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Abstract: Context-aware recommendation systems (CARS) aim to adapt suggestions to dynamic user
situations such as time, location, device, and social setting. However, three fundamental challenges remain
unresolved: (1) integrating heterogeneous behavioral signals (click sequences, dwell time, gaze patterns,
physiological cues) with contextual variables; (2) modeling multi-intent user behavior where goals shift
within a session; and (3) balancing short-term engagement with long-term user satisfaction. This paper
presents CABARET (Context-Aware Behavioral Analytics REcommendation Transformer), a novel Al
[framework combining three complementary techniques: (i) a multi-modal behavioral encoder using cross-
attention transformers that fuses raw behavioral streams with contextual metadata; (ii) a latent intent
routing network that dynamically infers user goals via a mixture-of-experts architecture; and (iii) a deep
reinforcement learning (DRL) policy with dual critics for immediate and delayed rewards, optimized via
prioritized experience replay. Extensive evaluations on three real-world datasets (Yoochoose, Diginetica,
and a proprietary retail dataset with eye-tracking) demonstrate that CABARET outperforms 11 baselines,
achieving 27.4% relative improvement in NDCG@10 and 34.2% improvement in long-term user retention
(7-day revisit rate). Ablation studies confirm the contribution of each Al technique. A live deployment with
120,000 users over 30 days showed a 19.3% increase in click-through rate and 22.7% increase in average
revenue per user (ARPU). The paper concludes with theoretical implications for context-aware Al and
practical guidelines for deployment.

Keywords: Context-aware recommendations, behavioral analytics, deep reinforcement learning, multi-
intent modeling, knowledge graphs, transformer networks

I. INTRODUCTION

In the contemporary digital ecosystem, users are inundated with an overwhelming volume of content, products, and
services across e-commerce, streaming platforms, social media, and news aggregators. This information deluge has
rendered generic, one-size-fits-all recommendation strategies ineffective, as they fail to account for the dynamic and
often ephemeral nature of human intent. Traditional recommendation systems, while successful in leveraging historical
user-item interactions, suffer from two fundamental limitations: they are predominantly static, updating
recommendations in batch mode over hours or days, and they ignore the rich contextual signals embedded in real-time
user behavior.

A user searching for a birthday gift for a friend exhibits drastically different intent than when browsing for personal
leisure, yet most systems treat both sessions identically. Furthermore, behavioral analytics—such as click sequences,
dwell time, scroll depth, mouse hesitations, and hover patterns—provide a granular, implicit window into user
preference and cognitive load, yet these streams remain largely untapped in mainstream recommendation architectures.
Recent advances in artificial intelligence, particularly in deep sequential models (e.g., transformers, temporal
convolutional networks) and real-time stream processing (e.g., Apache Flink, Kafka), offer a transformative opportunity
to bridge this gap.
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This research addresses the central question: How can Al techniques be designed and integrated to deliver context-
aware, personalized recommendations by dynamically learning from real-time behavioral analytics? The proposed
framework hypothesizes that by combining (a) online feature extraction from micro-behaviors, (b) a hybrid deep
learning architecture that captures both short-term session context and long-term user history, and (c) an adaptive
exploration-exploitation mechanism (e.g., contextual bandits), one can achieve significant improvements in
recommendation accuracy, user engagement, and system responsiveness. This paper presents the design, development,
and empirical validation of such an Al-driven system, with the goal of advancing both the theoretical understanding of
real-time personalization and its practical deployment in latency-sensitive applications.

1.1 The Context-Awareness Imperative

Traditional recommendation systems treat user preferences as static or slowly drifting. However, real-world user
behavior is fundamentally contextual: a user who buys business books at 9 AM on a weekday from a desktop may
browse cookbooks at 7 PM on a mobile device. Ignoring context leads to irrelevant recommendations, user frustration,
and lost revenue.

1.2 Problem Statement and Research Gaps

Despite progress in context-aware recommendation (Adomavicius&Tuzhilin, 2011), four critical gaps persist:

Gap Description Consequence
Gl1: Behavioral-context Most models concatenate context as flat features, .
. . L . . Poor generalization
fusion ignoring rich cross-interactions
Users have multiple latent goals within a session (e.g., Suboptimal

G2: Multi-intent modeli . : ; icti
wii-intent modehing browsing, comparing, purchasing) predictions

Most models optimize immediate clicks, not retention

G3: Long-term optimization .
g P or lifetime value

Short-sighted policies|

L trust d
G4: Interpretability Deep models produce black-box recommendations a(;);:)tion rus an

1.3 Contributions

This research makes the following contributions:

CABARET Framework: A novel end-to-end Al architecture for context-aware behavioral recommendation.
Cross-Attention Behavioral-Context Encoder: Learns non-linear interactions between 12 behavioral signals and 8
contextual dimensions.

Latent Intent Routing Network (LIRN): Dynamically infers user's current intent without explicit supervision.
Dual-Critic Deep Reinforcement Learning (DC-DRL): Optimizes both immediate CTR and 7-day user retention
simultaneously.

Knowledge Graph Augmentation: Incorporates semantic relationships between items, contexts, and intents.
Comprehensive Evaluation: Offline, online A/B, and user studies across three datasets.

II. RELATED WORK AND THEORETICAL FOUNDATIONS
2.1 Context-Aware Recommendation Paradigms

Paradigm Approach Limitation
Pre-filtering Context used to select relevant items before Loses cross-context patterns
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Paradigm Approach Limitation

scoring

Ignores context in  similarity]

Post-filtering Context applied after base recommendation computation
u

Context integrated into prediction function

. Scalability issues
(e.g., tensor factorization)

Contextual modeling

CABARET's position: Deep contextual modeling with attention-based fusion.

2.2 Behavioral Analytics for Recommendations

Recent work has moved beyond clicks to richer signals:

Dwell time (Yi et al., 2014): Positive predictor of interest, but noisy.

Mouse movements (Huang et al., 2019): Reveals hesitation and indecision.

Gaze patterns (Kotkov et al., 2021): Indicates visual attention.

Limitation: No prior work fuses these with contextual variables (location, time, device, social setting).

2.3 Deep Reinforcement Learning for Recommendations

DRL treats recommendation as a sequential decision problem:

DQN (Zhao et al., 2018): Optimizes long-term reward but struggles with large action spaces.

Actor-Critic (Chen et al., 2019): More stable but assumes single reward objective.

Dual Critics (Fujimoto et al., 2018): Originally for robotics, unused in recommendations.

Novelty of CABARET: First dual-critic DRL for recommendation that separately models short-term (click) and long-

term (retention) rewards.

2.4 Theoretical Framework: Contextual Multi-Intent MDP

We formalize the problem as a Contextual Multi-Intent Markov Decision Process (CMI-MDP):
M=(SACI P Ry, Ry, V)

Where:

S user state (embedding of history + behavior)

A action space (recommended items)

C: context space (time, location, device, weather, social)

J: latent intent space (inferred, not observed)

R, : immediate reward (click, 0/1)

Ry;: delayed reward (7-day retention, binary)

y: discount factor (0.95)

Key insight: The transition probability P(s’ | s, a, ¢) depends on unknown intent i, which our LIRN estimates.

III. SYSTEM ARCHITECTURE AND METHODOLOGY
3.1 Behavioral and Contextual Signals

Category Signals Sampling Rate Preprocessing

Click sequence (item

Behavioral IDs)

Per event Sequence length 30

Dwell time (ms) 100ms Loglp + winsorize
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Category Signals Sampling Rate Preprocessing
M locit
ouse VeI ls0ms Exponential smoothing
(px/s)
Gaze. fixation 30ms (eye-tracker) Binary threshold >500ms
duration

Scroll depth (%) Per scroll Quantile bins (0-4)
Hover dwell (ms) Per element Normalized
. . Sin/cos encoding

Contextual Time of day 1 min (hour/24)

Day of week 1 day One-hot (7)

Device type Session Mobile/Tablet/Desktop

GPS location 5 min Geohash level 4

(coarse)

Weat.h.er (temp, 1 hour Temp — z-score

condition)

Social setting (app

Session Alone/Group (inferred)
usage)
Battery level (%) 1 min Quantile bins
Network type Session WiFi/4G/5G

3.2 Multi-Modal Behavioral-Context Encoder (Cross-Attention)

We use cross-attention transformers (Vaswani et al., 2017) to fuse modalities:
Let B € Rlv*% be behavioral tokens, C € RE<*%c be context tokens.
Cross-attention block:

Output: B’

(Wo)(c W)

NEn

CrossAttn(B, C) = softmax ( > cwy)

LayerNorm(B + CrossAttn(B, C)) followed by feed-forward.

We stack 3 cross-attention layers, then mean-pool to obtain fused representation f € RY (d_f=256).

3.3 Latent Intent Routing Network (LIRN)
We assume K latent intents (K=5 by grid search over {3,4,5,6,7}). The gating network computes:
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exp (WL f+b
i = p (Wi f + by) Vk=1. K

K
zj:l exp (w]-Tf + b))

Intent-specific experts: e, = MLP,(f)

Final intent representation: Ziye, = Y.k=1 Jk * €k

Loss for intent disentanglement: We add a diversity loss to prevent collapse:
Lygiversity = —log det (softmax(G"G))

where G is the batch-wise gating matrix.

IV. EXPERIMENTAL SETUP

4.1 Datasets
Dataset Users |Items|Interactions/Contexts Behavioral Signals Retention Label

. timestamp, . No (proxy:
'Yoochoose (modified) M 52k P33M . clicks, sequence

session next day)

Diginetica 204k  |120k 982k timestamps clicks, cart No
Proprletal.*y Retail (with 15k ek DM full (8 dims) clicks, dwell, gaze, Yes. ' (7-day|
eye-tracking) scroll, mouse revisit)

4.2 Baselines

Non-contextual: BPR-MF, GRU4Rec, SASRec, BERT4Rec

Context-aware: Context-Aware MF, CARP (contextual tensor factorization), Context-TCN

DRL-based: DQN-Rec, Actor-Critic-Rec, TD3-Rec (single critic)

Ours: CABARET (full) and ablations (CABARET-Nolntent, CABARET-NoKG, CABARET-SingleCeritic)

4.3 Evaluation Metrics

Offline:

NDCG@10, Recall@10, MRR

Long-term value (LTV) proxy: 7-day revisit prediction AUC
Online (A/B test, 30 days):

CTR, Conversion Rate, ARPU

Day-7 retention rate

User satisfaction survey (5-point Likert)

V. RESULTS
5.1 Offline Performance
Model NDCG@10 [Recall@10MRR7-Day Revisit AUC|Latency (ms)
BPR-MF 0.187 0.212 0.165(0.51 12
GRU4Rec 0.312 0.341 0.287(0.54 58
SASRec 0.345 0.378 0.312{0.55 95
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Model NDCG@10 [Recall@10MRR7-Day Revisit AUC|Latency (ms)
BERT4Rec 0.358 0.389 0.324/0.56 310
Context-Aware MF 0.298 0.321 0.271/0.53 28

CARP 0.334 0.365 0.305(0.54 67
Context-TCN 0.367 0.398 0.338/0.58 112
DQN-Rec 0.351 0.382 0.328/0.61 145
/Actor-Critic-Rec 0.372 0.405 0.345/0.63 138
TD3-Rec 0.378 0.412 0.351/0.64 142
CABARET (Full) 0.481 0.521 0.4450.78 167

Key findings:

CABARET outperforms the best baseline (TD3-Rec) by 27.4% in NDCG@10.
The 7-day revisit AUC (0.78) indicates strong long-term prediction, whereas all baselines are near-random (0.51-0.64).
Latency (167ms) is acceptable for real-time recommendations (target <200ms).

5.2 Ablation Study

Variant NDCG@10 |A from Full7-Day AUCA from Full
Full CABARET 0.481 — 0.78 —

INo cross-attention (concat only) 0.412 -14.3% 0.69 -11.5%
INo LIRN (single intent) 0.438 -8.9% 0.71 -9.0%
INo KG augmentation 0.451 -6.2% 0.73 -6.4%
Single critic (short-term only) 0.467 -2.9% 0.65 -16.7%
Single critic (long-term only) 0.403 -16.2% 0.76 -2.6%

Insights:

Cross-attention provides the largest boost in accuracy.

Dual critics dramatically improve long-term retention without sacrificing short-term accuracy.
LIRN's multi-intent modeling contributes ~9% gain.
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Metric Control (SASRec + random (Treatment Relative Statistical

exploration) (CABARET) A significance
CTR 4.21% 5.02% +19.3% p <0.001
Conversion Rate 2.31% 2.83% +22.5% p <0.001
ARPU (USD) $18.40 $22.58 +22.7% p <0.001
Day-7 Retention 41.2% 51.8% +25.7% p <0.001
Satisfaction (1-5) 3.67 4.21 +14.7% p<0.01
Ave. session length | ¢ ) 7.5 421.0% | p<0.001
(min)
Qualitative user feedback (open-ended responses):
"The app seems to know what I want depending on the time of day."
"Finally, recommendations change when I'm at work vs at home."
"I noticed it stopped showing me kids' toys late at night — thank you!"
5.4 Intent Distribution Analysis
Using the LIRN gating network, we analyzed intent distribution across contexts:
Context Intent 1 [Intent 2/Intent 3(Intent 4[Intent 5

(Browsing) (Comparing) (Purchasing) (Discovery) (Repeat)
Morning  (6-10
AM) 0.12 0.08 0.52 0.18 0.10
Lunch (12-2
31 24 12 2 .
PM) 0.3 0 0 0.28 0.05
Evening (6-10
. .14 . .62 .

PM) 0.08 0 0.09 0.6 0.07
Mobile device 0.42 0.19 0.08 0.26 0.05
Desktop 0.11 0.21 0.44 0.15 0.09
Rainy weather 0.14 0.09 0.33 0.38 0.06

Interpretation: Morning users on desktop are in "purchasing" intent; evening users on mobile are in "discovery"
intent. CABARET adapts accordingly.
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VI. CONCLUSION

This paper introduced CABARET, a novel Al framework for context-aware personalized recommendations using
behavioral analytics. The framework integrates three advanced Al techniques: cross-attention transformers for
behavioral-context fusion, a latent intent routing network for multi-goal modeling, and dual-critic deep reinforcement
learning for balancing short-term and long-term rewards. Extensive evaluations across offline datasets and a 30-day live
deployment with 120,000 users demonstrated significant improvements over 11 baselines, including 27.4% higher
NDCG@10 and 25.7% higher day-7 retention. The results establish that context-aware behavioral analytics, when
properly integrated with multi-intent and dual-objective Al techniques, can fundamentally improve recommendation
quality and user lifetime value. The framework is open-sourced to accelerate research and industrial adoption.
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