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Abstract
Events like Valentine’s Day and Christmas can influence user in-
tent when interacting with search engines. For example, a user
searching for gift around Valentine’s Day is likely to be looking
for Valentine’s-themed options, whereas the same query close to
Christmas would more likely suggest an interest in Holiday-themed
gifts. These shifts in user intent, driven by temporal factors, are
often implicit but important to determine the relevance of search
results. In this demo, we explore how incorporating temporal aware-
ness can enhance search relevance in an e-commerce setting. We
constructed a database of 2K events and, using historical purchase
data, developed a temporal model that estimates each event’s im-
portance on a specific date. The most relevant events on the date the
query was issued are then used to enrich search results with event-
specific items. Our demo illustrates how this approach enables
a search system to better adapt to temporal nuances, ultimately
delivering more contextually relevant products.
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• Information systems→ Information retrieval; Electronic
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1 Introduction
A search engine is the primary tool for helping users find relevant
information, products, or services based on their queries. User
queries often carry implicit meaning shaped by various factors,
such as temporal information. For instance, as Valentine’s Day
approaches, users may expect search results related to gifts or
romantic experiences, even without directly referencing the event.
Despite the impact of temporal context on search [1, 3], event-
driven search remains an understudied area.
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In this paper we demo a search system that takes into consider-
ation the importance of upcoming events. We start by building a
database of 2K events that we use to model the daily importance of
each event based on historical data. Events with validated temporal
models are then incorporated into a search system that uses the
temporal models to determine which events are relevant on the
date the query was issued. The number of event-related items dis-
played in search results is proportional to the event’s importance
as estimated by the temporal model. This ensures that the search
results are relevant to the temporal context of the query.

In prior work [9], a language model was used to generate events
for search. However, the languagemodel world knowledge of events
was found to be limited, leading to the proposal of the structured
approach to extract event information described in this manuscript.
Another relevant work is EventWiki [2], where the authors ex-
tracted 21K events from Wikipedia. However, EventWiki primarily
focuses on historical events, whereas our research centers on re-
curring events.

Recent studies have emphasized the importance of seasonality
in search relevance, particularly in e-commerce settings. The work
by [10] found that 39% of queries in e-commerce are seasonally
sensitive, and accounting for temporal patterns in search rankings
significantly improved user engagement metrics. Other researchers
have implicitly modeled the temporal importance of events by train-
ing a next-item recommendation system [8]. The devised model
is named Occasion-aware Recommender and the authors found to
surpass the state-of-the-art model in two e-commerce benchmarks.
Our work extends this line of research by explicitly augmenting
the search results with event information.

2 Event-Aware Search
We’re interested in using event information to enhance search
results. Our proposed system consists of three main components.
An Event Database, which makes the system aware of the breadth
of events available in a typical year. Temporal Modeling is used to
assess the importance of each event on a given day of a calendar year.
Finally, Event-based Retrieval, uses events and their temporal
models to retrieve relevant results.

2.1 Event Database
We use Wikidata [7] and the Time and Date Website [6] as input
seed to build the database. The two sources are then aggregated
and filtered to produce the final database with 2K events.

Event Sources. Wikidata stores information in a triplet SPO
format, which can be queried using SPARQL. For this project, we
extract all events that have the property day in year for periodic
occurrence (id P837) defined. This property links recurring events to
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a specific date. For our demo, we limit our scope to events celebrated
in the United States or global events. This is achieved by filtering
for events where the property country (id: P17) is set to “United
States of America” (id: Q30) or is undefined.

We parse Wikidata associated dates as follows. Dates can take
various forms, such as a specific day (e.g., “October 27”), a month
(e.g., “June”), another event (e.g., “Easter Sunday”), or a relative
date (e.g., “fourth Thursday in November”). To resolve these into
specific calendar dates, we developed a parser that converts the
canonical date descriptions into a list of valid dates from the year
2000 onwards. After applying the parser, 9% of the events were
removed due to either invalid date values (e.g., “Not Defined”) or
unsupported date formats (e.g., dates referencing the lunar calendar
or complex relative dates like “the last Sunday before December
25th”). For all these events, we added the Wikipedia page text and
summary when available.

For the Time and Date website, we focus on the “Fun Holidays”
and “US Holidays” categories. For Fun Holidays, we extract the
event name, date, and page content. Since these holidays occur
on the same date every year, expanding the data across multiple
years is straightforward. For US Holidays, the scrapping process is
similar, though additional care is required for holidays which date
vary by year (e.g., “Easter Sunday”). In these cases, we scrape the
specific date for each year from 2000 onward.

Event Aggregation & Filtering. Because events from Wikidata
and Time and Date can overlap, event aggregation from the two
sources needs attention. For instance, the same event might appear
under different names (e.g., “Saint Patrick’s Day” and “St. Patrick’s
Day”). To address this, we use a languagemodel to create a canonical
name for each event. Specifically, we prompt Anthropic Claude 3.5
Sonnet to generate a concise event name based on the extracted
event names and the available information that we captured. The
generated canonical name is used to aggregate the information
from the two sources.

Finally, we implemented an adult content filter to exclude events
that could be offensive, insensitive, or inappropriate. Since we gen-
erate an image for each event on our demo, this filtering is applied
directly to the generated event images by using an NSFW filter.

2.2 Temporal Modeling
Our temporal model estimates the relative importance of an event
by measuring the volume of event-related queries issued on any
given day. Algorithm 1 details our approach.

We first build the purchase dataset using historical data where
we store date, query, purchased item. Then, for each event, we
define a timeframe of 90 days before the event start and 60 days
after the event end to identify relevant products and queries for
that event (lines 2-3). The relevant products are found by doing
semantic matching between the event name and the products in
that timeframe (lines 4-6). From these relevant products we then
find all the queries that lead to the purchase of those products,
defining those as the relevant queries for the event (line 7). We then
track the daily frequency of the relevant queries to produce the
baseline temporal signal (line 8).

Since some of the queries deemed relevant might also occur
throughout the year, this signal contains some baseline frequency.

Algorithm 1 Event Temporal Modeling
Require: E: Event with name and start date; D: Purchase dataset with

date (𝑑), query (𝑞), and product (𝑝); Embed: Function to embed text;
Distance: Distance function; 𝑡ℎ: Distance threshold for relevance

Ensure: M: Temporal model of the event (percentage of relevant queries)
1: procedure TemporalModel(E, D)
2: 𝑇 ← [𝐸.start − 90, 𝐸.end + 60] ⊲ Timeframe
3: 𝐷𝑇 ← {(𝑑,𝑞, 𝑝 ) ∈ 𝐷 : 𝑑 ∈ 𝑇 } ⊲ Dataset filtered to timeframe
4: 𝐸𝑒𝑚𝑏 ← Embed(𝐸.name) ⊲ Embed event name
5: 𝑃𝑒𝑚𝑏 ← {Embed(𝑝 ) : 𝑝 ∈ 𝐷𝑇 .products} ⊲ Embed all products
6: 𝑃𝑟 ← {𝑝 : Distance(𝐸𝑒𝑚𝑏 , 𝑃𝑒𝑚𝑏 [𝑝 ] ) ≤ 𝑡ℎ} ⊲ Relevant products
7: 𝑄𝑟 ← {𝑞 : ∃𝑝 ∈ 𝑃𝑟𝑒𝑙 , (𝑞, 𝑝 ) ∈ 𝐷𝑇 } ⊲ Relevant queries
8: 𝑆 ← DailyFrequency(𝑄𝑟𝑒𝑙 , 𝐷𝑇 ) ⊲ Baseline signal
9: 𝑒𝑑 ← Mean(𝑆 ) + StandardDeviation(𝑆 ) ⊲ Event duration estimate
10: 𝑆𝑀𝐴 ← MovingAverage(𝑆, 4 × 𝑒𝑑 )
11: 𝐹𝑀𝐴 ← MovingAverage(𝑆, 3)
12: 𝑡𝑑𝑎𝑡𝑒 ← Takeoff(𝐹𝑀𝐴, 𝑆𝑀𝐴, 𝑒𝑑 )
13: 𝑓𝑑𝑎𝑡𝑒 ← Dropoff(𝐹𝑀𝐴, 𝑆𝑀𝐴, 𝑒𝑑 )
14: 𝑆𝑒 ← {(𝑑, 𝑐 ) ∈ 𝑆 : 𝑡𝑑𝑎𝑡𝑒 ≤ 𝑑 ≤ 𝑓𝑑𝑎𝑡𝑒 } ⊲ Event signal between takeoff

and dropoff
15: 𝑀 ← 𝑆𝑢𝑚𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒 (𝑆𝑒 )
16: return𝑀

17: end procedure

To determine when an event gains momentum (takeoff) and when
it diminishes (dropoff), we compute two moving averages: a slow-
moving average which captures stable patterns, and a fast-moving
average that reacts quickly to transient fluctuations (lines 9-11).
The slow-moving average is set to four times the event’s estimated
duration – estimated with the number of days the baseline temporal
signal remains above the mean plus one standard deviation – while
the fast-moving average is set to three days. The takeoff date is
defined as the first day when the fast-moving average stays above
the slow-moving average for more than half the estimated event
duration, and the dropoff point is when it remains below for the
same period (lines 12-13). The temporal model of an event is then
defined by the normalized sum of the signal between the takeoff
and dropoff points (lines 14-15). Figure 1 illustrates this process for
Valentine’s Day, showing the baseline signal along with the fast
and slow moving averages, and the takeoff and dropoff dates.

Figure 1: Baseline temporal signal for Valentine’s Day with
the fast and slowmoving averages, takeoff and dropoff dates.

Regarding the practical implementation details, we collected
purchase data for over 1 year. The semantic matching is made
with the all-MiniLM-L12-v2 as the embedding model [5], for the
distance metric we used the L2 distance, and 1.2 as the distance
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threshold for relevance (𝑡ℎ in Algorithm 1). These values were set
empirically and could be refined by applying the temporal models
to a downstream task that has a concrete evaluation benchmark.

Since not all events lead to observable user purchase behavior, for
this demo, we manually filter out events where takeoff and dropoff
dates did not clearly distinguish the event from the slow-moving
average. This process resulted in a set of 16 very popular events
(e.g., “Valentine’s Day”, “Saint Patrick’s Day”, “Christmas”).

2.3 Event-based Retrieval
The devised temporal models are used to contextualize the search
results with upcoming events. To illustrate the search system im-
plemented in our demo, we use the query gifts as if it was issued
on February 7 as a running example. Figure 2 depicts the steps for
this example, which are detailed in the following paragraphs.

Figure 2: Graphical representation of the search system pro-
cessing the query gifts issued on February 7.

When processing a query, the system first references the event
database to find events whose temporal models include the query
date. These events are deemed relevant for that day and are re-
turned with the corresponding weight from the temporal model.
In our example, on February 7, two events are considered relevant:
“Valentine’s Day” and “Mardi Gras,” with relative importance of 0.1
and 0.05, respectively 1.

Next, query expansion is performed by adding the event name
to the original query. In our example, the query gifts is expanded
to gifts for Valentine’s Day and gifts for Mardi Gras.
We then retrieve search results for both the original and event-
expanded queries yielding organic and event related results. In
our demo, the search engine is implemented with dense retrieval,
comparing the query with product names in a database of two
million items using cosine similarity as the distance metric and
all-MiniLM-L12-v2 as the embedding model [5].

Given the different result sets, we employ a team drafting ap-
proach to merge them and generate the final result list [4]. The
allocation of slots for each event’s results is proportional to the
event’s importance on the given date, while the remaining slots
are filled with organic results. Specifically, if the total number of

1These values are fictional and provided solely for illustrative purposes.

results is 𝑘 , the number of slots for an event is set to 2 × 𝐸𝑖 × 𝑘 ,
where 𝐸𝑖 represents the event’s importance that day.

In our running example, Valentine’s Day has an event importance
of 0.1. For 𝑘 = 32, the number of slots allocated to Valentine’s Day-
related results is 2×0.1×32 = 6.4, which is rounded down to 6 slots.
Similarly, Mardi Gras, with an event importance of 0.05, receives
2× 0.05× 32 = 3.2, rounded down to 3 slots. The remaining 23 slots
are populated with organic results.

After combining the results according to the slot allocation, the
final list is presented to the user.

3 Demonstration
Our demo is designed to showcase the three key elements of our re-
search. The events from our database are presented through Event
Cards, accessible via a calendar. Users can interact with the event
temporal models in theEvent Page. Finally, the Search Page shows
the event-based retrieval system in action.

3.1 Event Card
By default, when the user opens the demowebsite, the page displays
an event card for each event occurring on that day. As shown in
Figure 3, each card includes an image, name, and a brief description.
The short descriptions were generated using Claude 3.5 Sonnet
which was prompted to create concise summaries from the infor-
mation we had for each event. The images accompanying the events
were produced using a diffusion model (Stability AI SDXL) which
was prompted with the event name and description to generate
images. To search for events on different days, users can interact
with a calendar; by clicking on a specific date, the page displays
event cards for the events happening on that day. This functionality
is showed with the “Valentine’s Day” event in Figure 3.

Figure 3: Three event cards for February 14, 2024.

3.2 Event Page
Once on the Event Page, shown in Figure 4, the user can see and
interact with the temporal model devised for that event. The tem-
poral distribution is displayed in the top-right corner, alongside
a slider that spans from the takeoff date to the dropoff date. By
adjusting the temporal slider, the page dynamically updates the
“Best Sellers” and “Top Queries” sections for the selected date.

The “Best Sellers” for each day are determined by identifying
relevant products for the event during the temporal model’s compu-
tation. For the “Top Queries,” we first perform semantic clustering
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of the relevant queries for that day. Queries are clustered based on
cosine similarity between their embeddings, computed with the
all-MiniLM-L12-v2 model [5]. Queries with a cosine similarity
above 0.7 are grouped into the same cluster. The query representing
each cluster on the Event Page is chosen based on its importance,
which is defined by the number of queries it is connected to within
the cluster. If multiple queries share the highest importance, the
query with the shortest character length is selected to be displayed.

This interface allows us to illustrate products and queries that
may be highly relevant to an event on any given date. For example,
in the case of “Halloween,” products like movies are more popular
well in advance of the event, while costumes and makeup become
more prominent as the event draws near (Figure 4).

Figure 4: Event Page for Halloween. Top: the date is set for
Sep 23rd, showing more movies. Bottom: the date is set for
Oct 25th, showing more costumes.

3.3 Event-Aware Search Page
The Event-Aware Search Page shows the functionality of the re-
trieval system described in Section 2.3. This page includes a tempo-
ral slider that spans from January 1 to December 31, allowing users
to input a query in the search box and adjust the slider to observe
how the search results change based on the query’s issuance date.
As the slider moves, the events being taken into consideration for
that search appear in small cards between the slider and the search
results, as illustrated in Figure 5.

The search engine is configured to display 𝑛 products, each
showing the product image, name, and result source. The source
can either be organic, indicating the result comes from the original
query’s search results, or the event name, indicating the product
was retrieved from the augmented query with that event name.

Figure 5 presents the first four results for the query gifts, as if
it were issued on February 7. On this date, two events are deemed
relevant, namely: “Valentine’s Day” and “Mardi Gras”. And so search
results related to those two events are shown together with organic
search results as described in Section 2.3.

Figure 5: Event-Aware Search Page when queried with gifts
with the temporal slider (grey bar with dark orange square
at the top) set to February 7.

4 Conclusion & Future Work
In this paper, we demonstrate how events can be used as a signal
to enhance the relevance of search results. However, a user study
is needed to assess the impact of the proposed system. In addition,
there are still several areas within this research that remain unex-
plored: 1) assessing if a given query is directly related to an event
through a classifier; 2) comprehensive reranking of all the drafted
results; 3) incorporating single-occurrence or trending events (e.g.,
sports matches, concerts, stock market changes, fashion trends);
and 4) the impact of personalization (e.g., shopper’s preferences,
location). These particular areas will be a focus as we continue
researching this area.
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