporal sparsity of inactive users. Our key innovation in addressing sparsity and
behavior skew lies in how we “seat” users onto tables. In effect, we adopt three
concrete lines of attack. Profiles should be learned from data at the granularity
of a table (or equivalently, a group of users), not at the user-level, behavioral
similarity should guide user seating on these tables and we discount common
behavioral profiles to identify niche behaviors in the presence of skew. We refer
to our model as CMAP (CRP-based Multi-facet Activity Profiling) in the rest
of this paper.

3 https://askubuntu.com/

Fig. 1: Dominant Action Types and Content are highly skewed in Ask-Ubuntu.
User presence also exhibits steep power-law (η ≈ 3) indicating several inactive
users. Behavioral skew and data sparsity are both prominent challenges.

https://askubuntu.com/
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To summarize, we propose a partitioning scheme that adapts to varying levels
of behavior skew to uncover niche behavior profiles and simultaneously addresses
user-level sparsity. Our framework can be adapted to a large class of graphical
behavior models that incorporate different facets of data. It is hard to account
for the distributional properties of different combinations of facets that varied
applications require us to model. We thus employ a non parametric approach,
while traditional LDA based models [54] (a popular thread in text mining and
behavior modeling) are imherently unsuited to skewed data facets.

3.1 Problem Definition

Let U denote the aggregate user set. Users employ a set of discrete actions A to
interact with content generated from vocabulary V. A user interaction d (atomic
unit of participant activity) is a tuple d = (a,W, t), where the user performs
action a ∈ A on content W = {w1, w2 . . . | wi ∈ V} at time-stamp t ∈ [0, 1]
(normalized appropriately). We denote the set of all interactions of u ∈ U as Du.
Thus the collection of interactions in the dataset is D =

⋃
u∈U Du.

Inter-participant social links are represented by a directed multigraph G =
(U , E). A directed labeled edge (u, v, `) ∈ E represents an interaction of user u,
du ∈ Du(e.g. “answer”) in response to an interaction of user v, dv ∈ Dv (e.g.
“ask question”) with label ` ∈ L indicating the nature of the exchange (e.g.
“answer” → “question”). We denote the set of all social interactions in which
user u is involved by Lu, so that E =

⋃
u∈U Lu. Our goal is to obtain a set of

activity profiles R describing discrete observed behavior types, and infer user
representations Pu, u ∈ U as mixtures over the inferred profiles r ∈ R.

3.2 Model Description

Attacking the Skew-Sparsity Challenge: We begin by formally discussing
the Pitman-Yor process [52] and then highlight challenges in the presence of spar-
sity. The conventional Chinese Restaurant arrangement induces a non-parametric
prior over integer partitions (or indistinguishable entities), with concentration
γ, discount δ, and base distribution G0, to seat users across tables (partitions).
Each user is either seated on an existing table x ∈ {1, . . . , χ}, or assigned a new
table χ+ 1 as follows:

p(x | u) ∝


nx−δ
N+γ , x ∈ {1, . . . , χ}, existing table,

γ+χδ
N+γ , x = χ+ 1,new table,

(1)

where nx is the user-count on existing tables x ∈ {1, . . . , χ}, χ + 1 denotes a
new table and N =

∑
x∈{1,...,χ} nx is the total user-count. A direct application

of Equation (1) as a simple prior can address skew in profile proportions, but not
sparsity. To address sparsity we identify three concrete lines of attack: Profiles
need to be learned from data at the granularity of a table (or equivalently, a
group of users), not at the level of an individual; Behavioral similarity should
guide seating on these tables; We should discount common behavioral profiles
to encourage identification of niche behaviors and improve profile resolution.
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Symbol Description

N , R Number of seated users, Set of profiles
{1, . . . , χ}, χ+ 1 Set of existing tables, New table
nx, rx User count on table x, profile served on x
χr, Nr Number of tables serving profile r, Total users seated on ta-

bles serving profile r

Our Profile-Driven Seating approach builds upon CRP to simultaneously
generate partitions of similar users and learn behavior profiles for these par-
titions. Consider profiles r ∈ R describing observed facets of user data with
conditional likelihood p(u | r) for u ∈ U . We “serve” a profile rx ∈ R to users
seated on each table x ∈ {1, . . . , χ}. A user u is seated on an existing table
x ∈ {1, . . . , χ} serving profile rx or a new table χ+ 1 as follows,

p(x | u) ∝


nx−δ
N+γ × p(u | rx), x ∈ {1, . . . , χ},
γ+χδ
N+γ × 1

|R|
∑
r∈R p(u | r), x = χ+ 1.

(2)

The likelihood p(x | u) of choosing an existing table x ∈ {1, . . . , χ} for user u
depends on the conditional p(u | rx) of the profile rx served on the table and the
number of users seated on table x. Further, the seating likelihoods for existing
tables depend on the latent profiles served, while the latent profiles rx are learned
from the table x they are served on. This process introduces a mutual coupling
between seating and profile learning.

The likelihood of assigning the user to a new table x = χ + 1 depends on
the sum of conditionals p(u | r) with a uniform prior 1

|R| , and the number of

existing tables χ. Notice the effect of the discount factor δ: increasing δ favors
exploration by forming new tables. Long-tail users are more likely to be seated
separately with a different profile served to them.

Unlike CRP Equation (1), we seat users based on the table size distribution,
the profiles served on those tables, and the conditional probability of the user
for the behavioral profile. Equation (2) reduces to Equation (1) when all profiles
r ∈ R are equally likely for every user. We can show that our seating process
is exchangeable i.e., seating likelihoods are stochastically agnostic to the order
of users. When user u is seated on a new table χ + 1, we draw profile variable
rχ+1 ∈ R on the new table as follows:

p(rχ+1 | u) ∼ p(u | r)p(r),

where p(r) is the Pitman-Yor base distribution G0, or prior over the set of
profiles. We set G0 to be uniform to avoid bias.

The likelihood p(r | u) of assigning profile r when seating user u, is pro-
portional to the sum of likelihoods of seating the user on an existing table
x ∈ {1, . . . , χ} serving profile r (i.e. rx = r), or seating on a new table χ + 1
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with the profile rχ+1 = r. That is:

p(r | u) ∝

 ∑
x∈{1,...,χ},

rx=r

nx − δ
N + γ

p(u | r)

+
1

|R| ·
γ + χδ

N + γ
p(u | r), (3)

∝
(
Nr − χrδ
N + γ

+
γ + χδ

|R|(N + γ)

)
p(u | r), (4)

where χr is the number of existing partitions serving profile r and Nr is the total
number of users seated on tables serving profile r.

Three insights stem from Equation (4). First, the skew in profile sizes depends
on the counts of users exhibiting similar behavior patterns (∝ p(u | r)) enabling
adaptive fits unlike [4]. Second, we discount common profiles served on multiple
tables by the product χrδ. Since χr is larger for common profiles drawn on many
tables, we discount common profiles more than niche profiles. This “common
profile discounting” enables us to learn behavioral profile variations. Finally,
not constraining the number of tables introduces stochasticity in profile learning
and encourages exploration. In the next subsection, we introduce our temporal
activity profiles r ∈ R for representing user activity in our datasets.

3.3 Latent Profile Description

Our profiles have two constituents: Actions-word associations (“action-topics”),
and temporal distributions over action topics. Each action-topic k ∈ K models
user actions and the associated words, with φVk (multinomial over vocabulary
V) and φAk (multinomial over actions A). We employ a continuous time model,
Beta(αr,k, βr,k) distributions, over a normalized time span to capture the tem-
poral trend of each action-topic k within each profile r. Thus, for any interaction
d = (a,W, t), the probability p(d | r, k) of a user interaction d given a profile r
and topic k is:

p(d | r, k) ∝ φAk (a)
∏
w∈W

φVk (w)︸ ︷︷ ︸
‘what’: profile independent

× tαr,k−1(1− t)βr,k−1

B(αr,k, βr,k)︸ ︷︷ ︸
‘when’: profile dependent

, (5)

where B refers to the beta function. There are K action topics, but R ×K
temporal distributions to allow users with different overall behavior to employ
the same action-topic. The likelihood p(d | r) of user interaction d (as defined in
section 3.1) for profile r is:

p(d | r) ∝
∑
k

p(d | r, k)× φKr (k), (6)

where φKr (k) is a K dimensional multinomial mixture over action-topics for each
profile.
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Table 1: Reputed User Prediction (µ ± σ across Stack-Exchanges). We obtain
improvements of 6.65-21.43% AUC.

Method Precision Recall F1-score AUC

LRC [30] 0.73 ± 0.04 0.69 ± 0.04 0.72 ± 0.03 0.73 ± 0.03
DMM [83] 0.69 ± 0.05 0.65 ± 0.04 0.66 ± 0.04 0.70 ± 0.04
LadFG [53] 0.86 ± 0.03 0.75 ± 0.03 0.79 ± 0.02 0.80 ± 0.03
FEMA [21] 0.79 ± 0.04 0.73 ± 0.03 0.77± 0.03 0.79 ± 0.04
BLDA [54] 0.75 ± 0.04 0.71 ± 0.04 0.74 ± 0.03 0.74 ± 0.04

CMAP (Ours) 0.85 ± 0.02 0.83 ± 0.03 0.84 ± 0.02 0.86 ± 0.02

We model social linkages between pairs of behavioral profiles (r, r′) (rather
than users) motivated by sparsity. Label ` ∈ L describes link type (e.g. Question
→ Answer, Comment→ Answer etc.) between users (u, v). We set-up |R|2 multi-
nomial distributions over link types φLr,r′ between ordered profile pairs (r, r′).

Let Lu denote all links from and to user u.

p(Lu | r) ∝
∏

(s,u,`)∈Lu

φLrs,r(`)︸ ︷︷ ︸
inbound exchange

×
∏

(u,y,`)∈Lu

φLr,ry (`)

︸ ︷︷ ︸
outbound exchange

, (7)

where φLrs,r(`) is for an in-link from source user s (profile rs) to u, and φLr,ry (`)
for an out-link from u to target user y (profile ry).

The overall conditional p(u | r) is the product of links p(Lu | r) and content
interactions p(Du | r):

P (u | r) ∝ p(Lu | r)×
∏
d∈Du

p(d | r). (8)

We combine p(u | r) from Equation (8) with p(x | u) (Equation (2)) to seat users
u on tables x, serving profile rx.

3.4 Qualitative Evaluation and Analysis

We show strong quantitative and qualitative results on diverse datasets (public
Stack-Exchange datasets and Coursera MOOCs4). We chose our datasets across
technical/non-technical subject domains and varying population sizes, with all
datasets seen to exhibit significant behavioral skew and sparsity. We evaluate our
model (CMAP) against state-of-the-art baselines and observe that our ability to
discover more distinct and descriptive user clusters even with the same latent
dimensions as baselines is the primary reason for our performance gains. Our
method improves on the baselines in the reputation prediction task by 6.26-
15.97% AUC averaged across the Stack-Exchanges; Table 1 shows the results
with statistically significant improvements in bold. Similarly, we improve on
certification prediction (see Table 2) by 6.65-21.43% AUC averaged over MOOCs.

4 https://stackexchange.com, https://coursera.org

https://stackexchange.com
https://coursera.org
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Method Precision Recall F1-score AUC

LRC [30] 0.76 ± 0.04 0.71 ± 0.05 0.74 ± 0.04 0.72 ± 0.03
DMM [83] 0.77 ± 0.03 0.74 ± 0.04 0.75 ± 0.03 0.74 ± 0.03
LadFG [53] 0.81 ± 0.02 0.78 ± 0.02 0.79 ± 0.02 0.79 ± 0.02
FEMA [21] 0.78 ± 0.03 0.75 ± 0.04 0.76 ± 0.03 0.78 ± 0.03
BLDA [54] 0.80 ± 0.04 0.75 ± 0.03 0.77 ± 0.03 0.77 ± 0.04

CMAP (Ours) 0.86 ± 0.02 0.81 ± 0.03 0.83 ± 0.02 0.84 ± 0.02

Table 2: Certificate Earner Prediction (µ± σ across MOOCs); CMAP improves
upon baselines by 6.65-21.43% AUC

Cluster Cluster Action Style Cluster Topics

1 +31% Answer, +24% Edit, −09% Question Drivers, Boot, Disk Partition
2 +67% Answer, −03% Edit, −21% Question Gnome, Desktop, Package Install
3 +11% Answer, −04% Edit, +47% Question Script, Application, Sudo Access

Table 3: Actions and Content in the most reputed user clusters discovered by
CMAP on Ask-Ubuntu, +/-% against the average Ask-Ubuntu user.

The Impact of Profile Driven Seating We now compare clusters obtained
through CMAP seating against generative assignments in BLDA [54] on Stack-
Exchanges. Both models group users best described by the same profile to form
clusters. We use average user reputations of the clusters (appropriately normal-
ized) as an external validation metric for cluster quality.

The Dirichlet-Multinomial setting in BLDA tends to merge profiles and hence
shift cluster sizes and average participant reputation closer to the mean. Our
cluster assignments appear to mirror the behavior skew for Ask-Ubuntu in Fig-
ure 1. Our approach (CMAP) learns finer variations in the topic affinities and
actions of expert users. We can observe these variations in Figure 2 and Table 3.
The top three profiles are more reputed, smaller in sizes and each cluster shows
distinct user activity (Table 3).
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Fig. 2: Bubbles denote user clusters discovered by each model in the Ask-Ubuntu
dataset (Bubble size ∝ Users). CMAP discovers fine distinctions of reputed users
(Table 3) while BLDA clusters show a mean-shift in both size and reputation.
Our assignments are reflective of the behavioral skew in the dataset.
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Fig. 3: Effects of activity sparsity on prediction tasks (AUC) for Stack Exchanges
(datasets 1-10) and MOOCs (datasets 11-14). CMAP has greatest performance
gains in Quartile-1 (sparse users) and minor gains for active users (Quartile-4).

We observe a similar trend in the aggregate clusters obtained on other Stack-
Exchange datasets as well. Our performance gains in the prediction and recom-
mendation tasks reflect these underlying improvements in profile quality (Ta-
ble 1, Table 2).

Making gains on inactive users We split users in each Stack-Exchange and
MOOC into four quartiles based on interaction count (Quartile 1 is least active, 4
most). Then, we evaluate each method on Reputation and Certificate Prediction
AUC in each quartile separately. Our model shows significant performance gains
(Figure 3) in Quartiles 1,2 that contain sparse users. We attribute these gains to
joint profile learning to describe similar users seated on tables. The decision to
address skew and sparsity jointly has two advantages: better profile fits for sparse
users; more distinct and informative profiles in skewed scenarios. In contrast,
models building representations at the user level perform weakly in Quartiles-
1,2 since these methods rely on interaction volume. As expected, performance
differences between all models are smaller in the data-rich quartiles 3,4.

4 Tackling Skew via Adversarial Association Learning

Collaborative filtering (CF) methods personalize item recommendations based
on historic interaction data (implicit feedback setting), with matrix-factorization
being the most popular approach [27]. In recent times, Neural CF methods
have transformed simplistic inner-product representations with non-linear in-
teractions, parametrized by deep neural networks [16]. Although performance
gains over conventional approaches are significant, a closer analysis indicates
skew towards popular items that frequently appear in the feedback, resulting
in poor niche (long-tail) item recommendations to users (see fig. 4). This stifles
user experience, recommendation diversity and could hurt platform revenue and
online market fairness.

Given the diversity of NCF architectures and applications [34],[16],[32], ar-
chitectural solutions are hard to generalize. Instead, we propose to augment
NCF training to levy penalties when the recommender fails to identify suitable
niche items for users, given their history and global item co-occurrence. Con-
ventional neighbor models do this via static pre-computed links between entities
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Fig. 4: CDAE[74] and VAE-CF[34] recall for item-groups (decreasing frequency)
in MovieLens (ml-20m). CDAE overfits to popular item-groups, falls very
rapidly. VAE-CF has better long-tail recall due to representational stochasticity.
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[41] to regularize their representations. While we can add a similar term to the
NCF objective, we aim to learn the association structure rather than imposing
it on the model. Towards this goal, we introduce an adversary network, trained
in tandem with the recommender, to infer the inter-item association structures
unlike link-based models, guided by item co-occurrences in the feedback data.
It can condition the feedback on auxiliary data if required or be extended to
incorporate other associations.

For each user, a penalty is imposed on the recommender if the suggested
niche items do not correlate with the user’s history. The adversary is trained to
distinguish the recommender’s niche item suggestions against actual item pair-
ings sampled from the data. The more confident this distinction, the higher the
penalty imposed. As training proceeds, the adversary learns the inter-item asso-
ciation structure guided by the item pairs sampled from user records while the
recommender incorporates these associations, until mutual convergence. Further,
our approach is completely architecture and application agnostic, thus satistfy-
ing our broad malleable framework objective.

4.1 Problem Definition

We consider the implicit feedback setting with interaction matrix X ∈ ZMU×MI2 ,

Z2 = {0, 1}

given users U = {u1, . . . , uMU }, items I = {i1, . . . , iMI}. Items I are partitioned
apriori into two disjoint sets, I = IP (popular items) ∪ IN (niche items) based
on their frequency in X . We use Xu to denote the set of items for u ∈ U ,
split into popular and niche subsets XPu , XNu . The base neural recommender G
learns a scoring function fG(i | u,X ), i ∈ I, u ∈ U to rank items given u’s history
Xu and global feedback X , by minimizing CF objective OG over recommender
G’s parameters θ via stochastic gradient methods. Typically, OG is composed
of a reconstruction loss (like the conventional inner product loss [27]) and a
regularizer depending on the architecture. We adopt OG as the starting point
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in our training process. Our goal is to enhance the long-tail performance of
recommender G on the niche items IN .

4.2 Adversarial Formulation

Our key insight is that generating item recommendations for user u, and model-
ing the associations of recommended niche items to his history Xu are mutually
linked tasks. The adversarial paradigm [13] fits our application well, we seek
to balance the tradeoff between the biased reconstruction objective against the
recall and accuracy of long-tail recommendations.

Towards the above objective, we introduce an adversary model D to learn the
inter-item association structure in the feedback data and correlate G’s niche item
recommendations with popular items in the user’s history, XPu . The adversary
D is trained to distinguish “fake” or synthetic popular-niche item pairs sampled
from XPu and fG(i | u,X ) against “real” popular-niche pairs sampled from global
co-occurrences in X . The more confident this distinction by D, the stronger
the penalty on G. To overcome the applied penalty, G must produce niche
item recommendations that are correlated with the user’s history. The model
converges as the synthetic and true niche-popular pairs align.

True & Synthetic Pair Sampling “True” popular-niche item pairs (ip, in) ∈
IP × IN are sampled from their global co-occurrence counts in X . To achieve
efficiency, we use the alias table method [31] (O(1) amortized cost) compared to
O(IP ×IN ) for standard sampling. We will denote the true distribution of pairs
from X as ptrue(i

p, in).
Synthetic pairs (ĩp, ĩn) ∈ IP×IN are drawn per user with ĩn ∝ fG(ĩn | u,X ),

and ĩp randomly drawn from XPu . The number of synthetic pairs drawn for user
u is in proportion to |XPu |. We denote the resulting synthetic pair distribution
pθ(ĩp, ĩn | u) since it depends on u and parameters θ of the recommender G.

Discriminative Adversary Training The adversary D compares syntheti-
cally generated item pairs (ĩp, ĩn) across all users with an equal number of true
pairs (ip, in) sampled as above. It learns latent representations V = [vi, i ∈ I]
for all items with dimensionality d and a discriminator function fφ(ip, in), si-
multaneously with V, to estimate the probability of a pair (ip, in) being drawn
from ptrue(i

p, in).

Dφ(ip, in) = σ(fφ(ip, in)) =
1

1 + exp(−fφ(vip ,vin))

We implement Dφ via two simple symmetric feedforward ladders followed by
fully connected layers (Figure 5). With the parameters of G (i.e., θ) fixed, φ and
V are optimized by stochastic gradient methods to maximize the log-likelihood
of true pairs, while minimizing that of synthetic pairs with balance parameter
µ,
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φ∗,V∗ = arg max
φ

∑
u∈U

E(in,ip)∼ptrue(ip,in) [σ(fφ(ip, in))] +

µ.E(ĩp,ĩn)∼pθ(ĩp,ĩn|u)

[
log(1− σ(fφ(ĩp, ĩn)))

]
(9)

Fig. 5: Architecture details for the discriminative adversary D trained in tandem
with base recommender G
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Recommender Model Training The more confident the distinction of the
fake pairs generated as (ĩp, ĩn) ∼ pθ(ĩp, ĩn | u) by adversary D, the stronger the
penalty applied to G. As previously described, synthetic pairs (ĩp, ĩn) are drawn
as ĩn ∝ fG(ĩn | u,X ), and ĩp randomly drawn from XPu . Thus,

pθ(ĩp, ĩn | u) ∝ 1

|XPu |
fG(ĩn | u,X ) (10)

For sanity, we shrink pθ(ĩp, ĩn | u) as pθ(u) in the following equations. We
reinforce the associations of niche items recommended by G to the popular items
in user history. This is achieved by maximizing Dφ(ĩp, ĩn), i.e., the synthetic pairs
cannot be distinguished from the true ones. Thus, there are two terms in the
recommender’s loss, the base objective OG and the weighted adversary term. D’s
parameters φ,V are held constant as G is optimized (alternating optimization
schedule).

θ∗ = arg max
θ
−OG + λ

∑
u∈U

E(ĩp,ĩn)∼pθ(u)

[
logD(ĩp, ĩn)

]
(11)

= arg min
θ
OG + λ

∑
u∈U

E(ĩp,ĩn)∼pθ(u)

[
log(1−D(ĩp, ĩn))

]
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Table 4: Composition of top-100 item recommendations to users in item popu-
larity quartiles (Q1-Most Popular Items)

Method
ml-20m Ask-Ubuntu

Q-1 Q-2 Q-3 Q-4 Q-1 Q-2 Q-3 Q-4

CDAE (G1) 74% 26% 0% 0% 97% 3% 0% 0%
D+G1(λ = 0.1) 61% 23% 10% 6% 76% 14% 7% 3%
D+G1(λ = 1) 62% 21% 11% 6% 73% 16% 6% 5%
D+G1(λ = 10) 61% 19% 12% 8% 65% 19% 11% 5%
VAE-CF (G2) 64% 24% 8% 4% 60% 25% 9% 6%
D+G2(λ = 0.1) 58% 23% 12% 7% 53% 25% 12% 10%
D+G2(λ = 1) 59% 21% 13% 7% 55% 21% 13% 11%
D+G2(λ = 10) 59% 20% 13% 8% 54% 22% 14% 10%

Before adversarial training, G can be pre-trained with loss OG, while D
can be pre-trained with just the maximization term for true pairs. Our overall
objective can be given by combining eq. (9), eq. (11),

O = min
θ

max
φ
OG + λ

∑
u∈U

E(ip,in)∼ptrue(ip,in) [logDφ(ip, in)] +

µ.E(ĩp,ĩn)∼pθ(ĩp,ĩn|u)

[
log(1−Dφ(ĩp, ĩn))

]
On the whole, our framework is a minimax strategy for iterative refinement:

As the adversary identifies finer distinctions between true and synthetic pairs
and refines its inter-item association structure, the recommender incorporates it
in the user recommendations.

4.3 Experimental Validation

Variational Auto-Encoders [34] and Denoising Auto-Encoder (CDAE) [74] as the
base recommender G. Results on the ml-20m dataset already indicate strong
long-tail performance of stochastic VAE-CF (fig. 6) in comparison to determin-
istic CDAE [74]. Thus, performance gains in niche-item recall for VAE-CF with
our adversarial training are particularly significant. Models are trained with
training user interactions, while the interactions in the validation and test sets
are split in two. One subset is fed as input to the trained model, while the other
is used to evaluate the system output (ranked list) on NDCG@100, Recall@K,
K = 20, 50. The architecture and training procedure is adopted from [34] for
comparison. We set tradeoff parameter λ to multiple values and explore it’s ef-
fect on recommendation over different sets of items, grouped by popularity. The
balance parameter µ was set to 1 and D used a feed-forward network with 2
hidden layers (300, 100) as in fig. 5 (tanh activations and sigmoid output layer)
and 300-dimensional embedding layers.

We first analyze the composition of the top 100 recommendations of D+G,
against G trained in isolation. All items are split into four quartiles based on
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their popularity. We demonstrate the effect of the tradeoff λ on the top 100 items
for validation set users, by analyzing the quartiles they appear from (Table 4).
Clearly, the recommendations from our model with higher values of λ improve
the niche-tag coverage and diversity. The overall recommendation performance
against VAE-CF and CDAE in Table 5 show that diversity is not hurting our
performance.

Table 5: Overall recommender performance on ml-20m and Ask-Ubuntu datasets

Method
ml-20m Ask-Ubuntu

N@100 R@20 R@50 N@100 R@20 R@50

CDAE (G1) 0.34 0.27 0.37 0.29 0.30 0.46
VAE-CF (G2) 0.51 0.44 0.57 0.42 0.45 0.59
D+G2(λ = 0.1) 0.53 0.45 0.59 0.43 0.46 0.61
D+G2(λ = 1) 0.52 0.44 0.58 0.42 0.46 0.59
D+G2(λ = 10) 0.48 0.41 0.55 0.40 0.43 0.56
D+G2(λ=100) 0.42 0.37 0.51 0.38 0.41 0.53

Note that CDAE does not make any niche item recommendations (Q3 and
Q4). Integrating our adversary to train CDAE results in a significant jump in
long-tail coverage. To further dissect the above results, we will now observe
our relative gains in Recall@50 compared to VAE-CF for each item quartile
(Figure 6). We compare with VAE-CF due to it’s stronger long-tail performance.

Fig. 6: Relative improvement over VAE-CF with adversary training, measured
for each item popularity quartile (R@50)
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As expected, our strongest gains are observed in Quartiles-3 and 4, which
constitute long-tail items. Although there is a slight loss in popular item perfor-
mance for λ = 1, this loss is not significant owing to the ease of recommending
popular items with auxiliary models if required. We observe the values of tradeoff
λ between 0.1 and 1 to generate balanced results.

We now analyze overall recommendation performance against VAE-CF and
CDAE in Table 5 (N = NDCG, R = Recall). Even though our models recom-
mend very different compositions of items (table 4), the results exhibit modest
overall improvements for λ = 0.1 and λ = 1 over both the base recommenders.
Clearly, the additional niche recommendations are coherent since there is no
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performance drop. However, larger λ values hurt the recommender performance.
It is thus essential to balance the adversary objective and base recommender to
obtain strong overall results.

5 Integrating Primary and Auxiliary Behavioral Facets
for Sparsity-Regularized Recommendation

One of the two ways that we build malleable frameworks is to enable flexibility
in the types/modes of behavioral data and how we could apply them towards
a profiling or recommendation objective. In this chapter, we demonstrate the
application scenario of social recommendation, where the central mode of data is
the purchase history of each user which can be applied to collaborative inference.
However, we have a secondary mode of data in the form of social links between
users, which can be viewed as an auxiliary mode or regularizer data. The key
question we answer is, how do we incorporate diverse auxiliary data modalities
to reinforce the central modality and the overall objective. We build an adaptive
adversarial framework to balance the contribution of the modalities of behavioral
data towards recommendation.

Social regularization is grounded in correlation theories such as homophily [48]
and notions of influence or conversely, susceptibility [47]. The social connections
among users (in the form of explicit social networks) and among items (such as
induced co-occurrence graphs [72]) can play a critical role in improving recom-
mendation quality in the presence of data sparsity and in addressing long-tail
concerns [81]. However, a direct application of homophily [39], [42] wihtout con-
textualization constrains effective combination of user interests and social fac-
tors. Exposure models [66] adopt a exposure precedes action perspective to im-
prove homophily. However, they do not contextually prioritize specific different
social contacts. For instance, Alice may prefer her connection Bob’s suggestions
on books, but follow Mary (another connection) for music. Their relative impor-
tance depends on a contextual mixture of factors that we can infer from their
interest representations and social structure.

Shalizi et al. [60] proved a key negative result—homophily and influence are
fundamentally confounded in observational studies. In other words, we cannot
disentangle peer influence from latent interests using observational data. Thus
the attribution problem is inherently adversarial where we examine two compet-
ing hypothesis—social influence and latent interests—to explain each purchase
decision. In a broader sense, this is true of any multi-modal observational set-
ting. For instance, users could be influenced by viewing review content or prefer
a certain cuisine on the Yelp platform. Our framework attempts to address the
contextual attribution question in such settings to obtain regularized cumula-
tive predictions, while also overcoming sparsity that a single data modality might
exhibit.

The social regularization problem is readily amenable to a Generative Ad-
versarial Network (GAN) formulation, whereby the social and interest factors of
each user complete to explain each user’s observed actions. As a result of such
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a training process, the most contextually relevant social information regularizes
the interest space of each user. Furthermore, an adversarial formulation provides
a modular framework to decouple the architectural choices for the recommender
and social representation models, enabling a wide range of recommender appli-
cations. Degenerate solutions are a significant challenge in vanilla GAN imple-
mentations that lack a sufficiently expressive attribution strategy. We overcome
this challenge through an intuitive contextual weighting strategy to ensure in-
formative social associations play a larger role in regularizing the learned user
interest space.

Fig. 7: Social contacts and item histories of users must be contextually weighted
to evaluate their potential impact on future purchases

5.1 Problem Formulation

We consider the implicit feedback setting with users U , items I and interaction
matrix Z ∈ B|U|×|I| (B = {0, 1}). N ∈ B|U|×|U| denotes the social links between
users, we abuse N to denote both, the social network and its user adjacency
matrix. The total number of user-item interactions and social links are denoted
|Z|, |N | respectively.

Latent-factor social recommenders learn the latent social and interest rep-
resentations for each user. Without loss of generality, let us denote social em-
beddings S ∈ R|U|∗dS and interest embeddings X ∈ R|U|∗dX . Note that Xu,Su
denote rows for user u. Further, we denote item embeddings I ∈ R|I|∗dI . Given
any user embedding matrix E, we can compute user-user similairities in E’s
latent space as,

pE(u, v) ∝ σ(Eu ·Ev) (12)

where u, v ∈ U and σ(x) = 1/(1 + e−x). The social and interest embedding
spaces S, X induce different user-user proximities pS , pX in Equation (12). So-
cial regularization of X involves sharing the coordinate structure across S and
X. At the heart of this problem is the choice of a suitable distance metric in
the embedding space. Historically metric learning approaches have learned ef-
fective distance functions in similarity, distance-based tasks [29], and recently in
Collaborative Filtering [17]. Thus, the question follows,

Can we learn a distance metric to regularize interest embeddings X
with social structure S? Let us consider a metric embedding space M with
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metric distance measure DM without any form assumptions. To transfer struc-
ture under DM , for each user-item interaction (u, i) ∈ Z we obtain pairwise loss
‖Xu − Ii‖DM

→ 0 (with user interest embeddings X and item embeddings I).
Similarly, for social links (u, v) ∈ N , we obtain ‖Su − Sv‖DM

→ 0 (with social
embeddings S). When we convert the above pairwise losses to equalities, it is
easy to show that we obtain an over-specified system with only degenerate so-
lutions (i.e., assigning the same interest embedding Xu to all u ∈ U) due to the
identity property of any DM . No solution can perfectly satisfy the above system
if any pair of connected users have different item ratings. The continuous loss
version of this system (optimized via gradient methods) moves towards some
degenerate solution collapsing the user embeddings Xu (interest space collapse).

Can we transfer the structure of S to X without affecting interest space
expressivity? The user-user similarities (or pairwise proximities) pS(u, v) and
pX(u, v) from Equation (12) represent the structures of the embedding spaces S
and X. Ideally, we must converge pS and pX to a meaningful, i.e. non-degenerate
equilibrium to avoid interest space collapse.

We avoid the over-specification problem in section 5.1 by introducing pair-
specific translations for each pairwise constraint, i.e, the system is now of the
form ‖Su − Sv‖DM

→ w(u, v) where w is a learned function of the user context.
This added expressivity enables a non-degenerate encoding in interest space
X, while retaining a contextually transformed version of the social structure
via w(u, v). We formalize the continuous version of the above regularization in
a GAN framework [13] to regularize any gradient optimizable recommender,
agnostic to its specific architecture.

5.2 Adversarial Social Regularization

The Generator (G) in the GAN framework synthesizes data samples yG ∈ Rd
from a source distribution PG(Y) over Rd induced by G. Conversely, discrimina-
tor (D) attempts to construct a decision boundary to distinguish synthetic sam-
ples yG drawn from PG(Y) against positive labeled samples drawn from an un-
known target distribution that we wish to mimic. In our formulation, the social-
agnostic base recommender learns the scoring function fG(i | u,Z), i ∈ I, u ∈ U
to rank items given u’s history Zu by minimizing continuous, differentiable ob-
jective OG over parameters θG. It learns the interest embeddings X, and the
source user-user similarity pX(u, v) in the interest space X (Equation (12)). We
will refer to the base recommender as the generator G in our formulation.

On the other hand, social network N induces a target user-user similarity
that G must imitate to regularize interest space X. To compute the target user-
user similarity, we apply a Graph Auto-Encoder [25] on N in Equation (12) and
denote this as pN (u, v), the target user-user similarity for G. Finally, discrimi-
nator D learns an independent social space S for users separate from network
N . The discriminator induces social proximity, pS(u, v) of users via S to link the
target pN (u, v) and source pX(u, v) and contextually move them closer.



20 Adit Krishnan

Structure Regularization: We develop a robust stochastic approach to repre-
sent pX and pN with a finite set of user-user pair samples drawn from each space.
We evaluate the likelihood of each sampled user pair (u,v) with the discriminator
embeddings S, i.e., pS(u, v). Ideally, D should consider true-pairs (u+, v+) ∼ pN
more likely than fake-pairs (u−, v−) ∼ pX. Conversely, G acts adversarial to D
by maximizing expected fake-pair likelihood E(pS(u−, v−)). Thus, we obtain the
overall objective O,

O = min
X

max
S

(
E(u+,v+)∼pN log pS(u+, v+) +

µ.E(u−,v−)∼pX log
(
1− pS(u−, v−)

))
(13)

where µ is a balance parameter. When we optimize O, G learns X to maxi-
mize log pS(u−, v−). Conversely, the D maximizes log pS(u+, v+) and minimizes
log pS(u−, v−). The expectations E(u,v) are averaged over ε fake and true-pair
samples each (policy-gradient approximation) [70]. Empirically, we need ≤ 2%
of the distinct user pair count (|U|2), enabling much faster training than Coordi-
nate Transfer Learning [50]. Equation (13) stochastically moves the user interest
structure in pX closer to pN . However, it may still lead to partial collapse of the
interest space X since it lacks the pairwise expressivity defined in Section 5.1.

We can prevent interest space collapse by varying the regularization induced
by each user pair sample, thus increasing model expressivity. This effectively
differentiates social and interest context at the pair sample level in the objective,

O = min
X

max
S

(
E(u+,v+)∼pN log pS(u+, v+) +

µ.E(u−,v−)∼pX w(u−, v−) log
(
1− pS(u−, v−)

))
(14)

In this equation, we regularize w(u, v) × pX(u, v) against pS (instead of just
pX), enabling a much wider choice for X. The contextual weighting function
w(u, v) accounts for diversity in the social links. Also note that contextually
weighting fake-pairs is sufficient to expand the expressivity of X, we do not need
to weight the true-pairs. Thus, w(u, v) needs to be computed on ε fake-pairs and
adds a small overhead (ε� |U|2).

5.3 Empirical Analysis

We evaluate and analyse our framework by regularizaing three diverse neural
recommenders (DAE [75], VAE-CF [34] and LRML [63]) in our framework
(Table 6) on multiple platforms Ciao, Epinions, Delicious, Ask-Ubuntu and Yelp.
We refer to these variants as Asr-DAE etc.

We analyze the effect of adversary weight λ on the diversity of items rec-
ommended to users (Figure 9) and find that more regularization causes interest
space collapse while too little results in overfitting to the training data (both
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cases lack diversity in recommendations). We also examine the robustness of each
adversarial model by separately sub-sampling the social links and item ratings
of each user in the respective training sets (Figure 8) and find our stochastic
user-pair sampling to be robust. Performance drop is measured vs. the best
performance (e.g., 0.98 ∼ 2% loss).

(a) Performance with Item
Drop

(b) And Social Link Drop

Fig. 8: We observe ≤ 6% R@50 degradation at 20% item drop indicating our
models are fairly robust in practice.

Fig. 9: Smaller λs overfit to the supervised term OG, while larger multiples col-
lapse the interest space i.e., less diverse aggregate recommendations. Units rel-
ative to highest diversity achieved.

We observe from Figure 11, Figure 12 that our model prioritizes pairs of
users where both users have numerous social connections or longer item histories
to regularize their neighborhoods. Intuitively, pair samples where both users
are influencers or prolific consumers, are likely to be regularize their social and
interest neighborhoods respectively (they may act as cluster centers). We observe
a similar trend against user coherence (coherence is a measure of how specialized
or generic their item lists are) in the Ciao dataset (Figure 10). More coherent
users act as better regularizers.

In the overall recommendation task (Table 6), conventional social recom-
menders are outperformed by social-agnostic neural methods. Uncontextualized
regularization is detrimental to aggregate quality. Expressive representations
(like in DAE [75]) gain more from regularization than conventional represen-
tations (e.g., mean R@50 gains of SBPR vs. BPR are smaller than those
of Asr-VAE vs. VAE). VAE representations are inherently stochastic unlike
DAE and LRML resulting in greater recommendation diversity (less interest
space collapse) with Asr-VAE. While SEREC permits for the exposed item
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(a) Ciao dataset (b) Epinions dataset

Fig. 10: Pair weights against user coherence for pair samples in the Ciao and
Epinions datasets

(a) Smaller Datasets
(Ciao, Epinions, Del)

(b) Large Datasets (Ask-
Ubuntu, Yelp)

Fig. 11: We measure the Pair-Weight allocations to sampled pairs of users by our
weight module. The x and y-axis denote the social link count quartiles of each
user in pair (User-1, User-2), Q1 contains the lower values. E.g., The top-right
box of the heatmap is the average weight alloted to samples where both users
have many social links (Q4, Q4)

set to be prioritized differently, CB [73] flexibly attributes puchases, however
picking a single factor (interest vs social) instead of a contextual combination.

While our model is well-suited to bi-modal observations with two data facets,
extension to more than n-modes of data (n ≥ 3) is quadratic since there are

(
n
2

)
ways to combine pairs of facets. We aim to build a linear solution to this scenario
as future work.

(a) Small Datasets (Ciao,
Epinions, Del)

(b) Large Datasets (Ask-
Ubuntu, Yelp)

Fig. 12: We create these heatmaps similar to Figure 11 with user item count
quartiles, i.e., Q4 denotes long item histories
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Table 6: R@K and N@K denote the Recall and NDCG ranked-list metrics

Rec Model
Epinions Ask-Ubuntu Yelp

R@20 N@20 R@50 N@50 R@20 N@20 R@50 N@50 R@20 N@20 R@50 N@50

Social-Agnostic Recommenders

BPR [57] 0.264 0.141 0.440 0.176 0.377 0.199 0.514 0.264 0.228 0.125 0.431 0.170
NCF [16] 0.310 0.138 0.462 0.181 0.420 0.215 0.538 0.281 0.196 0.118 0.488 0.209
DAE [75] 0.324 0.164 0.498 0.198 0.416 0.301 0.569 0.392 0.270 0.158 0.473 0.213
VAE [34] 0.336 0.161 0.510 0.204 0.408 0.317 0.576 0.383 0.281 0.164 0.479 0.208
LRML [63] 0.329 0.173 0.509 0.219 0.405 0.366 0.564 0.405 0.272 0.160 0.483 0.196

Social Rec

SBPR [86] 0.271 0.138 0.446 0.185 0.368 0.206 0.528 0.287 0.230 0.143 0.449 0.196
SNCF 0.306 0.189 0.468 0.202 0.414 0.371 0.541 0.403 0.198 0.103 0.493 0.202
SGCN [71] 0.318 0.153 0.481 0.198 0.397 0.343 0.526 0.395 0.288 0.160 0.492 0.176
CB [73] 0.337 0.171 0.436 0.202 0.399 0.365 0.559 0.382 0.282 0.154 0.471 0.196
SEREC [66] 0.348 0.167 0.496 0.213 0.415 0.362 0.584 0.414 0.306 0.173 0.508 0.211

Adversarial

Asr-DAE 0.339 0.168 0.513 0.207 0.434 0.347 0.585 0.412 0.272 0.158 0.489 0.201
Asr-VAE 0.358 0.173 0.532 0.216 0.431 0.350 0.592 0.401 0.298 0.161 0.496 0.218
Asr-LRML 0.340 0.166 0.527 0.220 0.411 0.375 0.578 0.419 0.287 0.172 0.481 0.233

* The Asr variants denote the DAE, VAE-CF and LRML base models integrated in our frame-
work. Bold numerals indicate statistically significant gains over the next best model at p = 0.05.
When there are two or more strong performers under, we underline them.

6 Context Invariants for Cross-Domain Recommendation

While the previous chapters primarily focused on addressing skew and sparsity
within a single recommendation domain such as an online platform, there are
scenarios where profiling models could benefit from those that are already learned
on a different platform. While the ideal scenario is direct reuse, in most practical
situations, both domain-invariant and domain-specific components are necessary
for holistic recommendation. In this chapter, we introduce a highly scalable
neural transfer approach to extract and reuse multi-linear contextual invariants
that describe user behavior across domains that do not share users or items.

Cross-domain transfer learning is a well-studied paradigm to address spar-
sity in recommendation. In the most common pairwise cross-domain setting, we
can employ co-clustering via shared users or items [46], latent structure align-
ment [12], or hybrid approaches using both [19]. However, cases with limited or
no user-item overlap are pervasive in real-world applications, such as geographic
region based domains (e.g., cities or states), where we face disparities in data
quality and volume. Our work focuses on the few-dense-source, multiple-sparse-
target setting, where prior approaches are mostly inapplicable.

Combinations of contextual predicates prove critical in learning-to-organize
the user and item latent factors. For instance, an Italian wine restaurant is a good
recommendation for a high spending user on a weekend evening unlike a Monday
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afternoon. The intersection of restaurant type (an attribute), historical patterns
(historical context), and interaction time (interaction context) jointly describe
the likelihood of this interaction. Our key intuition is to infer such behavioral
invariants from a dense-source domain where we have ample interaction histories
of users with wine restaurants, and apply (or adapt) these learned invariants to
improve inference in sparse-target domains.

6.1 Problem Definition

Consider a set of recommendation domains D = {Di} where each domain is a
tuple {UDi

,VDi
, TDi

}, with UDi
, VDi

denoting the user and item sets of Di, and
TDi

, the set of contextual interactions between them. There is no overlap between
the user and item sets of any two recommendation domains. |U|, |V|. In the
implicit feedback setting, each interaction t ∈ TDi is a tuple t = (u, c, v) where
u ∈ UDi , v ∈ VDi and context vector c ∈ R|C|. For the explicit feedback setting,
TDi

is replaced by ratings RDi
, where each rating is a tuple r = (u, c, v, ruv),

with the rating value ruv (other notations are the same).
For simplicity, all interactions in all domains have the same set of context

features. In our datasets, the context feature set C contains three different types
of context features, interactional features CI (such as time of interaction), his-
torical features CH (such as a user’s average spend), and attributional features
CA (such as restaurant cuisine or user age). Thus each context vector c contains
these three types of features for that interaction, i.e., c = [cI, cH, cA].

Under implicit feedback, we rank items v ∈ VD given user u ∈ UD and
context c. In the explicit feedback scenario, we predict rating ruv for v ∈ VD
given u ∈ UD and c. Our transfer objective is to reduce the rating or ranking
error in a set of disjoint sparse target domains {Dt} ⊂ D given the dense source
domain Ds ∈ D.

6.2 Model Architecture

In this section, we develop a scalable, modular architecture to extract pooled
contextual invariants and guide the learned latent factor representations. We
achieve this via four synchronized neural modules with complementary semantic
objectives. We define and construct these modules to maintain a clear demarca-
tion between the context-driven transferrable modules and the domain-specific
non transferrable recommendation modules. This separation is critical to model
scalability.

Context ModuleM1: User-item interactions are driven by context feature
intersections that are inherently multiplicative, missed in the implicit Naive-
Bayes assumption of additive models such as feature attention [15], [2]. The first
layer in M1 transforms context c of an interaction (u, c, v) as follows:

c2 = σ( W2c⊕ (b2 ⊗ c)︸ ︷︷ ︸
Weighted linear transform

) ⊗ c︸︷︷︸
Element-wise interaction

(15)
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Fig. 13: Our overall recommender architecture highlighting M1 to M4

Table 7: Modules and Learned Parameter Notations

Modules Learned Parameters

Domain-Specific Embeddings eu∀u ∈ UD, ev∀v ∈ VD
(M2

U ,M2
V) Biases (only under explicit feedback) s, su∀u ∈

UD, sv∀v ∈ VD

Shared Modules
M1 eq. (17) (Wi,bi)∀i = [1, · · · , nC]

(M1, M3,M4)
M3 eq. (19) WCU ,WCV
M3

U eq. (21) (Wi
U ,b

i
U )∀i = [1, · · · , nU ]

M3
V eq. (21) (Wi

V ,b
i
V)∀i = [1, · · · , nV ]

M4 eq. (22) WC,bC

where ⊕,⊗ denote element-wise product and sum, i.e.,

c2
i ∝ ci × σ(b2

i ci +
∑
j

W2
ijcj) (16)

Thus, c2
i (ith-component of c2) incorporates a weighted bivariate interaction

between ci and other context factors cj , including itself. We then repeat this
transformation over multiple stacked layers with each layer using the previous
output:

cn = σ(Wncn−1 ⊕ (bn ⊗ cn−1))⊗ c (17)

Each layer interacts n-variate terms from the previous layer with c to form n+1-
variate terms. However, since each layer has only |C| outputs (i.e., low-rank),
Wn prioritizes the most effective n-variate combinations of c

Context Conditioned Clustering M3: We combine domain-specific em-
beddingsM2 with the context combinations extracted byM1 to generate context-
conditioned representations,

ẽu = eu ⊗ σ(WCU × cnC) (18)

ẽv = ev ⊗ σ(WCV × cnC) (19)
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where, WCU ∈ R|eu|×|C|, WCV ∈ R|ev|×|C| are learned parameters that map
the most relevant context combinations to the user and item embeddings. We
further introduce nU feedforward RelU layers to cluster the representations,

ẽu
2

= σ(W2
U ẽu + b2

U ) (20)

ẽu
n

= σ(Wn
U ẽu

n−1
+ bnU ) (21)

Analogously, we obtain context-conditioned item representations ẽv
2
, · · · , ẽvnV

with nV feedforward RelU layers. The bilinear transforms in eq. (19) introduce
dimension alignment for both ẽu

nU and ẽv
nV with the context otuput cnC .

Thus, when M3 and M1 layers are transferred to a sparse target domain, we
can backpropagate to guide the target domain user and item embeddings if we
have the same set of context features.

6.3 Source Domain Training Algorithm

Focusing on harder data samples accelerates and stabilizes stochastic gradients
[37], [7]. Since our learning process is grounded on context, novel interactions
display interesting context combinations. Let L(u,c,v) denote the loss function
for an interaction (u, c, v). We propose an inverse novelty measure referred as
the context-bias, sc, which is self-paced by the context combinations of M1 in
Equation (17),

sc = wC · cnC + bC (22)

We then attenuate the loss L(u,c,v) for this interaction as,

L′(u,c,v) = L(u,c,v) − sc (23)

The resulting novelty loss L′(u,c,v) decorrelates interactions [8], [23] by emulat-

ing variance-reduction in the n-variate pooled space of cnC . L′(u,c,v) determines
the user and item embedding spaces, inducing a novelty-weighted training cur-
riculum focused on harder samples as training proceeds. We now describe loss
L(u,c,v) for the explicit and implicit feedback scenarios.

In the implicit feedback setting, predicted likelihood ŝ(u,c,v) is computed with
the context-conditioned embeddings (Equation (21)) and context-bias (Equa-
tion (23)) as,

ŝ(u,c,v) = ẽu
nU · ẽvnV + sc (24)

The loss for all the possible user-item-context combinations in domain D is,

LD =
∑
u∈UD

∑
v∈VD

∑
c∈R|c|

||I(u,c,v) − ŝ(u,c,v)||2 (25)

where I is the binary indicator (u, c, v) ∈ TD. LD is intractable due to the large
number of contexts c ∈ R|c|. We develop a negative sampling approximation for
implicit feedback with two learning objectives - identify the likely item given
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the user and interaction context, and identify the likely context given the user
and the item. We thus construct two negative samples for each (u, c, v) ∈ TD
at random: Item negative with the true context, (u, c, v−) and context negative
with the true item, (u, c−, v). LD then simplifies to,

LD =
∑
TD

||1− ŝ(u,c,v)||2 +
∑

(u,c,v−)

||ŝ(u,c,v−)||+
∑

(u,c−,v)

||ŝ(u,c−,v)|| (26)

In the explcit feedback setting, we introduce two additional bias terms, one for
each user, su and one for each item, sv. These terms account for user and item
rating eccentricities (e.g., users who always rate well), so that the embeddings
are updated with the relative rating differences. Finally, global bias s accounts
for the rating scale, e.g., 0-5 vs. 0-10. Thus the predicted rating is given as,

r̂(u,c,v) = ẽv
nV · ẽunU + sc + su + sv + s (27)

Negative samples are not required in the explicit feedback setting,

LexplicitD =
∑

(u,c,v,ruv)∈RD

||ruv − r̂(u,c,v)||2 (28)

Our formulation enables training the shared modulesM1,M3 andM4 on a
dense source domain, and transferring them to sparse target domains to guide
their embedding moduleM2. We can view each shared moduleM as an encoder
receiving inputs xM and generating output representations yM. In each recom-
mendation domain, module M determines the joint input-output distribution,

p(yM,xM) = p(yM|xM)× p(xM) (29)

where the parameters ofM determine the conditional p(yM|xM), while marginal
p(xM) describes the nature of inputs xM in that domain. We could modify in-
puts xM in that domain without changing M i.e., alter p(xM), or adapt the
parameters of M, i.e., alter p(yM|xM) without changing the inputs.

6.4 Module Transfer to Sparse Domains

Under Direct Layer-Transfer, we train all four modules on the source
and each target domain in isolation. Let us denote these pretrained modules as
(Mi)S and (Mi)T for source domain S and a target domain T respectively. We
then replace the shared modules in all the target state models with their source-
trained version, i.e., (M1)T = (M1)S, (M3)T = (M3)S, (M4)T = (M4)S, while
the domain-specific embeddings/embedding-layers in (M2)T are not changed.

Simulated Annealing is a stochastic local-search algorithm, that implicitly
thresholds parameter variations in the gradient space by decaying the gradient
learning rates [26]. As a simple and effective adaptation strategy, we anneal each
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transferred module M in the target domain with exponentially decaying learn-
ing rates to stochastically prevent overfitting. While annealing the transferred
modules, domain-specific module M2 is updated with the full learning rate η0.
Clearly, annealing modifies the conditional in Equation (29), i.e., it changes
p(yM|xM) without changing the inputs (conditional adaptation). However, an-
nealing transferred modules to each target domain is somewhat expensive, and
the annealed parameters are not shareable. Target domains effectively retrain
separate models causing scalability limitations in the one-to-many transfer sce-
nario. We now describe a lightweight residual adaptation strategy to overcome
these scalability challenges.

Distributionally Regularized Residuals (DRR) reuses source modules
with target-specific input modifications (i.e., input adaptation), thus addressing
the scalability concerns of parameter modification methods. Each module M
implements the conditional p(yM|xM). To share the conditionals across our
recommendation domains, we introduce target-specific residual perturbations
to account for its eccentricities [36] and smooth the input distribution p(xM).
Target-specific feature adaptation overcomes the need for an expensive end-to-
end parameter search. Our adaptation problem thus reduces to learning an input
modifier,

xTM = fTM(xM) (30)

for each target domain T and shared module M∈ [M1,M3,M4] .
Residual transformations enable the flow of information between layers with-

out the distortion or gradient attenuation of inserting new non-linear layers,
resulting in numerous optimization advantages. Given the module-input xM to
the shared module M, we introduce the following target-specific residual trans-
form:

xTM = xM + δTM(xM) (31)

The form of the residual function δ is flexible. We choose a non-linear feed-
forward transformation, δ(xM) = tanh(WxM+ b). We also experimented with
a more expressive bilinear form, δ(xM) = h ⊗ tanh(WxM + b). An intuitive
trade-off can be made to balance the complexity and number of residual layers.

6.5 Empirical Analysis

When we adapt modules trained on a rich source domain to the sparse target do-
mains, we signficantly reduce the computational costs and improve performance
in comparison to learning directly on the sparse domains. We chose two review
datasets that were split over states in the United States with no shared users or
businesses across any two states. Our source model was trained on states with
ample volumes and density of data, while the targets were sparse regions with
limited review data (Section 6.5).

We evaluate module transfer methods by the drop in RMSE (Table 9) for
the sparse target states in each dataset when we transfer the M1,M3 and M4
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Dataset State Users Items Interactions

S Pennsylvania 10.3 k 5.5 k 170 k
Yelp5 T1Alberta, Canada 5.10 k 3.5 k 55.0 k
|C| = 120 T2Illinois 1.80 k 1.05 k 23.0 k

T3S.Carolina 0.60 k 0.40 k 6.20 k

Google S California 46 k 28 k 320 k
Local6 T1Colorado 10 k 5.7 k 51.0 k
|C| = 90 T2Michigan 7.0 k 4.0 k 29.0 k

T3Ohio 5.4 k 3.2 k 23.0 k

Table 8: Source and Target statistics for our datasets

modules from the source state rather than training all four modules from scratch
on that target domain. Similarly, the meta-learning baselines were evaluated by
comparing their joint meta-model performance on the target state against our
model trained only on that state. We start with an analysis of the training
process for module transfer with simulated annealing and DRR adaptation.

Transfer Details: On each target state in each dataset, all four modules of our
MMT-Net model are pretrained over two gradient epochs on the target samples.
The layers in modules M1,M3 and M4 are then replaced with those trained
on the source state, while retaining module M2 without any changes (in our
experimentsM2 just contains user and item embeddings, but could also include
neural layers if required). This is then followed by either simulated annealing or
DRR adaptation of the transferred modules.

On the target states, module transfer is 3x faster then training a new model
from scratch Figure 15. We analyze the training loss curves in Section 6.5 to
better understand the fast adaptation of the transferred modules. Further, the
sizes and densities of the target states were not always correlated to the gains we
achieved. Skew (e.g., few towns vs. one big city) and other data factors played
a significant role. For simplicity, we aggregated our target domains by state,
although we expect a finer resolution (such as town) to yield better transfer
performance.

Invariant Quality: A surprising result was the similar performance of direct
layer-transfer with no adaptation to training all modules on the target state from
scratch (Table 9). The transferred source state modules were directly applicable
to the target state embeddings. This helps us validate the generalizability of
context-based modules across independently trained state models even with no
user or item overlap.

Computational Gains: We also plot the total training times including pre-
training for DRR and annealing against the total number of target state in-
teractions in Figure 15. There is a significant reduction in the overall training
time and computational effort in the one-to-many setting. Simulated annealing
and DRR adaptation converge in fewer epochs when applied to the pre-trained
target model, and outperform the target-trained model by significant margins
(Table 9). Further, these computational gains facilitate moving towards a finer
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Table 9: Percentage RMSE improvements on the Yelp and Google Local tar-
get states with module transfer approaches and meta-learning baselines against
training all modules on the target state directly.

Dataset Direct Anneal DRR LWA [64] NLBA [64] s2-Meta [9]
%RMSE %RMSE %RMSE %RMSE %RMSE %RMSE

Yelp
T1 -2.2% 7.7% 7.2% 2.6% 4.1% 3.7%
T2 -2.6% 9.0% 7.9% 1.8% 3.6% 3.1%
T3 0.8% 8.5% 8.1% 0.3% 5.3% 1.8%

Google T1 -1.2% 11.2% 11.0% 3.3% 4.3% 3.1%
Local T2 -1.7% 12.1% 10.9% 4.6% 4.9% 2.8%

T3 -2.0% 9.6% 8.8% 2.4% 6.3% 3.9%

target domain granularity for effective module adaptation (e.g., adapt to towns
or counties rather than states).
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Fig. 14: MMT-Net (ours) convergence compared to NFM [15] and FMT-Net (our
variant with additive context transform) on the Google Local Colorado target
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Fig. 15: MMT-Net(ours) training duration with and without module transfer vs.
target domain interaction volume

Training without Context-Bias To understand the importance of decor-
relating training samples in the training process, we repeat the performance
analysis on our MMT-Net model with and without the adaptive context-bias
term in the training objective in Section 6.3. We observe a 15% performance
drop across the Yelp and Google Local datasets, although this does not reflect
in the Train-RMSE convergence (Figure 16) of the two variations. In the ab-
sence of context-bias, the model overfits uninformative transactions to the user
and item bias terms (su, sv) in Equation (27), Equation (28) and thus achieves
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comparable Train-RMSE values. However, the overfit user and item terms are
not generalizable, resulting in the observed drop in test performance.
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Fig. 16: MMT-Net (ours) trained with & without context-bias (Equation (23))
on the Google Local source exhibits similar Train-RMSE, but registers > 10%
drop in test performance.

Model Training and Convergence Analysis We compare the Train-RMSE
convergence for the MMT-Net model fitted from scratch to the Google Local
target state, Colorado (T1) vs. the training curve under DRR and annealing
adaptation with two pretraining epochs on the target state in Figure 17. Clearly,
the target-trained model takes significantly longer to converge to a stable Train-
RMSE in comparison to the Anneal and DRR adaptation. Although the final
Train-RMSE is comparable (Figure 15), there is a significant performance dif-
ference between the two approaches on the test dataset, as observed in Table 9.
Training loss convergence alone is not indicative of the final model performance;
the target-only training method observes lower Train-RMSE by overfitting to the
sparse data. We also compare the Train-RMSE convergence for target-trained
models with and without pooled context factors (MMT-Net, NFM [15] vs. FMT-
Net) in Figure 14. We observe the NFM [15], MMT-Net models to converge faster
to a better optimization minima than FMT-net.
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Fig. 17: MMT-Net (our model) convergence under target-training vs. Anneal-
ing/DRR adaptation after 2 epochs of pretraining on the Google Local Colorado
target

While contextual invariants are effective when the compared domains have
the same or similar context features, in future work, we aim to adapt model
architectures with gradient feedback alone, i.e., treat the gradient feedback ten-
sors as the key contextual factors of user interactions across recommendation
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domains. We expect these advances to significantly broaden the application of
the neural layer transfer approaches proposed in this chapter.
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