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Abstract

Anticipating and capturing transient demand
spikes is a critical challenge for e-commerce
platforms, as reactive discovery mechanisms
often fail to surface relevant products during
rapid cultural or seasonal shifts. We propose
TrendPulse, a three-stage framework that iden-
tifies regional search momentum, leverages
Large Language Model (LLM) to transform
spikes into semantic trends, and employs a
cross-attention mechanism to provide person-
alized catalog recommendations. Our compre-
hensive ablation experiments and evaluations
validate the impact of each architectural compo-
nent, showing consistent improvements across
multiple critical business metrics. TrendPulse’s
effectiveness is further validated through on-
line A/B experiments, where it drives measur-
able gains in both business metrics and overall
user experience. Finally, we outlined the de-
ployment strategy in detail, providing a repro-
ducible blueprint that can be readily applied to
similar industry-scale applications.

1 Introduction

Modern e-commerce platforms mostly depend on
reactive discovery, where products surface only af-
ter users search for them. This works poorly in
culturally diverse, season-driven markets like India,
which has 300+ annual festive and trend-driven
events. Shoppers often don’t know what seasonal
items are available, creating an intent gap and caus-
ing trending products to stay hidden, leading to
lost engagement and sales. The economic effect
of these spikes is substantial. For example, during
the 2025 festive season, India’s online retail market
expanded by 27% compared to the previous year,
reaching USD 12.84 billion (FE, 2025b), while
quick commerce platforms experienced a 120%
surge in order volumes (FE, 2025a).

The challenge of anticipating seasonal demand
has traditionally been addressed through the lenses
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of time-series forecasting and recommendation sys-
tems. The most recent and relevant work in this
area is TrendSpotter (Ryali et al., 2023), which
utilizes statistical methods and models like Incep-
tionTime (Ismail Fawaz et al., 2020) to identify
emerging products. However, TrendSpotter and
similar reactive models exhibit several critical limi-
tations:

* Reactive vs. Proactive Discovery: These
models typically surface products only after
they have already witnessed a significant jump
in clicks over the previous week. This makes
them ineffective for "cold-start" events where
raw search logs are too sparse to capture the
full breadth of seasonal intent before the peak
occurs.

* Surface-Level Personalization: Current ana-
lytical models generally offer limited person-
alization, primarily showing categories simi-
lar to those a user has previously interacted
with. They fail to deeply integrate the user’s
broader historical context with emerging cul-
tural shifts.

* Semantic Gap: These systems often focus on
numerical surges rather than mapping the un-
derlying semantic cultural context to specific
product catalogs.

To address these limitations, in this paper we are
introducing TrendPulse, a three-stage framework
that converts raw search logs into region-specific
trends using LL.Ms for context and cross-attention
to combine user preferences with trending queries.
Unlike previous reactive systems, TrendPulse uti-
lizes LLMs to generate synthetic queries relevant to
a trend before any platform spike is even recorded,
effectively bridging the "intent gap". Furthermore,
instead of simple category matching, our model per-
sonalizes catalog recommendations based on the
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user’s entire previous journey, leveraging a neural
retrieval architecture to provide superior cultural
relevance and personal tailoring. This work make
following contributions:

* We introduce TrendPulse, which is built on
top of previous works like TrendSpotter and is
specifically designed to capture trends while
improving the homepage feed of the user with
personalized catalogs in event-heavy markets
like India.

* Our approach significantly outperformed re-
cent SOTA and rigorous ablation studies show
the importance of each of our architectural
choices.

* We performed extensive online A/B experi-
ment evaluation across several critical metrics
along with qualitative analysis which shows
the effectiveness of our approach in the real
world. We also discussed the deployment strat-
egy that can help as a blueprint for other large
scale industries.

2 Methodology

We propose a three-stage framework that converts
raw search logs into personalized catalog recom-
mendations. The notations used in this section
are detailed in Table 6 and architecture flow is de-
scribed in Figure 1.

2.1 Growth-Based Filtration

We detect emerging queries using a dual-window
growth statistic (Algorithm 1). A 30-day baseline
window (W) estimates historical frequency (Cp),
while a 3-day surge window (W) captures recent
activity (C5). The expected surge count is:

E[C] = - Cb, ey

and momentum is defined as:

_ C, - E[C]
“="mey @
Queries with (G, > 0) and (Cs > (.. ) are

retained to suppress noise. In this context, noise
refers to two types of irrelevant data: (i) queries
that are not in a growing state despite historically
high volume, and (ii) nascent queries with high
growth but insufficient user density (e.g., Cs,,,, <
100 searches) that lack statistical significance for

Algorithm 1: Growth-Based Filtration

Input: query logs L, Wy, W
Output: List of regional tuples £
1 Initialize: £ < [];
2 foreach query g € L do

3 C' < Count of g in Wp;
4 C's < Count of g in Wg;

[Ws | .
5 E[Cs] + x Cy;

[Wh|

Cs — E[C;

6 Gy -7 ],

E[C:]
7 ifGy > 0and Cs > Cs . then
8 L Store g with score G4 in regional cohort 1 € Ryae;

9 foreach r € Ry do

10 Qrnkea < Sort g by G descending; keep top IV;
11 Append (Q7reqr 7) t0 L
12 return L;

Algorithm 2: Trend Detection & Query

Generation

Input: Regional query list £

Output: Combined query pool Lcombined
1 Initialize: Loy < [], Loen < [1;
foreach (Q.., .4, ) € £ do

L (r, T, Qfittered)

w N

LLM_Filter_and_Map(r, Q eq> cONtext);
Append (T7 T, Qﬁ]lered) to L
foreach distinct (v, T) € L do
Qgen + LLM_Generate(n, trend = T, region = r);
Append (7, T', Qgen) t0 Lgen;
Lcombined — L U £gen;
return Leombined;

e 9w &

regional trends. The remaining queries are grouped
by region, ranked by (G, ), and the top-N (where
N =~ 1000) per region are selected, producing a
set of regional candidate lists for downstream trend
modeling.

2.2 Trend Identification and Query
Generation

We use an LLLM to convert statistically filtered
spikes into semantic trends. For each regional tu-
ple, the model removes noisy queries and retains
culturally relevant ones (Qfiltered), then maps them
to trend labels (T). To improve recall and address
sparsity, the LLM additionally generates (n) syn-
thetic queries per trend, forming an expanded set
(Qgen)- As summarized in Algorithm 2, filtered and
generated queries are stored as (L) and (Lgen),
respectively, and merged into a unified candidate
pool (Leombined) for downstream retrieval.

2.3 User Personalized Catalog Selection

This phase identifies optimal catalogs by mapping
user-specific intent to trending queries. Users are
mapped to demographic or behavioral cohorts to
refine the trending pool L ,mpineq inNt0 a cohort-
relevant subset L f;pq.
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Figure 1: Overview of the TrendPulse architecture.

2.3.1 Neural Retrieval Architecture

We train a Deep Neural Network (DNN) using a
multi-tower architecture to retrieve specific cata-
logs for each (Uy, q) pair, where U denotes user
features and q € L y;,q represents the query. The
process begins with the generation of robust repre-
sentations: query embeddings from a pre-trained
sentence-transformer! are fine-tuned through an
MLP, while a Transformer Encoder simultaneously
extracts features from user demographics and in-
teraction sequences. These distinct signals are
then integrated via a cross-attention mechanism,
which contextualizes the user’s intent against the
specific query. Finally, this unified representation
is mapped against the catalog space M, which is
parameterized through dedicated ID-based embed-
ding tables to facilitate efficient retrieval.

2.3.2 Training Objective and Optimization

The model predicts order probability by calculating
the dot product between contextualized query and
catalog embeddings. We minimize the Categorical

"https://huggingface.co/sentence-transformers/sentence-
t5-base

Cross-Entropy Loss:

M
J(0) == yilog(ii:) 3)
=1

where the predicted distribution ¢; is generated via
a softmax layer. To manage the massive catalog
space, we employ a dual-negative sampling strat-
egy (Yang et al., 2020): in-batch negatives with
logQ correction (Yi et al., 2019) (positive targets
from other users in the mini-batch) and global neg-
atives (randomly sampled catalogs). This results in
the retrieval of the top K catalogs per unique user
context.

3 Experiments

3.1 Experimental Setup

We evaluated TrendPulse using a 12-month e-
commerce dataset, reserving the first 10 months
for training and the final 2 months for testing. This
temporal split assesses the model’s ability to gener-
alize to unseen seasonal events using anonymized
user features (Uy), search logs (Cy, Cs), and re-
gional identifiers (Rsiqte)-
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Table 1: Impact of Key Components.

Vari | NDCG | PRAUC
ariant
| @20 @50 @100 |

Base Model +4.13% +4.08% +4.15% +4.24%
+ LLM Query Gen +5.51% +5.57% +5.49% +5.97%
+ ID Embeddings +7.29% +7.31% +7.36% +7.58%
+ User Personalization +9.32% +9.28% +9.30% +9.58%
+ Trendy-Only Training | +10.41% +10.48% +10.37% | +10.56 %

3.2 Evaluation Framework

The framework is measured by catalog retrieval per-
formance and trend discovery accuracy, reported
as relative gains against the TrendSpotter base-
line. Catalog quality is quantified post platform
ranker model via PRAUC and NDCG@K (K €
{20, 50,100}) to determine the ranking precision
of seasonal items. To ensure LLM-identified trends
reflect actual market demand, we validate trend
accuracy using recall against two benchmarks: (1)
Internal: Overlap with seasonal event lists provided
by platform sellers. (2) External: Overlap with
global market trends sourced from Google and Pin-
terest Trend APISs.

3.3 Impact of Key Components

We conducted a systematic ablation study to quan-
tify the contribution of each architectural decision
by measuring relative deltas against TrendSpotter.
Results are summarized in Table 1. To clarify the
progression of our framework, we detail each in-
cremental component below and link it to its corre-
sponding technical implementation.

Base Model: This reactive baseline utilizes
Growth-Based Filtration to detect momentum, fol-
lowed by Trend Mapping and Filtering to iden-
tify relevant queries. These queries are processed
through a Sentence Transformer and MLP in a stan-
dard two-tower setup, and retrieved via dot prod-
ucts with catalog embeddings derived solely from
raw textual metadata. Refer to Appendix B for
more details.

+ LLM Query Gen: This iteration introduces
the synthetic query generation (Q)4¢p,) detailed in
Section 2.2 to the baseline. By generating diverse,
high-intent search terms before a platform-wide
spike is recorded, this model bridges the “cold-
start” intent gap where raw search logs are often
too sparse to capture emerging seasonal trends.

+ ID-based Embeddings: In this version, raw
metadata-based representations are replaced with

dedicated ID-based embedding tables, a standard
technique in neural collaborative filtering and rec-
ommendation architectures (Covington et al., 2016;
He et al., 2017). These embeddings allow the sys-
tem to learn latent, platform-specific interaction
relationships and adapt to rapidly evolving local
trends more effectively than general pre-trained
semantic models.

+ User Personalization: This model incorpo-
rates the Neural Retrieval Architecture’s cross-
attention mechanism (Section 2.3.1), which inte-
grates user demographics and interaction sequences
(Uy) with the query embeddings. This provides
the most significant performance boost by tailor-
ing broad cultural trends to the specific historical
journey of each user cohort.

+ Trendy-Only Training (TrendPulse): The
final framework implements Trendy-Only Train-
ing, which refers to our specialized data curation
strategy used during the optimization phase (Sec-
tion 2.3.2). Instead of training the retrieval model
on the platform’s generalized, year-round historical
data, the training dataset is restricted exclusively
to query-catalog interactions originating from sta-
tistically validated trending periods (i.e., where
G4 > 0). This specialized training ensures the dis-
tinct cultural and metaphorical signatures of “viral”
events are preserved, resulting in superior ranking
precision (NDCG) and increased business metrics
like order contribution.

3.3.1 Iterative Refinement

Prompts (Refer Apendix C) were iteratively refined
across cultural, seasonal, and event-based dimen-
sions, with recall results detailed in Table 2.

VO0-V1 (Foundational): Early versions used
state-level context. Transitioning to city-level
triggers in V1 induced hallucinations and over-
generalization, which lowered external recall by
producing generic queries rather than specific
trends.
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Table 2: Recall across prompt iterations

Recall

Prompt Version ‘
‘ Internal External

VO 771%  74.6%
A\t 65.2% 62.4%
V2 85.4% 80.1%
V3 94.6% 91.2%

V2-V3 (Structural Optimization): V2 inte-
grated XML formatting and web-search verifica-
tion to confirm trend timing, significantly increas-
ing recall. V3 added positive and negative multi-
shot examples to prevent the "force-fitting" of
generic queries.

3.3.2 LLM Backbone Benchmarking

We evaluated multiple foundational models (Hurst
et al., 2024; Comanici et al., 2025; Singh et al.,
2025) to identify the strongest reasoning engine for
trend identification. As shown in Table 3, GPT-5
consistently outperformed other models in captur-
ing both niche seller-provided events and broader
market trends. This suggests that high-parameter
models are better equipped to handle the complex
reasoning required for regional cultural mapping
and temporal filtering.

Table 3: Comparison across different model backbones

Model ‘ Recall

‘ Internal External
GPT-40-mini 71.4% 68.2%
Gemini-2.5-Flash | 80.9% 75.4%
Gemini-2.5-Pro 87.3% 82.1%
GPT-5 94.6% 91.2%

3.4 Sensitvity Analysis

The Growth-Based Filtration stage’s efficacy de-
pends on the configuration of the Baseline (117})
and Surge (W) windows, which balance trend re-
sponsiveness against noise suppression. Analysis
in Table 4 shows that a 30-day baseline provides
a stable historical norm (C}) that filters out stan-
dard weekly fluctuations more effectively than a
14-day window, ensuring higher precision. For the
surge window, a 3-day duration is superior for cap-
turing "viral" cultural moments and rapid shifts in
user behavior. In contrast, a 7-day window dilutes
the growth metric (G,), making the system less

responsive to the fast-moving trends identified in
our benchmarks.

Table 4: Effect of Baseline and Surge window

W, W, ‘ Recall

‘ Internal  External
14 3 92.4% 90.1%
14 7 82.8% 79.7%
30 3 94.6% 91.2%
30 7 86.7% 83.9%

4 Real World Deployment

4.1 Deployment Framework

TrendPulse employs a hybrid architecture balanc-
ing offline batch processing with real-time serving.
Daily batch cycles perform growth-based filtration
and LLM-driven trend generation, storing the re-
sulting region-specific query pairs in Redis. During
real-time inference, the system retrieves a user’s
cohort c and relevant queries L f;,q; from the fea-
ture store and Redis. The catalog retrieval model
then uses the user feature vector Uy to predict order
probabilities via dot products between contextual-
ized query and catalog embeddings. The top K
candidates are finally re-ranked by predicted click-
through rate (pCTR) and merged into the user’s
personalized feed. The deployment flow is illus-
trated in Figure 2.

4.2 Inference Optimization

To balance GPU utilization and latency, we evalu-
ated multiple inference engines and precision for-
mats. As shown in Figure 3a, TensorRT in FP32
significantly outperformed standard PyTorch and
ONNX as RPS scaled, with FP16 precision provid-
ing further substantial reductions in p99 latency.
We also optimized the catalog search space M
by testing interaction look-back windows from 60
days down to 3 days. While reducing the window
size directly decreased latency, accuracy remained
stable down to a 7-day threshold before dropping
significantly at 3 days, as illustrated in Figure 3b.
Thus, a 7-day window provides the optimal balance
between inference speed and recommendation qual-

1ty.
4.3 Online Experiments

To evaluate the real-world impact of TrendPulse,
we conducted a 4-month A/B test comparing a treat-
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Figure 3: Latency & Accuracy Analysis.

ment group against a control group using the stan-
dard recommendation engine. We measured the
framework’s effectiveness through several KPIs
focused on engagement, retention, and revenue.
Engagement was assessed via immediate interest
metrics including Clicks per user (CbyU), Click-
Through Rate (CTR), and Search engagement (SE).
We also monitored Scroll depth (SD) to measure
deep interaction with the personalized feed. Re-
tention and frequency were analyzed through App
Opens (AO) to see if seasonal relevance drove re-
peat visits. Finally, business impact was quantified
using Orders per view (ObyV), Order Contribu-
tion of catalog (OCC), and Net Merchandise Value
(NMYV). Detailed information on these metrics are
provided in appendix D.

4.3.1 Quantitative Analysis

Analysis was conducted across two windows: the
Sustained Period (four-month long-term stability)
and Active Trend Windows (high-intensity sea-

sonal/regional spikes). We further split these active
trends into two distinct categories: predictable an-
nual trends and non-recurring viral trends. Results
in Table 5 show that TrendPulse consistently out-
performed the control group, maintaining steady
growth during normal operations while delivering
massive engagement and conversion surges during
viral events. This validates the framework’s supe-
rior ability to monetize transient demand compared
to traditional recommendation systems.

Table 5: Online Experiment Metrics. Details on these
metrics are given in appendix D.

Metric | Sustained Active
\ Annual Viral

CbyU +1.2% +24% +1.7%
CTR +2.0% +5.5% +3.9%
SE +0.6% +1.3% +0.9%
SD +2.0% +6.2% +5.9%
AO +0.5% +1.5% +1.5%
ObyV +0.5% +1.5% +1.07%
OCC - +5.7% +4.5%
NMV +0.5% +1.5% +1.07%

4.3.2 Qualitative Analysis

The following cases illustrate TrendPulse’s capac-
ity to map real-time regional spikes to personalized
feeds: As shown in Figure 4a, the system identi-
fied a surge in IPL (cricket event) interest for the
Bengaluru team jersey, successfully populating the
homepage feeds of cricket-interested users within
that specific region. During a viral spike for Labubu
dolls, the growth-based filtration captured the mo-
mentum, enabling real-time personalization of land-
ing pages for relevant user cohorts as depicted in
Figure 4b. More detailed qualitative analyses are
provided in Appendix E.

5 Conclusion & Future work

In this paper, we present TrendPulse, a framework
designed to shift product discovery from a reactive
model to a proactive, trend-centric engine. The
core contribution lies in its ability to bridge the
semantic intent gap by transforming raw regional
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(b)
Figure 4: Trending categories captured by TrendPulse.

search spikes into actionable cultural trends using
LLMs. By generating synthetic queries and utiliz-
ing a neural cross-attention mechanism, the system
identifies viral momentum early, capturing events
like cricket surges and regional festivals before
they peak on the platform. Our results demonstrate
that this trend-focused approach is highly effective,
yielding significant gains in critical metrics. Ulti-
mately, TrendPulse provides a scalable blueprint
for monetizing transient demand through the deep
integration of user personalization and real-time
cultural signals. In future, we will focus on explor-
ing multimodal LLMs to incorporate visual social
media signals for accelerated viral discovery.
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A Notations

All the notations used in section 2 are described in
Table 6.

B Base Model Architecture

The Base Model represents the foundational, re-
active retrieval system used as a benchmark for
evaluating the incremental gains of the TrendPulse
framework. It establishes a standard pipeline that
maps statistical search momentum to product cat-
alogs without the proactive query generation or
personalized cross-attention mechanisms of the fi-
nal model. Refer to Figure 5 for the overall visual
representation of this architecture.
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Table 6: Important Notations Used in Section 2

Symbol Description Symbol Description
Wy Baseline window (30 days) W Surge window (3 days)
Cy Baseline count of query ¢ Cs Surge count of query ¢
E[Cs] Expected baseline count Gy Growth metric (momentum)
Coin Min surge count threshold Rgtate Regional cohorts
N Top candidates per region r Individual region

T anked Top-N queries in r L List of regional tuples
Qritterea  LLM-filtered queries T Identified semantic trends
Qgen Synthetic queries (LLM) n Synthetic queries per trend
L i List of filtered tuples Lgen List of generated tuples
Lcombinea Combined candidate pool L tinal Personalized query subset
U User feature vector q Individual query
k Individual catalog item M Set of candidate catalogs
f Model scoring function J(0) Categorical Cross-Entropy
0 Model parameters Yi Ground-truth label
Ui Predicted distribution

¢ Growth-Based Filtration: This module in-

gests raw query logs and applies a dual-
window growth statistic to identify emerging
search momentum. It utilizes a 30-day base-
line (W3) and a 3-day surge window (W) to
produce a ranked list of regional candidate
queries.

Trend Identification: In the base configura-
tion, this stage is limited to Trend Mapping &
Filtering, where statistically significant spikes
are mapped to broad semantic categories. Un-
like the full framework, this module operates
purely on historically filtered logs and does
not utilize an LLM for synthetic query expan-
sion.

Catalog Selection: This retrieval module uti-
lizes a dual-tower approach to estimate order
probability. The query tower processes fil-
tered terms through a pre-trained Sentence
Transformer and an MLP. These are then
mapped via dot product against Catalog Em-
beddings generated from raw metadata.

C Prompt Engineering

C.1 Prompt For Trend Identification

To maintain experimental consistency, all prompt
iterations were evaluated using the same LLLM back-
bone. The evolution of the prompt logic across four
distinct versions is detailed below:

* V0 (Baseline Evaluation): This version fo-
cused on filtering and categorizing query
spikes across cultural, seasonal, and key event
dimensions using state-level cohort defini-
tions. While it established a baseline, it lacked
a temporal awareness mechanism, frequently
failing to filter out "stale" or expired trends.
Refer Figure 6 for prompt Architecture.

V1 (Granularity and Demographics): This
iteration introduced user gender as an addi-
tional signal and attempted to pivot from state-
level targeting to city-level identification. This
change caused severe data sparsity, leading the
model to hallucinate trends or over-generalize
generic queries. Refer Figure 7 for prompt
Architecture.

V2 (Structural Optimization & Verifica-
tion): Structured XML formatting was in-

Notably, this architecture lacks the Neural Re-
trieval Architecture’s cross-attention layer, mean-
ing it does not contextualize trends against individ-
ual user features (Uy) or interaction sequences.

troduced to improve adherence to complex
instructions and category mapping. A criti-
cal breakthrough was the integration of web-
search tools to cross-verify the timing and
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Figure 5: Overview of the Base Model architecture.

novelty of trends against global events. Ad-
ditionally, multi-processing was implemented
to parallelize calls, reducing processing time
from 120 minutes to 20 minutes. Refer Fig-
ure 8 for prompt Architecture.

* V3 (Standardization and Noise Suppres-
sion): The final phase eliminated "force-
fitting," where generic queries were incor-
rectly mapped into trend categories. This was
achieved by implementing multi-shot logic
with rigorous positive and negative examples
to distinguish emerging trends from standard
search behavior. Instructions were also refined
to enforce standardized, non-regional trend la-
bels to ensure generalizability for downstream
catalog mapping. Refer Figure 9 for prompt
Architecture.

C.2 Prompt For Query Generation

As outlined in Section 2.2, we leverage an LLM to
enhance recall while maintaining sparsity by gener-
ating queries derived from the trends identified in
the preceding stage. The prompt design employed
in this phase is illustrated in Figure 10.

D Online Experiment Metrics

D.1 Engagement and Interaction Metrics
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Clicks per user (CbyU): Measures the aver-
age number of clicks a user performs on the
platform. An increase in this metric signifies
that the improved homepage feed is success-
fully surfacing more relevant products.

Click-Through Rate (CTR): Tracks the ratio
of clicks to views on the platform. Growth
in CTR indicates that the personalized, trend-
driven recommendations are more enticing
and accurately matched to user intent.

Scroll depth (SD): Quantifies how many cat-
alogs a user views within the feed. Higher
scroll depth suggests deep interaction, as su-
perior recommendations encourage users to
engage longer and explore further down the
personalized feed.

Search engagement (SE): Measures the daily
average number of users who search for prod-
ucts on the platform. Improvement in SE vali-
dates that TrendPulse effectively bridges the
“intent gap” and drives proactive discovery.



Prompt VO

You are given a predefined list of search queries. Select queries strictly only from this list. Do not
create, modify, rephrase, or add any new queries.

Analyze and identify the queries that are most relevant for users with the cohort: {state} in India
on {current_date}.

Consider:
e Cultural relevance (festivals, regional cuisine, traditions)
» Seasonal factors (monsoon, harvest season, tourism peaks)
* Key events (local holidays, gender-specific shopping patterns, city-level events)

Input: Queries provided as a comma-separated string: {queries}

Output: Return only the selected queries as a comma-separated string. Do not include any
explanation or additional text.

Figure 6: Prompt VO

D.2 Retention and Business Impact Metrics for a surge in clicks, TrendPulse identifies these

E

This section provides a detailed look at how Trend-

shifts early through growth-based filtration and

* App Opens (AO): Monitors the frequency )
LLM-driven semantic mapping.

with which a user opens the app within a spe-
cific time period. Increases in AO demonstrate g 1  Basant Panchami (The Festival of
that seasonal relevance and fresh trending con-
tent drive repeat visits and higher user reten-
tion.

Knowledge)

* The Event: Basant Panchami is a Hindu fes-
tival that honors Goddess Saraswati, the deity

Orders per view (ObyV): Calculates the of learning, arts, and music.

number of orders placed relative to the number

of views. This critical conversion metric rises

as the feed’s relevance improves, especially

during active trend windows.

* Cultural Context: It marks the onset of
spring. The color yellow is central to the cel-
ebration, representing the blooming mustard
fields and the energy of the sun.

Order Contribution of catalog (OCC): Mea-
sures the specific improvement in order vol-
ume attributed to trending catalogs. This met-
ric highlights the framework’s ability to mon-
etize transient demand during viral events.

* TrendPulse Capture: The system identifies
a "cold-start" surge in queries for "Saraswati
idols" and "yellow saris". By using LLM-
driven query generation, it populates feeds
with educational kits and traditional yellow

Net Merchandise Value (NMV): Represents ethnic wear before a platform-wide spike is

the total value of merchandise sold over a even recorded.

specific period. Growth in NMV serves as

the final validation of the framework’s overall

business impact and revenue generation.

* Visual Evidence: Refer to Figure 11 to
see TrendPulse capture the Basant Panchami
event through yellow-themed apparel and reli-

Qualitave Analysis gious artifacts.

E.2 Holi (The Festival of Colors)

Pulse bridges the "intent gap" for specific cultural * The Event: Holi is a vibrant spring festival
events in India. Unlike reactive systems that wait celebrated across India, famous for the playful
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Prompt V1

You are given a predefined list of search queries. Select queries strictly only from this list. Do not
create, modify, rephrase, or add any new queries.

Analyze and identify the queries that are most relevant for users with the cohort: {city?} in India
on {current_date}.

Consider:
e Cultural relevance (festivals, regional cuisine, traditions)
» Seasonal factors (monsoon, harvest season, tourism peaks)
* Key events (local holidays, gender-specific shopping patterns, city-level events)

Input: Queries provided as a comma-separated string: {queries}

Output: Return only the selected queries as a comma-separated string. Do not include any
explanation or additional text.

Figure 7: Prompt V1

throwing of colored powders and water. search and festive intent. It maps generic
"gift" searches to high-intent "bestie" mugs
and friendship bands using the Cross-
Attention Mechanism.

e Cultural Context: It symbolizes the victory
of good over evil and the arrival of the harvest
season. It involves specific gear like pichkaris
(water guns) and white cotton clothing. * Visual Evidence: Refer to Figure 13 to see

TrendPulse capture the Friendship Day event

* TrendPulse Capture: The framework uses through personalized gifting catalogs.

Growth-Based Filtration to detect early mo-
mentum in "herbal gulal" and "white kurtas". E.4 Hariyali Teej (The Monsoon Festival)

The Neural Retrieval Architecture then en- e The Event: A traditional festival primarily
sures these items are personalized to user co- celebrated by women in Northern India to
horts based on their previous shopping jour- welcome the monsoon and honor the union
ney. of Lord Shiva and Goddess Parvati.

* Visual Evidence: Refer to Figure 12 to see e Cultural Context: Green is the symbolic
TrendPuls'e capture th'e Holi event with color- color, reflecting the lush greenery of the rains.
safe clothing and festive supplies. Traditional activities include applying mehndi

E.3 Friendship Day (Celebrating Bonds) (henna) and wearing green ethnic attire.

* The Event: A popular modern observance in * TrendPulse Capture: Regional filtration de-
India where friends exchange tokens of appre- tects spikes at the state level (Rgiqte). The
ciation. LLM filters out noisy queries to focus on

"green lehengas" and "mehndi cones," which
are then ranked and merged into the user’s
personalized feed.

* Cultural Context: It is a high-intensity "vi-
ral" moment for the gifting category, particu-
larly among younger demographics who pur-
chase friendship bands, personalized mugs, Visual Evidence: Refer to Figure 14 to see
and cards. TrendPulse capture the Hariyali Teej event

with green-themed fashion and henna prod-

ucts.

* TrendPulse Capture: The framework iden-
tifies the Semantic Gap between standard
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Prompt V2

You are an expert analyst of the Indian e-commerce market with deep knowledge of regional consumer behavior, cultural patterns, and seasonal trends.
Purpose: Identify relevant search queries for trend-based product recommendations.
Audience: E-commerce platform users with specific demographic profiles ({state}).
Goal: Select the most contextually relevant queries from a predefined list.
Analyze current market trends in India on {current_date}, then select matching queries strictly from the provided list.
Evaluation Dimensions:
1. Cultural relevance (festivals, regional traditions, cuisine)
2. Seasonal effects (monsoon cycles, harvest periods, tourism peaks)
3. Event-driven demand (holidays and local activities)
4. Temporal validity (only trends active today or in the future)
Reasoning Procedure (<thinking>):
1. Identify all trends relevant to the cohort and date.
2. Perform mandatory timeline verification for every trend.
3. If a trend ended before {current_date}, discard all associated queries.
4. Retain only current or upcoming trends and map them to queries from the list.
5. Before selecting any query, verify: “Is this trend active on or after {current_date}?”
Generalized Exclusion Logic (illustrative):

For any time-bound event (e.g., a festival, holiday, or seasonal sale), once the event date has passed, all queries tied specifically to that event must be
excluded. For example, if a festival concluded yesterday, related products such as themed clothing, decorations, or accessories should not be selected.

Strict Temporal Policy:

Zero tolerance for past trends (even one day expired is invalid)

No grace period

Today or future only

Exclude evergreen or year-round generic products

Apply the same rule uniformly to all events and seasons
<analysis> Analyze the following query options: {queries} </analysis>

Output Requirements:

Use ONLY queries from the provided list

No modifications or additions

No explanations or descriptions

Format strictly as comma-separated tuples: (query, trend)

Trend names must be short and precise (no year or location)

If multiple names exist, choose the most cohort-specific one
Example Output Format:

(queryl,trendl), (query2,trend2), (query3,trend3)

Figure 8: Prompt V2
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Prompt V3

You are an expert analyst of the Indian e-commerce market with deep knowledge of regional consumer behavior, cultural patterns, and seasonal trends.
Purpose: Identify relevant search queries for trend-based product recommendations.
Audience: E-commerce platform users with specific demographic profiles ({state}).
Goal: Select the most contextually relevant queries from a predefined list.
Analyze current market trends in India on {current_date}, then select matching queries strictly from the provided list.
Evaluation Dimensions:
1. Cultural relevance (festivals, regional traditions, cuisine)
2. Seasonal effects (monsoon cycles, harvest periods, tourism peaks)
3. Event-driven demand (holidays, city-level activities, demographic shopping behaviors)
4. Temporal validity (only trends active today or in the future)
Reasoning Procedure (<thinking>):
1. Identify all trends relevant to the cohort and date.
2. Perform mandatory timeline verification for every trend.
3. If atrend ended before {current_date}, discard all associated queries.
4. Retain only current or upcoming trends.
5. Match only verified trends to queries from the provided list.
6. Before selecting any query, confirm: “Is this trend active on or after {current_date}?”
Generalized Exclusion Logic (illustrative):

For any time-bound event (festival, holiday, seasonal period, or promotional cycle), once its active window has passed, all queries specifically tied to
that event must be excluded. For example, after a festival concludes, related themed clothing, accessories, decorations, or ritual items should not be selected.

Strict Policy Constraints:

Zero tolerance for past trends (even one day expired is invalid)

No grace period

Today or future only

Exclude evergreen or year-round generic products

Apply exclusion logic uniformly to all events and seasonal patterns

Include only products that are available on our platform
« Every selected query must pass temporal verification
<analysis> Analyze the following query options: {queries} </analysis>

Output Requirements:

Use ONLY queries from the provided list

No modifications, additions, or descriptions

Format strictly as comma-separated tuples

Each tuple: (query, trend)

Trend names must be short and crisp

Do not include year, region, state, or city names

If multiple names exist, choose the most cohort-specific one
» Content must correspond to products available on our platform
Example Output Format:

(queryl,trendl), (query2,trend2), (query3,trend3)

Figure 9: Prompt V3
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Prompt: Trend-Based Search Query Generation for Indian E-commerce

You are an expert analyst of the Indian e-commerce market with deep knowledge of regional consumer behavior, cultural patterns, and seasonal trends.
Purpose: Generate the most relevant search queries for trend-based product recommendations.
Audience: E-commerce users with specific demographic profiles ({state}).
Goal: Identify highly searched and contextually relevant queries for the specified cohort and date.
Analyze current market trends in India on {current_date}.
Evaluation Dimensions:
1. Cultural relevance (festivals, traditions, regional customs)
2. Seasonal factors (monsoon, harvest cycles, tourism periods)
3. Event-driven demand (holidays, school cycles, local activities)
4. Temporal validity (only trends active today or upcoming)
Reasoning Procedure (<thinking>):
1. Identify active or upcoming trends relevant to the cohort.
2. For each trend, infer the types of products users are most likely to search for.
3. Generate diverse queries covering multiple product categories (apparel, accessories, home items, essentials, etc.).
4. Focus on practical, high-intent search terms commonly used on e-commerce platforms.
5. Prefer short, natural, and frequently searched phrases.
Generalized Query Logic (illustrative):

For each trend, derive product-focused queries that reflect typical purchase intent. For example, festive trends lead to decorations, clothing, and ritual
items; seasonal trends lead to protective or utility products; school or lifestyle cycles lead to daily-use essentials.

Constraints:
* Generate queries only for current or upcoming trends
¢ Ensure product relevance from an e-commerce perspective
¢ Include only products available on our platform
* Avoid redundant or overly generic phrases
<analysis> Analyze the following trend options: {trends} </analysis>

Output Requirements:

Format strictly as comma-separated tuples

Each tuple: (trend, query)

Return ONLY the top 10 relevant queries per trend

Keep query names short and crisp

Do not include year, cohort name, or extra descriptions
Example Output Format:

(trend1, queryl), (trend1, query2), (trend2, query3), (trend3, query4), ...

Figure 10: Prompt for generating cohort-specific, trend-aware e-commerce search queries based on current Indian
market dynamics.
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Flgure 11: Basant Pancham1 trending categories captured by TrendPulse.
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Figure 12: Holi trending categories captured by TrendPulse.
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Figure 13: Friendship Day trending categories captured by TrendPulse.

Figure 14: Hariyali Teej trending categories captured by TrendPulse.
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