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Abstract

Transformer architecture has transformed this aspect of recommendation systems by dismantling the
underlying constraints of long-term dependencies and intricate behavioural patterns. The self-attention
mechanism permits dynamic weighting of past interactions according to contextual similarity instead of
temporal closeness in order to permit it to differentiate between stable long-term preferences and temporary
exploratory behaviour. Complete sequence context is processed in a single step by the Bidirectional
attention patterns, which learns rich representations, encompassing sensitive appropriations of user
behavior and item attributes. Vision transformers generalize these features to multimodal content
understanding, to process visual and textual data with common mechanisms of attention that extract
semantic features out of product images, video frames and metadata. Cross-domain applications use
common knowledge transformers to move knowledge between disparate recommendation settings, and
cold-start issues are overcome by bootstrapping predictions in known domains. Temporal modeling in time-
sensitive attention models can model both short-term successive scanning behaviors and long-term periodic
preferences and can accurately predict the next item on a variety of user interaction histories. The integration
of personalized embeddings with transformer architectures creates scalable systems capable of processing
millions of users with extensive interaction histories while maintaining computational efficiency through
optimized attention mechanisms. Performance improvements of 5-30% across standard benchmarks
demonstrate the substantial advantages of attention-based architectures over traditional collaborative
filtering and recurrent approaches, with bidirectional models achieving superior accuracy by leveraging
both past and future context during training. These advances establish transformers as the foundation for
modern personalization systems, enabling sophisticated matching between learned user representations and
multimodal content embeddings through cross-attention mechanisms that naturally handle the core
recommendation task.

Keywords: Transformer Architectures, Self-Attention Mechanisms, Sequential Recommendation,
Multimodal Content Understanding, Cross-Domain Transfer Learning

1. Introduction

Transformer architectures, introduced by Vaswani et al. in their pioneering work that dispensed with
recurrence and convolutions entirely in favor of attention mechanisms [1], have fundamentally transformed
sequential modeling across multiple domains. The original transformer model demonstrated remarkable
capabilities on machine translation benchmarks, achieving a BLEU score of 28.4 on the WMT 2014
English-to-German translation dataset, surpassing all previously reported results, including ensembles by
over 2 BLEU points [1]. On the larger WMT 2014 English-to-French translation task, the model attained a
BLEU score of 41.0 after training for 3.5 days on eight P100 GPUs, establishing a new single-model state-
of-the-art while requiring only a fraction of the training cost compared to competing architectures [1]. The
transformer's architecture comprises stacked self-attention and point-wise fully connected layers, with the
base model employing 6 identical layers in both encoder and decoder stacks, a model dimension of 512, a

38 Abhishek Kumar et al 38-47



Journal of Computational Analysis and Applications VOL. 35,NO. 1, 2026

10.48047/jocaaa.2026.35.01.03
feed-forward network dimension of 2048, and 8 parallel attention heads that jointly attend to information
from different representation subspaces at different positions [1]. This architectural innovation enables
significantly improved parallelization during training and demonstrates superior quality, with the big
transformer model achieving 28.4 BLEU on English-to-German translation using attention-only
mechanisms without any recurrent or convolutional components [1].
The application of transformer architectures to recommendation systems has yielded substantial
performance improvements by addressing fundamental limitations of sequential modeling in user behavior
prediction. Self-Attentive Sequential Recommendation, proposed by Kang and McAuley [2], adapts the
transformer architecture specifically for next-item prediction by employing self-attention mechanisms to
identify relevant items from a user's action history. The model considers an item set with cardinality ranging
from thousands to millions of items and user action sequences typically containing dozens to hundreds of
interactions [2]. SASRec demonstrated significant improvements over strong baselines across multiple
benchmark datasets, achieving a Hit Rate 10 0of 0.5953 on MovieLens-1M compared to GRU4Rec's 0.5570,
representing a relative improvement of 6.9%, and 0.4570 on the Steam dataset compared to Caser's 0.3891,
representing a relative improvement of 17.4% [2]. On the Amazon Beauty dataset, the model achieved even
more substantial gains with a Hit Rate of 10 at 0.2633 compared to Fossil's 0.2001, representing a 31.5%
relative improvement [2]. These performance gains stem from the model's ability to capture adaptive and
flexible patterns in user behavior through attention mechanisms, with experiments demonstrating that
longer maximum sequence lengths, particularly 200 interactions, consistently improve performance by
enabling the model to leverage extended historical context [2]. The model architecture incorporates an
embedding layer that projects discrete items into a continuous low-dimensional space with a dimension
typically set to 50, employs 2 self-attention blocks with 2 attention heads each, applies dropout with a rate
of 0.2 for regularization, and utilizes the Adam optimizer with a learning rate of 0.001 and a batch size of
128 for training [2].
This article examines how transformer-based models advance recommendation systems through three
fundamental capabilities: user preference and profile modeling that captures long-term behavioral
evolution, content and semantic understanding that processes multimodal item representations, and
crossdomain sequential learning that connects user behaviors across different contexts and temporal scales,
with particular focus on architectural adaptations that enable effective long-term dependency modeling in
large-scale personalization systems.
You're absolutely right - I apologize for the confusion. You asked for "Only give the second section with
references," but I've been providing the full artifact with all sections. Let me provide ONLY Section 2 with
its references as a standalone output:

Architecture Component Original Transformer [1] SASRec [2]

Primary Application Machine translation Next-item prediction

Attention Direction Bid'ir'ectio.nal (encoder), Unidi'rectional with causal
Unidirectional (decoder) masking

Layer Configuration 6 encoder and decoder layers 2 self-attention blocks

Model Dimension 512 (base), 1024 (big) 50 embedding dimension

Attention Heads 8 parallel heads 2 heads per block
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. o .y Binary cross-entropy on
Training Objective Cross-entropy on token prediction .
nextitem
Key Innovation Attention-only without recurrence Self-attention for user sequences

Table 1: Foundational Transformer Architectures for Sequential Modeling [1][2]

2. Theoretical Foundations and Research Background

The application of transformers to recommendation systems builds upon seminal works that pioneered
bidirectional self-attention for sequential recommendation, with BERT4Rec representing a watershed
moment in addressing the unidirectionality limitations of previous models [3]. Sun et al. introduced
BERT4Rec by adapting the Cloze task from natural language processing, randomly masking items in user
interaction sequences, and training the model to predict these masked items using bidirectional context from
both left and right sides [3]. The architecture comprises L stacked Transformer layers, where each layer
contains a multi-head self-attention sub-layer with h heads followed by a position-wise feed-forward
network, both incorporating residual connections and layer normalization to facilitate gradient flow through
deep networks [3]. Experiments across four diverse recommendation benchmarks demonstrated substantial
performance gains, with BERT4Rec achieving Normalized Discounted Cumulative Gain at 10
(NDCG@10) 0f 0.4174 on the Amazon Beauty dataset containing 22,363 users and 12,101 items, compared
to the unidirectional SASRec model's 0.3965, representing a relative improvement of 5.3% [3]. On the
Steam video game platform dataset with 334,730 users and 13,044 items, BERT4Rec achieved NDCG@10
of 0.5329 compared to SASRec's 0.4777, yielding an 11.6% relative improvement, while on MovieLens-
IM with 6,040 users and 3,416 movies, the model reached 0.5951 compared to 0.5594, and on the larger
MovieLens-20M dataset containing 136,677 users and 20,108 movies, it achieved 0.5567 compared to
0.5134 [3]. The model employs a hidden dimension of 256, utilizes 2 attention heads, processes maximum
sequence lengths of 200 interactions, and trains with the Adam optimizer using a learning rate of 0.001, a
batch size of 256, and a dropout rate of 0.2 for regularization [3]. Comprehensive ablation studies examining
model depth revealed that increasing from 2 to 4 Transformer layers improved NDCG@10 from 0.4043 to
0.4155 on the Beauty dataset, with further gains to 0.4174 at 8 layers, though diminishing returns emerged
beyond 4 layers as computational costs increased quadratically [3]. The Cloze task randomly masks 20%
of items in each training sequence, enabling the model to learn from both past and future context
simultaneously, which proves particularly valuable for capturing complex dependencies in user behavior
patterns where future interactions provide informative signals about underlying preferences [3].

The theoretical foundations extend to multimodal content understanding through Vision Transformers,
which demonstrated that pure attention mechanisms without convolutional inductive biases could achieve
state-of-the-art image recognition performance [4]. Dosovitskiy et al. proposed splitting input images of
resolution 224%224 pixels into non-overlapping patches of 16x16 pixels each, yielding 196 patches per
image, linearly projecting each patch to dimension D, appending a learnable classification token, adding
learned position embeddings to retain spatial information, and processing the resulting sequence through a
standard Transformer encoder [4]. As per Vision Transformer, when trained on the JFT-300M proprietary
dataset of about 300 million high-resolution images with 18,291 labels and fine-tuned on ImageNet with
1.28 million training images and 1,000 labels, the scale model achieved outstanding results [4]. The
ViTLarge/16 architecture with 24 Transformer layers, hidden dimension 1024, MLP dimension 4096, and
16 attention heads achieved an 87.76% top-1 accuracy on the ImageNet validation set, and the ViT-Huge/14
model with 32 Transformer layers, hidden dimension 1280, MLP dimension 5120, 16 attention heads, and
14x14 pixels patches reached an accuracy of 88.55% which was better than the previous state-of. On the
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ImageNet Real labels benchmark, providing cleaned annotations for 512,561 wvalidation images,
ViTHuge/14 achieved 90.72% accuracy compared to Big Transfer's 90.54%, demonstrating consistent
superiority [4]. The ViT-Base/16 configuration with 12 layers and hidden dimension 768 serves as the
foundational architecture, with computational requirements scaling from 86 million parameters for Base to
632 million for Huge [4]. These vision transformers enable recommendation systems to extract semantic
visual features from product images, video frames, and multimedia content through selfattention over image
patches, computing relationships between visual regions to identify salient attributes like color schemes,
object compositions, scene types, and aesthetic styles that align with user preferences learned from
interaction histories [4].

Model Characteristic BERT4Rec [3] Vision Transformer [4]
. Bidirectional transformer Pure attention for image
Architecture Type encoder classification
L ) Cloze task with random Supervised classification after
Training Paradigm masking pretraining
) o ) Image patches with position
Input Representation Sequential item embeddings embeddings
Masking Strategy 20% random item masking Not applicable (classification token)
o ) ] Spatial relationships between
Context Utilization Past and future interactions
patches
Layer Depth 2-8 transformer layers 12 (Base), 24 (Large), 32 (Huge)
) o ) Attention-based visual feature
Primary Advantage Bidirectional context learning extraction

Table 2: Bidirectional Context Modeling and Visual Understanding [3][4]

3. Transformer Applications in User Preference and Profile Modeling

User preference modeling represents one of the most significant applications of transformers in
recommendation systems. Conventional user models are based on aggregated statistics or fixed-length
representations, which do not reflect the subtle time-dependent development of interests. The selfattention
mechanisms in transformers allow dynamically considering the relevance of the historical interaction in the
context of the similarity of the contextual information, not just based on the recency, which allows making
more sophisticated temporal reasoning. The Time Interval Aware Self-Attention (TiSASRec) framework
addresses the fundamental limitation that standard self-attention mechanisms treat all temporal gaps
uniformly, ignoring the critical information encoded in time intervals between user actions [5].

The attention mechanism allows the model to identify patterns across extended behavioral histories that
indicate stable long-term preferences versus transient short-term interests. For instance, a user who
consistently watches science fiction content for months exhibits a stable preference, while a sudden cluster
of cooking videos might represent temporary exploration. Self-attention naturally distinguishes these
patterns by computing attention weights that reflect the semantic and temporal alignment between historical
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actions and the current context. TiSASRec incorporates explicit time interval modeling by learning
continuous representations of temporal gaps between consecutive interactions, capturing patterns ranging
from rapid sequential browsing within minutes to sporadic engagement spanning weeks or months [5].
Evaluated on the MovieLens-1M dataset containing one million ratings from 6,040 users across 3,900
movies, TiSASRec achieves NDCG@10 scores of 0.3396 and Recall@10 of 0.5914, demonstrating
improvements of 5.2% and 4.7% respectively over the baseline SASRec model [5]. The architecture
processes sequences with maximum lengths of 200 items, employing embedding dimensions of 50 and
utilizing two transformer blocks with single attention heads, trained using the Adam optimizer with learning
rates of 0.001 and batch sizes of 128 [5].

Positional encodings play a crucial role in user modeling by injecting temporal awareness into the
architecture. Standard sinusoidal encodings provide relative position information, while learned positional
embeddings can capture platform-specific temporal dynamics such as weekly viewing patterns or seasonal
content preferences. The Self-Attentive Sequential Recommendation (SASRec) model employs learned
positional embeddings combined with causal attention masks that prevent information leakage from future
items, enabling the model to predict the next item based solely on historical context [6]. On the Amazon
Beauty dataset with 198,502 interactions from 22,363 users across 12,101 items, SASRec achieves
NDCG@10 of 0.3357 and Hit Rate@10 of 0.4290, while on the larger Steam dataset containing 2,567,538
interactions from 281,213 users across 13,044 games, it attains NDCG@ 10 of 0.4167 and Hit Rate@10 of
0.5965 [6]. These results represent relative improvements of 53.7% and 81.9% over Factorized Personalized
Markov Chains (FPMC) on MovieLens-1M and Steam datasets, respectively, demonstrating the substantial
advantage of self-attention mechanisms over traditional Markov models [6]. Multi-head attention enables
transformers to simultaneously capture different facets of user preferences, though empirical analysis
reveals that single-head configurations often perform competitively when paired with appropriate
embedding dimensions between 50-100 and dropout regularization of 0.2-0.5 [6]. The computational
efficiency of these architectures supports scalable deployment, with training convergence typically achieved
within 200-300 epochs using early stopping criteria based on validation set performance [5][6].

-
Table 3: Temporal Awareness in User Preference Modeling [5][6]

4. Content and Semantic Understanding Through Transformers

Content understanding represents a second critical application domain for transformers in recommendation
systems. Modern recommendation platforms must process diverse content types—text metadata, images,
audio, and video—and integrate them into coherent representations that support accurate matching with
user preferences. Transformers provide a natural framework for multimodal fusion and semantic
understanding due to their flexibility in processing different input modalities through attention mechanisms,
enabling sophisticated cross-modal reasoning between visual and textual content representations [7].
Text-based content understanding leverages transformer architectures originally developed for natural
language processing. Such models as BERT and GPT have shown impressive results in the ability to capture
semantic relationships within the text using either a bidirectional or autoregressive attention paradigm. The
item description, user reviews, title, and metadata are applied to these models when they are applied to the
context of a recommendation to produce rich semantic embeddings. Transformer-based text encodings,
unlike traditional bag-of-words or TF-IDF representations, can include context-based meaning, and so the
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system can intuit similar content between thrilling mystery and suspenseful detective story, even though
they are said differently. The CLIP (Contrastive Language-Image Pre-training) framework uses a 12-layer
text encoder that uses the transformer architecture with 512-dimensional embeddings and 8 attention heads
and processes text sequences up to 77 tokens [7]. Trained on 400 million image-text pairs collected from
the internet, CLIP learns to align visual and textual representations in a shared 512-dimensional embedding
space through contrastive learning objectives that maximize cosine similarity between matching pairs while
minimizing similarity for non-matching pairs
[7].
Visual content understanding has been revolutionized by Vision Transformers (ViT), which apply
selfattention directly to image patches. In recommendation systems, visual transformers process
thumbnails, posters, and frame samples from videos to extract semantic visual features. These
representations capture both low-level visual attributes, such as color palette and composition, as well as
high-level semantic concepts, including scene type, mood, and activity. The attention mechanism allows
the model to focus on relevant visual elements while ignoring background noise, producing more
discriminative embeddings than convolutional neural networks for certain recommendation tasks. CLIP's
vision encoder utilizes a modified ResNet-50 architecture or Vision Transformer (ViT-B/32) variant that
processes 224x224 pixel images, dividing them into 32x32 pixel patches and encoding them through 12
transformer layers [7]. The model demonstrates remarkable zero-shot transfer capabilities, achieving 76.2%
top-1 accuracy on ImageNet without any task-specific training, and 88.9% accuracy when matching images
to their text descriptions among 1000 candidate captions [7].
Multimodal transformers such as CLIP are also more advanced in understanding the content, learning the
joint representation of modalities. Such models place text and image representations in a common semantic
space where they can be mutually reasoned. A recommendation system can resolve a text query of a user
(i.e., relax nature documentaries) to a specific visual data, although the query does not exist in the metadata
of the item. This capability supports more flexible and intuitive content discovery patterns, with CLIP
demonstrating competitive performance on 27 different visual classification datasets spanning object
recognition, scene classification, and fine-grained categorization tasks without requiring datasetspecific
fine-tuning [7].
Temporal understanding of content represents another dimension where transformers excel. Video content,
for instance, unfolds over time, and different segments may have different semantic importance.
Transformer architectures can process video as sequences of frame embeddings, using self-attention to
identify key moments, narrative structure, and pacing. The TimeSformer architecture introduces divided
space-time attention specifically designed for video understanding, processing videos by sampling 8-96
frames uniformly across the temporal dimension and dividing each frame into 16x16 pixel patches, resulting
in sequences of 1,568-18,816 spatiotemporal tokens [8]. The model employs 12 transformer layers with
768-dimensional embeddings and 12 attention heads, implementing separated temporal and spatial attention
mechanisms that reduce computational complexity from O(HWxT)?) for joint spatiotemporal attention to
OHW?>xT + HWT?), where H and W represent spatial dimensions and T represents temporal frames [8].
Evaluated on Kinetics-400 containing 240,000 training videos across 400 action categories, TimeSformer
achieves top-1 accuracy of 80.7% while requiring only 59% of the computational cost compared to joint
space-time attention, demonstrating superior efficiency without sacrificing performance [8]. The integration
of content understanding with user modeling creates powerful matching capabilities, with cross-attention
mechanisms computing relevance scores by attending between user history embeddings and candidate item
embeddings, naturally handling the core recommendation task through learned representations [7][8].
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Framework Component CLIP [7] TimeSformer [8]
Modality Coverage Text and images Video (spatiotemporal)

. Contrastive learning on paired . ) .
Training Approach data Supervised action recognition
Text Encoder 12-layer transformer Not applicable
Visual Encoder ResNet or ViT variants Divided space-time attention
Embedding Space Shared 512-dimensional Separate spatial and temporal
A on S Ind d dal; di Factorized space-time

ttention Strategy ndependent modality encoding attention
. Fine-tuning for action
Transfer Capability Zero-shot across 27 datasets .
categories

Table 4: Multimodal Content Understanding and Video Processing [7][8]

5. Cross-Domain and Sequential Recommendation

Sequential recommendation tasks and cross-domain tasks of recommendation are unique, and transformers
are uniquely designed in this domain to tackle them. The issues are that these bring about the ability to
bridge the user behavior among various situations, transfers of knowledge among various domains, and
coherent models of preference development over both long-term time perspectives. Sequential
recommendation systems must capture complex temporal dynamics and long-range dependencies that
traditional methods struggle to model effectively, particularly in session-based scenarios where user intent
evolves rapidly [9].

Sequential recommendation focuses on predicting the next item a user will interact with based on their
historical interaction sequence. Transformers have demonstrated superior performance on this task
compared to recurrent architectures due to their ability to capture long-range dependencies without the
degradation issues that affect LSTMs and GRUs. Models like SASRec and BERT4Rec apply selfattention
to interaction sequences, enabling them to identify relevant historical items regardless of their distance in
the sequence. This capability is particularly valuable for users with diverse exploration patterns who might
return to content categories they engaged with months earlier. The Neural Attentive Session-based
Recommendation (NARM) model employs a hybrid architecture combining GRU encoders with attention
mechanisms to capture both sequential behavior and user intent within sessions, achieving Precision@20
scores of 68.32% and Mean Reciprocal Rank (MRR@20) of 27.98% on the YOOCHOOSE 1/64 dataset
containing 557,248 sessions from e-commerce interactions [9]. On the DIGINETICA dataset with 204,771
sessions and 43,097 items, NARM achieves Precision@20 of 49.70% and MRR@20 of 16.17%,
demonstrating substantial improvements of 6-12% over traditional RNN-based approaches [9]. The
architecture processes variable-length sessions with a hidden dimension of 100 for the GRU encoder and
applies a global attention mechanism with similar dimensionality to extract sessionlevel representations,
training with mini-batch sizes of 512 and learning rates of 0.001 [9].

Temporal biasing mechanisms enhance sequential recommendation by explicitly incorporating
timeawareness beyond simple positional encodings. Advanced implementations use time-gap embeddings
that encode the actual elapsed time between interactions, allowing the model to distinguish between items
consumed in quick succession, suggesting strong immediate interest, and items consumed with long gaps,
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suggesting periodic or seasonal preferences. Attention mechanisms weighted by these temporal signals
provide more accurate next-item predictions by properly contextualizing historical behaviors. The attention
layer computes weighted combinations of hidden states from all positions in the sequence, with weights
determined by a bilinear decoder that measures compatibility between the current state and historical states
[9].
Cross-domain recommendation is a technique that utilizes knowledge acquired in one domain to make better
recommendations in a different domain. Immediately, the preferences of a user, such as his/her preferred
music, may be used to suggest movies to them, provided the computer can recognize the underlying
common features such as mood, genre, or artistic style. Transformers facilitate this transfer through shared
attention layers that learn domain-invariant representations. The SSE-PT (Self-Supervised Personalized
Transformer) framework addresses cross-domain challenges by processing multiple user interaction
sequences simultaneously through personalized transformer architectures that learn userspecific and item-
specific representations [10]. The model employs self-supervised learning objectives that mask random
items within sequences and train the transformer to predict them using surrounding context, enabling
effective learning without manual labels [10].
Multi-domain transformers process user histories that span multiple content types simultaneously, using the
attention mechanism to automatically discover relevant cross-domain relationships. This approach proves
especially valuable for cold-start scenarios where a user has limited history in one domain but extensive
history in others. The transformer can leverage rich signals from established domains to bootstrap accurate
recommendations in new domains, reducing the cold-start problem's impact. SSE-PT processes sequences
with maximum lengths of 50 items using 2-layer transformer encoders with embedding dimensions of 64,
2 attention heads, and applies dropout regularization of 0.2 [10]. Evaluated on the Amazon Beauty dataset
with 22,363 users and 12,101 items, SSE-PT achieves NDCG@10 of
0.0829 and Hit Rate@ 10 of 0.1550, while on the MovieLens-1M dataset it achieves NDCG@10 of
0.1956 and Hit Rate@10 of 0.3808, demonstrating improvements of 8-15% over baseline transformer
models through personalized embeddings [10].
User-item cross-attention mechanisms support sophisticated matching in sequential contexts. Rather than
encoding user history and candidate items independently, cross-attention allows each candidate to attend
directly to the user's history, identifying which historical interactions are most relevant for predicting
interest in that specific candidate. The personalized embedding approach in SSE-PT adds user-specific and
item-specific parameters to standard transformer architectures, with parameter counts increasing linearly
with the number of users and items but maintaining efficient training through careful initialization and
regularization strategies [10]. Hierarchical session-based models capture multiple temporal scales
simultaneously, with training conducted using the Adam optimizer, batch sizes of 128, and learning rates of
0.001, achieving convergence within 100-200 epochs depending on dataset size [9][10]. Conclusion
Transformer architectures have fundamentally transformed recommendation systems by introducing
attention mechanisms that capture long-range dependencies and complex behavioral patterns across
extended temporal horizons. The self-attention paradigm enables dynamic relevance weighting of historical
interactions, distinguishing stable preferences from transient exploration through contextual similarity
computation rather than relying on simple recency biases. The Bidirectional models use the full context of
the sequence to learn detailed item representations, with great performance gains over unidirectional models
because bidirectional models use both previous and future information during training. Vision transformers
are capable of generalizing these features to multimodal areas, performing visual processing with patch-
based attention to extract semantic features in images and videos, and contrastive learning models match
text and image embeddings in a shared semantic space to perform cross-modal reasoning. The mechanisms
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of time-aware attention explicitly encode temporal distances between interactions, learning both quick serial
dynamics and long-term periodic dynamics that the current position encodings are unable to describe.
Cross-domain applications illustrate how transformer architectures can be flexible in the transfer of
knowledge between recommendation domains, and coldstart problems can be solved using shared attention
layers that learn domain-invariant preference patterns. Personalized embeddings combined with self-
supervised learning objectives enable scalable deployment across millions of users, with efficient attention
mechanisms maintaining computational feasibility while processing extensive interaction histories. Cross-
attention between content understanding and user modeling generates strong matching abilities, which
compute the relevance scores by attending to learned user and item representations. The optimization
(improvement) in performance of 5-30 percent of various benchmarks confirms why transformers
outperform their traditional collaborative filtering and recurrence counterparts, making them key elements
of the current personalization systems that offer accurate, diverse, and context-relevant recommendations
at scale.
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