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Abstract

Effectively understanding and modeling the temporal aspects of

user queries is crucial for Information Retrieval (IR) and Question

Answering (QA), particularly in contexts that demand freshness,

historical accuracy, or temporal reasoning. In this paper, we present

a formal and comprehensive taxonomy for classifying natural lan-

guage queries along four dimensions: (i) temporal understanding,

(ii) reasoning type, (iii) time sensitivity, and (iv) trendiness. This

framework captures a wide range of temporal intents, from static

factual questions to dynamic, event-driven queries. The taxonomy

is designed as a foundation for diagnostic evaluation of QA and

IR systems by providing a systematic categorization of the tem-

poral properties of queries. This structure enables practitioners to

identify, isolate, and analyze system behaviors across diverse tem-

poral scenarios, helping uncover specific failure modes related to

temporal reasoning, sensitivity, data freshness, and relevance. We

apply the taxonomy to classify queries from four public datasets:

MS MARCO, FreshQA, RealtimeQA, and SituatedQA, revealing sys-

tematic gaps and underrepresented time-sensitive categories. As

a diagnostic case study, we stratify the accuracy of three LLMs by

temporal dimension, showing that the taxonomy exposes failure

patterns that the aggregate metrics conceal.
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1 Introduction

Modern Information Retrieval (IR) or Question Answering (QA)

engines require the ability to understand temporal information
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from users’ requests in order to model responses that are temporally

aligned to the intent. This aspect is particularly important in real-

world applications such as web search, digital assistants, or agents,

where users often expect answers that are not only semantically

correct but also temporally accurate. For example, a user querying

"Is Messi playing for Barcelona?" expects an answer grounded in

the current days rather than historical data. Conversely, "When
did Messi win his first Ballon d’Or?" requires accurate retrieval and
processing of a past event.

Previous work has studied approaches to learn temporal repre-

sentations of facts or questions through LanguageModels (LMs) [13,

32, 45] or Knowledge Bases (KBs) [11, 18, 30, 36]. However, although

temporal behavior in natural language queries is multidimensional,

spanning (i) how temporal intent is expressed, (ii) what reasoning it

demands, and (iii) how answers evolve over time, most past studies

focus on subsets of temporal aspects, including simple reasoning

over explicit temporal expressions [12, 14, 25], temporal under-

standing over complex questions [43], reasoning over temporal

relations on a reference text (e.g.: "before", "after"), or retrieving

information given a reference query timestamp [22, 23].

This fragmentation has practical consequences. When a sys-

tem is evaluated on a single benchmark or temporal dimension,

its temporal failures are invisible. A model may handle recency-

based questions (e.g.: "current Bitcoin price") well while failing on
temporal arithmetic (e.g.: "How many days ago did Olympic games
terminate"), or resolve explicit date references but struggle with
implicit ones (e.g.: "what was the cost of homes in US last summer?").
An aggregate accuracy score conflates all of these aspects. Prior

work on temporal query classification has addressed parts of this

problem: Jones and Diaz [15] distinguished atemporal from tem-

porally ambiguous queries, and Hasanuzzaman et al. [9] classified

queries by temporal intent. However, these frameworks each cap-

ture a single dimension of temporal behavior and do not account for

how answers change over time or how query popularity evolves.

We argue that a unified framework is needed to have a compre-

hensive overview of models’ performance. To this end, we propose

a multi-dimensional taxonomy: (i) Temporal Understanding, i.e.: the

recognition of implicit or explicit temporal constraints representing

the intent ("who won FIFA cup in 2020"); (ii) Temporal Reasoning,

that is the cognitive process to model a response that satisfies the

temporal constraints; (iii) Time Sensitivity, that describes how an-

swers and knowledge change over time; and (iv) Trendiness, that

is the evolution of the popularity of a question. Each dimension

is formalized mathematically and decomposed into fine-grained

sub-categories.

The taxonomy aims to provide a structured framework for iden-

tifying blind spots in QA/IR systems and understanding temporal
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failures. As proof of concept, we apply the taxonomy to categorize

queries from MS MARCO [24], FreshQA [40], RealtimeQA [17],

and SituatedQA [47] confirming systematic gaps: MS MARCO is

dominated by atemporal queries, while even time-focused datasets

underrepresent categories such as questions whose answers are

extremely volatile (e.g.: stock prices) or future-looking events. To

further demonstrate the taxonomy’s diagnostic value, we strati-

fied the accuracy of three LLMs, Qwen3-32B, Mistral-v3-14B, and

Mistral-v3-3B, on RealtimeQA by taxonomy dimension. The tax-

onomy exposed sharp disparities across models and temporal cate-

gories. For instance, queries requiring very fresh content showed

an accuracy drop of 16.7% and 3.9% absolute compared to non time

sensitive questions on Qwen and Mistral-14B respectively. More-

over, although Mistral-14B outperforms the smaller version by 14

percentage points (56.6% vs 42.6%) in accuracy, the two versions

show the same performance on queries requiring temporal resolu-

tion of static events or queries requiring answers grounded in the

last year of world knowledge. These patterns would remain hidden

behind an aggregate score.

2 Related Work

The study of models with temporal awareness has been widely

studied for decades. Early foundational work, including Allen’s

interval algebra [1] (and further extensions, e.g.: [2, 8, 19]), estab-

lished a formal logic framework to reason over temporal relations

between events. Building on this foundation, NLP research has

developed increasingly complex datasets and models for temporal

reasoning. Early resources [14, 25] focused on simplified reasoning

over timestamps associated with the question and, in some cases, a

reference paragraph or document, e.g.: mined from Wikipedia [4].

Training approaches were introduced, e.g: based on contrastive

temporal training [32] or other variations [13, 45]. These resources

were very limiting as models relied on explicit timestamps to be

consumed. With the rise of LLMs, several challenging datasets

for temporal reasoning have emerged. Notably, TRAM [42] and

TIMEBENCH [6] cover a wide range of temporal tasks, including

ordering, arithmetic, causality, and temporal NLI. TIMEBENCH

aggregates 10 prior datasets [35, 37, 39, 49] into 16 subtasks. To

address the simplicity of earlier benchmarks, [43] proposed more

lexically complex, LLM-level temporal questions involving explicit

time references, ordering, and comparison tasks. A related growing

research direction goes under the name of temporal common sense

reasoning [7, 10, 31, 49], which refers to the ability to infer implicit

temporal knowledge that is assumed to be understood. In parallel,

structured methods using temporal knowledge bases [11, 18, 30, 36]

have been developed, though often limited by coverage.

Little work has studied questions whose temporal context, i.e.:

the time the question is asked, is relevant. Recent studies [23]

highlighted that these queries are underrepresented in existing

resources. Some exceptions include StreamingQA [22], which fea-

tures 14 years of time-stamped news articles, and small subsets

in RealTimeQA [17] and FreshQA [40]. On the retrieval side, Kan-

habua and Nørvåg [16] developed learning-to-rank methods for

time-sensitive queries blending document relevancy and temporal

features, and Cheng et al. [5] studied timely queries, measuring

freshness requirements through content change in relevant docu-

ments over time.

Focusing on the trendiness, previous work has shown that the

query popularity follows a Zipfian distribution [38], and they can

be categorized into Head, Torso, or Tail buckets. The Head-to-Tail

framework has been widely used to evaluate models performance,

including LLMs [34]. Further studies analyzed the evolution of

trending topics on Twitter [20, 26], showing how some hashtags

are subject to sudden spikes in popularity, and on the web [29]

through time-series analyses. However, there is very limited atten-

tion beyond head-to-tail categorization.

A broader issue across prior work is inconsistent terminology

and task definitions. For example, Time Sensitivity has been variably

defined as a model’s ability to handle temporal expressions [30],

its ability to pay closer attention to temporal information [45], or

the presence of a time-related expression [12]. Similarly, Temporal

Reasoning has been described as the ability to reason over temporal

information conditioned to a query [4], the process of combining

different temporal cues to derive new temporal information [19],

or the capability of understanding, representing, and predicting

time-sensitive contexts [46]. The ability to understand the temporal

clues has been referred as Temporal Understanding [4] or Tempo-

ral Information Extraction [19]. Moreover, although existing work

focus on important aspects of temporal query behavior, they typi-

cally focus on a single dimension. Jones and Diaz [15] introduced

temporal profiles of queries, characterizing queries as atemporal,
temporally unambiguous, or temporally ambiguous based on the dis-

tribution of retrieved documents over time. Hasanuzzaman et al. [9]

proposed a multi-objective ensemble learning approach to classify

queries along their temporal intent, distinguishing between past,
recency, future and atemporal intents. In contrast, our work offers

formal definitions of understanding, reasoning, time sensitivity, and

other temporal aspects of a query, and organizes them through a

formal taxonomy, that includes temporal sensitivity, understanding,

reasoning, and trendiness.

Complementary to query-level classification, temporal expres-

sion extraction systems such as HeidelTime [33], SUTime [3], and

the TimeML specification [28] have established rich typologies for

temporal expressions in text, including dates, times, durations, and

sets. These systems focus on identifying and normalizing temporal

mentions at the token or phrase level within documents. Our work

operates at a different granularity: rather than extracting temporal

expressions from text, we classify the temporal intent and behavior
of queries as a whole, including dimensions (such as time sensitiv-

ity and trendiness) that have no counterpart in expression-level

annotation.

3 Preliminaries

Let 𝑞 be an input question (or query) from a certain distribution Q
and 𝑡 ∈ T a timestamp representing when the question is asked.

We denote T as the abstract space of ordered time points, that is

continuous or discrete depending on the application (e.g.: days,

document versions, milliseconds).

The function𝜓 : Q × T → P(A) simulates an oracle QA or IR

system that, given a query 𝑞 at timestamp 𝑡 , returns all possible

correct answers from a universal distribution A. P(A) denotes
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the power set of A, representing all subsets of answers, supporting

multi-answer queries, e.g.: Tell me a joke, or Give me a mushroom
pasta recipe. In other words,

𝜓 (𝑞, 𝑡) = {𝑎 ∈ A | 𝑎 is correct for (𝑞, 𝑡)} (1)

is the set of all correct answers that the systemwould generate for

𝑞 at a given timestamp 𝑡 . Note that𝜓 may represent any system that

returns or generates content to answer a query. This includes (i) a

Web BasedQuestionAnswering that gets snippets/answers from the

web [41], (ii) an LLM that generates a response from its knowledge

or using a retrieval system as RAG [44], (iii) a Knowledge-Based QA

service [27], or (iv) a document retrieval engine supporting human

search or agents [21, 48]. We define a Response as any output

produced by these systems, ranging from a sentence or snippet to

long-form generated text or a full web document.

3.1 Answer Correctness

The correctness of a response (used in Eq. 1) depends on multiple

aspects. First, as widely accepted in IR and QA research, a correct

response is semantically and topically relevant. The content satis-

fies the intent of the question. Second, the response is temporally

grounded (and relevant) and linked to the question intent. The re-

sponse is not outdated nor refers to a different, undesired, moment

in time. Other factors that influence the correctness, e.g.: the geo-

graphic context, are outside the scope of this work. To define the

concept of temporal relevance, we first introduce the Question

Anchor and Response Scope.

Question anchors are explicit or implicit time references in a

question that ground it to a specific point in time, providing tempo-

ral context for interpreting, retrieving, or generating information.

They represent the when of a question, defining temporal con-

straints against which a response should be evaluated. Formally, we

characterize anchors as the set of all timestamps implied by the in-

tent of the question, 𝛼 : Q ×T → P(T ). For instance, 𝛼 ("Who was
the president of the USA in 2010?") refers to a specific time (2010) and

who covered the role outside this constraint is temporally irrelevant

for the question.

Definition 3.1 (Temporal understanding). The temporal under-

standing is the process of identifying the temporal constraints of

a question 𝑞 in a given temporal context 𝑡 , formalized as finding

𝛼 (𝑞, 𝑡).

Understanding temporal constraints (𝛼) is half of the work. The

generated response has to be aligned to these constraints to be cor-

rect. To formalize this, we define the temporal scope of a response

as a function 𝛽 : A → P(T ) which maps a response to the set

of timestamps during which it is valid. For example, an old article

referring to Obama as the current president of USA would be tem-

porally valid only for timestamps between 2009 and 2017, becoming

outdated afterwards. The temporal relevance of a response is here

defined:

Definition 3.2 (Temporal relevance). An answer 𝑎 is temporally

relevant for a question 𝑞 and a timestamp 𝑡 , thus 𝑎 ∈ 𝜓 (𝑞, 𝑡), iff the

question anchor is contained in the temporal scope of the response,

that is 𝛼 (𝑞, 𝑡) ⊆ 𝛽 (𝑎).

In the example above, the anchor 2010 is included in the scope

of the document 2009 . . . 2017, making it temporally relevant. Note

that the answer "Ronald Reagan served as the president of the US from
1981 to 1989." is factually correct at all points in time, and thus has

T as temporal scope. However, while it is temporally relevant to a

question asking for the president in 2010 (we have 2010 ∈ T ), it is

semantically irrelevant, and thus incorrect as an answer. Similarly,

a document listing all US presidents with the term start/end dates

has the same temporal scope T as it contains factual statements.

It is also semantically relevant as it includes the information to

answer the question. Finally,

Definition 3.3 (Temporal reasoning). Temporal reasoning refers

to the process to (i) generate, (ii) verify, or (iii) retrieve a temporally

relevant response. Formally, given𝜓 , 𝑞, 𝑡 , find 𝑎 such that 𝛼 (𝑞, 𝑡) ⊆
𝛽 (𝑎).

In summary, the temporal understanding aims at finding the

constraints from the question intent while the reasoning comprises

all operations to make sure a response satisfies the constraints.

4 Taxonomy of Temporal Dimensions

Our taxonomy aims to capture all key temporal aspects of a ques-

tion and provide practical tools to evaluate QA/IR systems and

uncover blind spots. It covers four main dimensions: (i) Temporal

understanding, (ii) Reasoning, (iii) Time Sensitivity, and (iv) Trendi-

ness. These dimensions cover query intrinsic and extrinsic temporal

aspects. While Understanding and Reasoning focus on the temporal

intent and the process to build a valid response, Time Sensitivity

and Trendiness depend on external factors, including how world

knowledge and the users’ interest change.

4.1 Temporal Understanding

As previously defined, the temporal understanding aims at finding

the temporal constraints (or anchors) of a question. We categorize

questions based on various characteristics of their anchors, which

are: (i) type of the anchor, i.e.: how it is expressed in the text; (ii)

the shape of the time window constraining the question; (iii) the

position of the anchor with respect to the reference time.

4.1.1 Anchor type. The type of an anchor reflects how it is ex-

pressed in the question text, and it can be:

Explicit : refers to queries with an explicit anchor in the text,

e.g.: "S&P500 December 2020". The anchor is an unambigu-

ous date or time range and it doesn’t depend on question

timestamp (temporal context), ∀(𝑡 ′, 𝑡 ′′) ∈ T 2
: 𝛼 (𝑞, 𝑡 ′) =

𝛼 (𝑞, 𝑡 ′′).
Implicit : The question suggests a time period that must be in-

ferred or resolved, e.g.: "Population Europe during WW2". The
query mentions the historical moment of interest, without

providing an explicit anchor. The anchor does not depend

on query context.

Dynamic : queries whose anchors change over time and re-

quire additional temporal context to be resolved. The ques-

tion "Weather last week" refers to different days, depending

on when the question is asked. Knowing the timestamp as-

sociated to the question is vital to provide a correct answer,
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∃(𝑡 ′, 𝑡 ′′) ∈ T 2
: 𝛼 (𝑞, 𝑡 ′) ≠ 𝛼 (𝑞, 𝑡 ′′). Through this paper, we

refer to these questions as Time Sensitive.

No Anchor : Queries whose answers do not need to be con-

textualized in a certain time window, e.g.: "calories in a cu-
cumber". 𝛼 (𝑞, 𝑡) = T . Names are not temporal mentions, and

thus not anchors. "Who plays The Day After Tomorrow" has
no anchors as tomorrow is part of the movie title.

Irrelevant : queries with an implicit or explicit anchor that

are irrelevant for the purpose of generating a response. The

anchor does not add real constraints, e.g.: "How tall is Mount
Everest today" or "What was Einstein’s theory of relativity
in the early 20th century". 𝛼 (𝑞, 𝑡) = T .

Note that we distinguish between questions with implicit anchors,

which define a temporal constraint (and thus 𝛼 (·, ·) ≠ T ), and ques-

tions referring to time-locked events. Let’s consider 𝑞1: "Population
Europe during WW2" and 𝑞2: "Who won WW2". While both lack

explicit time expressions, 𝑞1 is temporally constrained (when →
during WW2), 𝛼 (𝑞1, ·) = {1939 . . . 1945} ⊂ T . The anchor is Im-

plicit. Differently, 𝑞2 is not temporally constrained 𝛼 (𝑞2, ·) = T .

The question asks for a specific event locked in time rather than

information contextualized in a certain time period. Similarly, both

No Anchor and Irrelevant map to 𝛼 (𝑞, 𝑡) = T . The distinction is

linguistic rather than formal: Irrelevant queries contain a tempo-

ral expression that adds no constraint, while No Anchor queries

contain none.

The anchor type describes an increasing level of temporal reason-

ing capabilities. Explicit anchors are easiest to handle as they do not

require complex understanding. Implicit ones require the resolu-

tion of events. For instance, when answering the query "Population
Europe during WW2", the system is expected to frame the time win-

dow of interest in the range 1939-1945, without knowing this time

frame explicitly. Dynamic anchors require the system to know tem-

poral context and align it to a moving window. For instance, an IR

system supporting an LLM through RAG, cannot return a document

titled FIFA World cup, news today for the query "results FIFA" if the
document refers to past events, and thus is not aligned to the query

timestamp. Moreover, we highlight that Dynamic anchors may be

hidden in the query text. For instance, "average salary in HK" and
"average salary in HK today" are semantically equivalent both refers

to today.

4.1.2 Anchor shape. Queries can be categorized based on the time

frame represented by the anchor. Intuitively, the shorter the time

frame, the more precise the system has to be. A short anchor like

"Amazon stock price on July 1st" demands high precision, requiring

evidence grounded in that specific day. In contrast, a long anchor

such as "best invention in the 20th century" is less restrictive, en-
abling the system to draw from a potentially wider range of sources.

Based on the window size and shape, question anchors can be:

Short : the anchor refers to a time span that is shorter than

or equal to a given value (e.g.: 1 week or day). Formally,

max(𝛼 (𝑞, 𝑡)) −min(𝛼 (𝑞, 𝑡)) ≤ Δ. Example: "Weather Culver
City", where today is a hidden dynamic anchor.

Long : the anchor refers to a time span that is longer than a

given threshold, that is: max(𝛼 (𝑞, 𝑡)) − min(𝛼 (𝑞, 𝑡)) > Δ.
Example: "Deaths by car accident from 2005 to 2015".

Figure 1: Visual description of queries with respect to their

temporal anchor.

Complex : 𝛼 (𝑞, 𝑡) includes non-contiguous periods. For in-
stance, the query "GDP USA during both Trump administra-
tions" refers to two separate time spans. Formally,∃{𝑡−, 𝑡+} ⊆
𝛼 (𝑞, 𝑡), ∃𝑡 ′ ∈ T : 𝑡 ′ ∉ 𝛼 (𝑞, 𝑡) ∧ 𝑡− < 𝑡 ′ < 𝑡+.

The value Δ can be adjusted to fit the specific application or evalua-

tion setting (e.g.: 1 day, 1 week, 1 month). Without loss of generality,

Short/Long shapes can be bucketed into intuitive ranges such as

daily, weekly, monthly, or yearly.

4.1.3 Temporal orientation. Anchors don’t always refer to the past.
For example, "Olympic Games host 2028", asked in 2025, points to a

future event, of which the answer (Los Angeles) is already known.

Similarly, "How many hurricanes will hit Florida in 2035" also targets
the future, but responses are unknown or speculative. These queries

are potentially more complex as they require system to handle

uncertainty in knowledge by detecting and consuming opinions,

forecasts, or estimations. Based on the orientation, anchors can

refer to:

Future : anchors that refer to future events. Can be Predictable

or Unpredictable, depending on the current knowledge on

the future event. Formally, min𝛼 (𝑞, 𝑡) > 𝑡 ;

Past : anchors that refer to events or dates already occurred,

"weather 2 weeks ago". max𝛼 (𝑞, 𝑡) < 𝑡 ;

Ongoing : anchors that refer to ongoing events, "weather to-
day", that is:
min𝛼 (𝑞, 𝑡) ≤ 𝑡 ≤ max𝛼 (𝑞, 𝑡).

Note that all dimensions described, anchor type, shape, and

orientation, are orthogonal to each other. A visual description of

the temporal understanding characteristics is available in Figure 1.

4.2 Temporal Reasoning

We now categorize the different types of reasoning required to pro-

cess answers whose temporal scope aligns to the question anchor.

We identify multiple fundamental reasoning types, each of them

represents a distinct cognitive process.

Ordinal/Positional Involves locating an event/entity in a tem-

poral sequence, often using terms like "first", "last", or "4th",

e.g.: "Who was the 4th president of the US?".
Comparison Requires reasoning about relative positions in

time (before/after) or temporal distance, e.g.: "What happened
before the French Revolution?"

Arithmetic Requires mathematical operations on temporal

values, e.g.: (i) explicit calculus, "What year was 3 years ago?",
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(ii) age computation, "How old is Lady Gaga?", (iii) duration,
"How long the cold war?".

Resolution Requires mapping named events or periods to

their specific temporal boundaries. Involves understanding

the complete temporal scope of historical events, including

potential ambiguity in start/end points, e.g.: "Who was the
CEO of Microsoft when Windows 95 launched?". The resolu-
tion can refer to Static events or Dynamic timestamps ("two
years ago").

Recency Aligns questions to the current timestamp. Often in-

volves resolving temporal expressions like "today", "recent",

"now", or implicit freshness, e.g.: "news NBA". The system
must judge how recent is recent enough and when informa-

tion becomes outdated.

None The query requires no temporal reasoning. Example:

"How many calories in a cucumber?"

Questions may require multiple reasoning types. For instance,

"What was Apple’s last iPhone release?" involves both Ordinal (last)

and Recency (up-to-date info). Note that temporal expressions

alone do not necessarily determine reasoning type: "When did it last
rain?" requires Recency, while "Who was the last Tsar of Russia?"
is Ordinal as it does not refer to recent events.

Note that there is an alignment between Resolution and anchor

type Implicit. However, an implicit anchor refers to the existence

of unknown temporal constraints. The resolution refers to the cog-

nitive operation needed to map the question to the specific event or

period that produces the answer, transforming the event mention

into the temporal constraints.

Furthermore, it is worth noticing that Dynamic anchors and

Recency reasoning are correlated but operate at different levels

of analysis. The former describes how the temporal constraint is

expressed, the latter describes the cognitive operation of aligning

to the current timestamp. For instance, "Who is the current NBA
champion?" has a Dynamic anchor and requires Recency reasoning,
while "Who won the NBA championship 5 years ago?" also has a

Dynamic anchor but requires Resolution-dynamic rather than

Recency.

4.3 Time Sensitivity

There is a class of questions with dynamic temporal anchor requir-

ing the alignment between the time the answer refers to and the

time when the question is asked. Most importantly, the responses

change dynamically over time. We refer to these questions as Time

Sensitive (TS). Formally, a query 𝑞 ∈ Q is time-sensitive iff:

∃(𝑡 ′, 𝑡 ′′) ∈ T 2 | 𝑡 ′ ≠ 𝑡 ′′ ∧𝜓 (𝑞, 𝑡 ′) ≠ 𝜓 (𝑞, 𝑡 ′′) (2)

This means the set of correct responses differs for at least two times-

tamps. Alternatively, the condition can be simplified as 𝛼 (𝑞, 𝑡 ′) ≠
𝛼 (𝑞, 𝑡 ′′). For instance the response to the question "Who is the pres-
ident of the U.S.?", which has an implicit dynamic anchor ("today"),

usually changes every 4 years. The temporal scope of the response

𝛽 (𝑎) shifts with the query time 𝑡 , reflecting changes in presidency

over time. The way the anchor and answer scope evolve over time

characterize the time sensitivity. This evolution is encoded into the

query Trace, 𝑉 T
𝑞 = ⟨𝜓 (𝑞, 𝑡0),𝜓 (𝑞, 𝑡1), . . . ⟩, which reflects updates

in knowledge or world events. In addition, we use the symbol VT
𝑞

to denote the set of distinct groups of answers from 𝑉 T
𝑞 , that is

VT
𝑞 = {𝜓 (𝑞, 𝑡),∀𝑡 ∈ T }.
We introduce a time window 𝜏 (𝑡 ′, 𝑡 ′′) = {𝑡 ∈ T | 𝑡 ′ ≤ 𝑡 ≤ 𝑡 ′′}

to parameterize the query trace. Even if a comprehensive window

(𝜏 = T ) captures the full history of a query and its evolving answers,

it has two drawbacks. First, an exhaustive window can make almost

any question appear TS as widely accepted answers can shift over

long time. For instance, "What’s the biggest country in Europe?"
might change in the distant future. Similarly, ulcers were once

linked to stress or spicy food, until this myth was debunked in the

1980s. Second, practical QA/IR evaluations often focus on recent

knowledge changes. A response that changed 30 years ago may

be less relevant than one that changed in the past few years. For

example, when evaluating a new LLM, we may closely analyze TS

questions whose answers changed after the model training.

Definition 4.1 (Time Sensitive). A question 𝑞 is Time Sensitive in

a given interval 𝜏 if its responses change over time, that is |V𝜏
𝑞 | > 1.

Otherwise, the question is Evergreen.

Time Sensitive questions can be characterized through different

dimensions: (i) Volatility, i.e.: how frequently the answer changes

in a certain time window; (ii) distance with the Last update of the

answer; and (iii) Answer expiration.

4.3.1 Volatility. The volatility of a TS question describes how fre-

quently the answer changes in a specific time window, it can be:

Live : Questions with responses that change continuously or in

near real-time. For these, only the latest available knowledge

can be correct. Neither LLM parameters nor outdated in-

dexes can answer. Examples include stock prices or breaking

news, where even a 1-hour-old document may be obsolete.

Formally, such queries may have |V𝜏
𝑞 | ≈ |𝑉 𝜏

𝑞 | ≈ |𝜏 |.
High : querieswhose responses changewith a frequency greater

than a specified value 𝜃 in a given window 𝜏 , that is |V𝜏
𝑞 | > 𝜃 .

The threshold is a parameter and can be defined based on

the use case and requirements. For instance, a query can be

TS-High if it changed more than once per week (on average)

in the last year, with 𝜏 = 1 year and 𝜃 = 52. Queries related

to sport events, politics, economy, may easily fall into this

category.

Low : Queries whose responses change with a frequency lower

or equal than a specified threshold, |V𝜏
𝑞 | ≤ 𝜃 .

Recurrent : Questions whose answers follow a regular, pre-

dictable update cycle. For instance, "Microsoft financial re-
sults" changes every quarter, and sports scores update weekly
during active seasons.

Note that, while Live, High, and Low are mutually exclusive, Re-

current is potentially a separate and orthogonal class.

4.3.2 Answer age. While volatility describes how often a response

changes, it doesn’t capture how recent the current response is

relative to the query time. Given a query 𝑞, its timestamp 𝑡 , and a

response 𝑎 ∈ 𝜓 (𝑞, 𝑡), the age of 𝑎 corresponds to the time elapsed

since it last changed:

𝑎𝑔𝑒 (𝑎) = max

𝑑>0
(𝑑) 𝑠 .𝑡 . : 𝑎 ∈ 𝜓 (𝑞, 𝑡 − 𝑑) = 𝑡 −min(𝛽 (𝑎)) (3)
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This reflects the most recent point in time when the answer became

valid, based on its temporal scope 𝛽 (𝑎). Note that this value is com-

plementary to the frequency. The frequency tells the expectation

of changes over time while the age tells how fresh the response

has to be given a reference timestamp. For instance, "What’s the
latest iPhone" typically changes every year (frequency: Low). Given

that the latest models were launched on September 9 2024 (as of

August 2025), if the question is asked on September 8 2024, then

it can rely on year-old information. But if asked on September

10, 2024, shortly after a new launch, the system needs very fresh

information. Volatility and answer age are intuitively related: high-

volatility questions tend to have low answer age, as their answers

change frequently; conversely, low-volatility questions often have

longer-lasting answers, resulting in higher expected age. Two edge

cases are Evergreen and Live. When the question is evergreen, the

volatility is 1 and the age is the maximum value. When the question

is live, then we have 𝑎𝑔𝑒 ≈ 0 by definition, which corresponds to

highest volatility (1 timestamp↔ 1 different answer). In the context

of evaluating a QA system, knowing when a response changed is

vital to highlight and quantify the velocity of information refresh.

A response can be categorized into intuitive buckets based on the

value of their age: live, day, week, month. . .

4.3.3 Expiration. Age and Volatility describe how the responses

change over time but do not provide information about the future.

The Expiration of a response 𝑎 ∈ 𝜓 (𝑞, 𝑡) mirrors the age, represent-

ing for how long it is expected to be valid,

𝑒𝑥𝑝 (𝑎) = max

𝑒>0
(𝑒) 𝑠 .𝑡 . : 𝑎 ∈ 𝜓 (𝑞, 𝑡 + 𝑒) = max(𝛽 (𝑎)) − 𝑡 (4)

Note that expiration differs from the predictability of a future-

looking anchor. The expiration indicates how far into the future a

given response remains valid. It may be useful for defining cache

expiration policies or detecting when the knowledge of an LLM

becomes outdated. In contrast, predictability of the anchor tells

whether a valid answer for a future event exists at query time.

Based on the expiration, a response can be:

Known : The expiration date is predictable. For example the

response to "Who won the FIFA World Cup?" is known to

remain valid until the next edition of the event. Even if the

answer does not change, we know when updated knowledge

will be needed, and Eq. 4 can be estimated accurately.

Unknown : Expiration depends on unpredictable events, e.g.:

"How many hurricanes hit Florida in the last decade?" We

cannot predict if and when the next relevant event will occur,

nor whether the answer will change. Eq. 4 cannot be reliably

estimated.

Slow : The answer is expected to change eventually, though the

timing is uncertain. For instance, "Who won the most Olympic
gold medals?" The record may hold for years, but change

is inevitable. An approximate expiration can be computed,

possibly with confidence intervals.

Definitions and shades of time sensitivity depend on the structure

of responses. In our view, the time sensitivity is a property of the

question characterized by its responses. Answers are pieces of texts

well defined and anchored temporally that do not change their value.

Rather, it is their temporal correctness for a query that changes. A

summary of time sensitive categories is shown in Figure 2.

Figure 2: Visual description of queries with respect to their

time sensitivity.

4.4 Trendiness

The trendiness of a question describes its popularity over time. We

introduce a hierarchical categorization based on popularity his-

tory. The first layer focuses on the current popularity. It describes

how important the question is given a certain timestamp. Very

popular questions have higher weight in QA/IR system, as a sin-

gle negative response may affect the experience of thousands of

users. The second layer describes the popularity history, indicating

how the query reached the current popularity level. Formally, let

S = ⟨(𝑞1, 𝑡1), (𝑞2, 𝑡2), . . . ⟩ be a chronologically ordered stream of

questions. Let 𝜙 (𝑡) = {𝑞𝑖 | (𝑞𝑖 , 𝑡) ∈ S} be a retrieval function that

outputs all questions asked on a timestamp 𝑡 . The definition of the

space of timestamps T depends on the desired granularity of the

trendiness analysis, e.g.: hours, days, weeks. Let 𝑠 : Q ×Q → {0, 1}
be a question-similarity function that returns a similarity score

between two inputs. The function 𝑠 can arbitrarily be implemented

as lexical similarity (e.g.: n-grams overlap), semantic similarity (e.g.:

through a Transformer), exact string matching, or other techniques.

Definition 4.2 (Question Popularity). The Popularity of a question
𝑞 on a timestamp 𝑡 is defined as the average similarity between𝑞 and

all questions asked on 𝑡 , that is: 𝑝 (𝑞, 𝑡) = 1

|𝜙 (𝑡 ) |
∑
𝑞𝑖 ∈𝜙 (𝑡 ) 𝑠 (𝑞, 𝑞𝑖 ).

The higher the value, the higher the importance of the question.

Note that the choice of 𝑠 is crucial. The exact match function may

fail to capture paraphrased variations, with the risk of providing

very different popularity values for queries "who is the president of
the US" and "who is th president of the US" (misspelled), or "president
US who is". Differently, a too smooth function (e.g.: based on simple

embeddings similarity) may cause a flattening of the distribution,

where each query is similar to the centroid of the query stream.

Based on the popularity value of a question at a reference times-

tamp 𝑡 , the first layer of this categorization comprises two simple

categories: Popular and Unpopular, determined by a threshold on

the popularity score 𝑝 (𝑞, 𝑡). Within a time window 𝜏 (𝑡 − Δ, 𝑡) (e.g.:
the past 12 months), Popular questions can be categorized by how

quickly they became popular, highlighting whether a question is

the result of sustained interest, organic growth, or sudden external

events. Formally, we capture this velocity through the slope of the

popularity, 𝜎𝑞 , defined as the slope of the best-fit line through 𝜏 ,

computed via linear regression
1
.

1
Other approaches based on derivatives, polynomials, or time-series analyses can be

used. However, based on a preliminary study, we opted for a simpler solution.
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Figure 3: Examples of popularity (in 2024). From left to right:

(i) Trending on Aug 20; (ii) Trending from 7 to 13 Aug; (iii)

Fading; (iv) Growing.

Head : Queries that show a stable popularity pattern through-

out 𝜏 . 𝜎𝑞 ≈ 0.

Growing : Queries that show a slow growth in popularity, with

0 < 𝜎𝑞 ≤ Θ+.
Trending : Queries whose popularity show a sudden spike,

transitioning from Unpopular to Popular within a certain

small time window 𝜏𝑠𝑝𝑖𝑘𝑒 , e.g.: 1 day. These queries are char-

acterized by a high slope, 𝜎𝑞 > Θ+.

Note that we omit the deviation of points from the best-fit line

for simplicity. However, the issue is mitigated through an optimal

selection of 𝜏 . Similarly, Unpopular questions can use the same

slope to be described:

Tail/Torso Similarly to Head, the slope is ≈ 0. However, the

value of the popularity is lower than the Head threshold.

Fading Queries that are slowly losing interest, Θ− ≤ 𝜎𝑞 < 0.

Post Trending : Queries that were Unpopular except for a

limited Trending period (e.g.: 1 week). Typically, 𝜎𝑞 ≤ Θ− .

Other questions that do not fit this categorization can be Recurrent

if their interest changes according to a clear pattern (e.g.: sport

questions become more popular during the weekend; the opposite

happens to finance), or they can be categorized as Other if none

of these categories suit them.

To validate the trendiness categories, we computed popularity

signals for a sample of queries using a private large-scale query

stream S (sampled 0.5B total). We implemented the similarity func-

tion 𝑠 as binary function to be 1 if the cosine similarity between two

queries encoded through an embedding model (MiniLM-v2-12L
2
) is

greater than a certain threshold, 0 otherwise. The daily popularity

of a query 𝑞 becomes the fraction of queries in the stream whose

cosine similarity with 𝑞 exceeds the threshold. The value of the

threshold was arbitrarily set to guarantee a query-query semantic

equivalence precision of 90%, manually evaluated through expert

annotators. This produces a time series of query frequency from

which we classified queries based on the shape of their popularity

signal. Figure 3 shows representative examples. The plots highlight

how the categorization can be made visually. While the underlying

query stream cannot be released, the methodology is reproducible

on any query log with timestamps using standard sentence em-

bedding models. The thresholds and parameters to categorize the

trends into Head, Torso, and Tail, the slope parameters Θ+/− , and
the time windows can be fully parametrized. We omit details on

how these can be set as they strictly depend on the use case and

the query stream.

2
https://huggingface.co/sentence-transformers/all-MiniLM-L12-v2

5 Experiments

To further study the taxonomy, we applied it to existing popular

Question Answering and Information Retrieval datasets. This anal-

ysis serves two purposes. First, we quantify how different temporal

categories are represented in current benchmarks, highlighting pos-

sible blind spots. Second, we motivate the need for explicit temporal

taxonomies in dataset design and evaluation.

We conduct our analysis on the following datasets:

• MS MARCO [24]: One of the most popular benchmark used

for passage retrieval and ranking. Queries are typically as-

sumed to be informational and time-invariant, making it a

useful testbed to measure latent temporal sensitivity.

• RealtimeQA [17]: A benchmark designed to evaluate ques-

tion answering under temporal change, focusing on current

events and time-dependent facts. Example: "Covid-19 vacci-
nations in the US began for which age group this week?".

• FreshQA [40]: A QA benchmark encompassing a diverse

range of question and answer types, including questions that

require fast-changing world knowledge. Example: "What is
the name of the first animal to land on the moon?".

• SituatedQA [47]: A QA dataset where answers depend on

temporal or geographical context. Questions are paired with

a timestamp. Example: "Who is the highest paid sitcom actor
of all time?".

For each dataset, we sample a subset of 1000 queries uniformly

at random to ensure coverage of diverse intents and topics. We

used Qwen3-235B model to classify each question according to the

taxonomy. The system prompt includes a precise description of

each class/label (as shown in this document), some examples, and

the query to be tested. In the case of RealtimeQA and SituatedQA,

the reference timestamp was provided, and the model was asked to

consider it in its judgment. The prompt is available in Appendix A.

Results of the classification are illustrated in Table 1.

Results highlight multiple key findings. First, FreshQA, Real-

timeQA, and SituatedQA exhibit substantially stronger temporal

characteristics than MS MARCO. These datasets contain a much

higher proportion of recency-driven questions, with RealtimeQA

in particular emphasizing need for dynamic reasoning reflecting its

focus on rapidly changing information. In contrast, MS MARCO is

dominated by temporally unanchored and evergreen queries, with

limited presence of explicit or dynamic temporal signals. Second,

FreshQA displays a more balanced temporal profile, combining

ongoing, past-oriented, and short-term temporal anchors, while

RealtimeQA is heavily skewed toward past-oriented and short-lived

answers, as evidenced by its high proportions of day- and week-

level answer ages and elevated answer volatility. This indicates that,

as expected, RealtimeQA places stronger demands on real-time

updating and temporal reasoning at inference time. Finally, differ-

ences in anchor type further distinguish the datasets: RealtimeQA

relies predominantly on dynamic and implicit anchors, whereas

MS MARCO overwhelmingly lacks temporal anchors altogether.

These findings suggest that standard IR benchmarks substantially

underrepresent temporal reasoning requirements, while FreshQA,

RealtimeQA, and SituatedQA better capture the challenges faced

by retrieval systems deployed in time-sensitive, real-world settings.

https://huggingface.co/sentence-transformers/all-MiniLM-L12-v2


ICTIR ’26, July 25, 2026, Melbourne, VIC, Australia Ivano Lauriola

Table 1: Distribution of reasoning and temporal attributes.

Category MS-M. FreshQA Realt.QA Sit.QA

Anchor Type
Dynamic 16.4 53.4 73.5 46.0

Explicit 2.3 8.1 8.0 12.9

Implicit 1.5 4.4 6.2 2.5

Irrelevant 1.5 1.3 2.3 0.8

No Anchor 78.3 32.2 9.6 37.7

Anchor Shape
Complex 0.1 0.0 0.2 0.0

Long 2.0 12.0 5.0 11.0

Short 21.4 63.4 86.4 58.8

Anchor Orientation
Future (Predictable) 0.3 4.9 4.3 2.4

Future (Unknown) 0.8 2.4 2.3 3.4

Ongoing 16.1 28.5 13.5 20.2

Past 6.3 39.5 71.5 43.8

Reasoning Type
Arithmetic 8.1 8.2 2.9 0.9

Comparison 0.0 1.4 1.6 1.9

Ordinal 6.1 25.9 6.4 34.3

Resolution (Dynamic) 3.5 9.8 25.8 6.4

Resolution (Static) 10.1 13.1 7.3 12.7

Answer Age
Live 3.5 9.0 5.0 6.3

Day 0.0 1.3 30.4 1.1

Week 0.1 2.9 32.6 1.7

Month 3.1 6.8 7.0 6.8

Year 2.4 19.8 2.0 9.5

More 90.9 60.1 22.9 74.6

Answer Expiration
Known 9.6 45.1 22.6 41.4

Slow 31.8 5.7 11.9 5.5

Unknown 38.0 46.3 58.1 32.8

None 20.7 2.9 7.4 20.3

Answer Volatility
Live 1.3 1.3 0.3 0.2

Low 15.8 36.8 8.9 34.4

High 1.5 10.5 36.6 8.9

Evergreen 81.2 51.0 53.9 56.3

Recurrent Volatility
False 97.9 80.0 93.4 79.7

True 2.1 20.0 6.6 20.3

However, there are some categories that are generally underrepre-

sented, including Live and recurrent questions, Irrelevant, Complex,

and Long anchors.

We manually evaluated labels generated for 200 queries to assess

the quality. The evaluation was conducted by 1 annotator amongst

the authors.We observed that the temporal understanding (anchors)

has very high multi-class accuracy alignment between human la-

bels and LLM, to be 93.0%. Similar results for reasoning (94.0%).

Time sensitivity accuracy is lower (82.5%) as the automatic eval-

uator cannot realistically judge some tail questions or unknown

topics without a complex and accurate RAG system. As additional

Table 2: Examples

Query - Labels

What is the name of the first animal to land on the moon?

Anchor: No anchor, event locked in time

Volatility: Evergreen

Reasoning: Ordinal

Who won the FIFA World Cup in 2018?

Anchor: Explicit, Long, Past

Volatility: Evergreen

Reasoning: None

How long ago did Covid-19 first break 1 billion infections?

Anchor: Dynamic, Short, Past

Volatility: High; Age: Day

Reasoning: Arithmetic, Resolution

When was the second time that President Joe Biden visited Vietnam during his

presidency?

Anchor: Implicit, Long, Past

Volatility: Evergreen

Reasoning: Ordinal, Resolution

What is the current age of Messi?

Anchor: Dynamic, Short, Present

Volatility: Low, Age: Year

Reasoning: Arithmetic, Recency, Expiration: Known

What is the current price of Bitcoin?

Anchor: Dynamic, Short, Present

Volatility: Live, Age: Live, Expiration: Known

Reasoning: Recency

validation tomitigate the adoption of a single annotator, we used Sit-

uatedQA labels. The dataset classifies queries in original, start, and
sampled_{year/date}. While original corresponds to our evergreen,

the remaining categories are time sensitive. We compared the LLM

judgments to these human labels. 94.0% of original questions were
judged as Dynamic anchor and 96.3% of remaining as Evergreen,

confirming strong alignment between the taxonomy and indepen-

dently annotated temporal labels. The popularity/trendiness evalu-

ation was not considered on purpose as an LLM cannot realistically

produce that information. For these reasons, we consider these

numbers directional to highlight trends and high-level information

of the datasets. Moreover, the relative differences represent the

most important information. For instance, knowing that answer

age = Week goes from 2.9% to 32.6% in FreshQA and RealtimeQA is

more informative than knowing how precise is the 2.9% itself. The

manual evaluation was conducted as a proof of concept to validate

the LLM classifier’s reliability, not as a full-scale annotation study.

A deeper multi-annotator effort with inter-annotator agreement

is left for future work. Some key examples sampled from these

datasets are available in Table 2.

5.1 Diagnostic Case Study

To illustrate the taxonomy’s diagnostic utility, we evaluated three

models on the RealtimeQA queries as classified in Section 5: Qwen3-

32B
3
, Mistral-v3-14B

4
, andMistral-v3-3B

5
. Note that, although the

taxonomy applies to any QA or IR system, we use LLMs as a diag-

nostic case study due to the availability of reproducible evaluation

on multiple-choice benchmarks. RealtimeQA is a multiple-choice

3
https://huggingface.co/Qwen/Qwen3-32B

4
https://huggingface.co/mistralai/Ministral-3-14B-Instruct-2512

5
https://huggingface.co/mistralai/Ministral-3-3B-Instruct-2512

https://huggingface.co/Qwen/Qwen3-32B
https://huggingface.co/mistralai/Ministral-3-14B-Instruct-2512
https://huggingface.co/mistralai/Ministral-3-3B-Instruct-2512
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Table 3: Accuracy (%) on RealtimeQA stratified by taxonomy

dimensions. Only categories with 𝑛 ≥ 20 are shown.

Dimension Category n Qwen Mistr. Mistr.

32B 14B 3B

Reasoning

Recency 758 59.0 56.6 39.6

Resolution-dyn. 348 57.5 55.2 41.1

Resolution-stat. 99 58.6 47.5 47.5

Ordinal 86 53.5 54.7 43.0

Arithmetic 39 46.2 48.7 23.1

Comparison 21 42.9 38.1 38.1

Anchor

Orientation

Future (Pred.) 42 47.6 50.0 42.9

Future (Unk.) 22 50.0 72.7 40.9

Ongoing 132 60.6 54.5 37.1

Past 697 59.0 56.2 41.8

Anchor

Type

Dynamic 732 60.0 57.8 40.7

Explicit 80 51.2 47.5 43.8

Implicit 62 48.4 46.8 43.5

Irrelevant 23 65.2 56.5 39.1

No Anchor 96 74.0 61.5 57.3

Answer

Age

Live 50 50.0 54.0 36.0

Day 303 57.4 58.4 36.3

Week 325 59.1 53.2 40.9

Month 70 61.4 61.4 44.3

Year 20 60.0 60.0 60.0

More 228 66.7 57.9 52.6

Answer

Expiration

Known 65 53.4 51.6 38.5

Slow 40 61.5 70.8 36.9

Unknown 192 61.1 53.5 41.7

None 301 60.8 58.0 44.8

task with four options per question (random baseline: 25% accu-

racy). We prompted each model with the question and the four

options and extracted the selected choice (see Appendix A for full

prompt). Overall accuracy ranges from 60.0% (Qwen3-32B) to 42.6%

(Mistral-3B), but stratifying by taxonomy dimension reveals sub-

stantial variation, as shown in Table 3.

The reasoning dimension shows a clear gradient: Recency queries

reach 59.0% for Qwen3-32B, while Arithmetic and Comparison

drop to 46.2% and 42.9% respectively. This gradient is consistent

across all three models, but amplified for smaller ones: Mistral-

3B drops to 23.1% on Arithmetic, making it indistinguishable

from random. Anchor orientation reveals that Future-predictable

queries are substantially harder than Past or Ongoing ones across

all models. High performance on Anchor orientation Ongoing

matches the reasoning Recency as the two categories are naturally

aligned. Queries with Explicit or Implicit anchors prove harder

than Dynamic ones, likely because RealtimeQA is designed around

current events, giving the models a recency prior that benefits

dynamic queries. Finally, queries requiring Live answer age lag

behind those tolerating older answers across all three models. This

result is intuitive, answer age defines a constraint in the answer,

the higher the constraint (i.e. the shorter the max age), the harder

the problem.

The taxonomy also reveals qualitatively different failure profiles

across models. Qwen3-32B performs equally on Past and Ongoing

queries (59.0% vs 60.6%), while Mistral-3B struggles disproportion-

ately with Ongoing ones (41.8% vs 37.1%), suggesting that present-

grounding is harder for smaller models. Conversely, all three models

converge at 60.0% on Year-level answer age, indicating that long-

horizon factual questions are equally accessible regardless of model

size. These results demonstrate that the taxonomy can pinpoint not

only which temporal competencies are universally hard, but also

where model-specific weaknesses emerge. None of these patterns

is visible from the aggregate accuracy alone.

6 Conclusions, Limitations, and Future work

Motivated by the increasing need for comprehensive evaluation of

QA/IR systems, we introduced a structured taxonomy of temporal

dimensions in natural language queries. The taxonomy is designed

to support exhaustive and surgical evaluations of QA/IR systems,

stressing any possible temporal aspect of queries and allowing

targeted, fine-grained analysis of system behavior over time. The

taxonomy includes four macro dimensions, categorizing queries

according to their (i) temporal understanding, (ii) reasoning, (iii)

time sensitivity, and (iv) trendiness. While the first two are intrinsic

properties of queries, time sensitivity and trendiness are extrinsic

dimensions describing changes in world knowledge and the evolv-

ing interest. Our taxonomy is designed to be parametrizable and

adaptable to different evaluation needs. We provide a formal specifi-

cation of each dimension and class, ensuring clarity, reproducibility,

and reduced ambiguity during annotation and system analysis. Ap-

plying the taxonomy to MS MARCO, FreshQA, RealtimeQA, and

SituatedQA revealed systematic gaps in existing benchmarks, with

several temporal categories severely underrepresented. A diagnos-

tic case study on three LLMs showed that the taxonomy exposes

failure patterns, such as near-random performance on temporal

arithmetic and comparison, that the aggregate accuracy conceals,

and that these patterns differ across models. We believe the taxon-

omy provides a practical foundation for more targeted evaluation

and development of temporally aware QA/IR systems.

Several limitations remain open. First of all, the trendiness dimen-

sion. It requires access to large-scale query streams and dedicated

infrastructure to track popularity over time; unlike the other three

dimensions, it cannot be evaluated through an LLM alone, as lan-

guage models have no access to how query frequency evolves after

their training cutoff. For these reasons, we left it out of our experi-

ments, but it is part of the taxonomy as a key extrinsic property of

queries. Next, some subcategory boundaries, such as answer age

granularity (Day, Week, Month), depend on thresholds that are

configurable parameters of the evaluation setting rather than fixed

values; alternative discretizations (e.g., logarithmic scales) may be

more appropriate depending on the application. In some cases, their

definition may be not trivial. While we designed the taxonomy to be

comprehensive, it cannot be strictly exhaustive. New temporal phe-

nomena may warrant additional categories, which may be driven

by the progress in QA, IR, and LLM fields. Moreover, our manual

validation relies on 200 queries labeled by a single annotator; while

sufficient to confirm the LLM classifier’s directional reliability, a

larger multi-annotator effort would strengthen confidence in the

framework’s applicability. However, the goal of the annotation was

to provide a direction for the analysis, highlighting that models
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*Task*
You are given a question q. Your task is to analyze the question according to the Temporal Understanding, Time Sensitivity, and Temporal
Reasoning taxonomies defined below.
You must assign values only from the provided labels, using only the definitions given.
Do not introduce new concepts, interpretations, or categories.

*Temporal Understanding*
Classify how the question relates to time.

1. Anchor Type
Labels: {definitions and examples for Explicit, Implicit, Dynamic, No Anchor, Irrelevant}
Notes: {contrastive examples and disambiguation}

2. Anchor Shape
Labels: {definitions and examples for Short, Long, Complex}
Notes: {contrastive examples and disambiguation}

3. Anchor Orientation
Labels: {definitions and examples for Past, Ongoing, Future-predictable, Future-unknown}
Notes: {contrastive examples and disambiguation}

*Time Sensitivity*
Classify how the set of correct answers changes over time.

4. Answer Volatility
Labels: {definitions and examples for Live, High, Low, Evergreen, Recurrent}
Notes: {contrastive examples and disambiguation}

5. Answer Age
Labels: {definitions and examples for Live, Day, Week, Month, Year, More}
Notes: {contrastive examples and disambiguation}

6. Answer Expiration
Labels: {definitions and examples for Known, Unknown, Slow}
Notes: {contrastive examples and disambiguation}

*Temporal Reasoning*
Classify the type(s) of temporal reasoning required.

Classes: {definitions and examples for Ordinal, Comparison, Arithmetic, Resolution-static, Resolution-dynamic, Recency}
Notes: {contrastive examples and disambiguation}

Output format (JSON):
{

"temporal_understanding": {"anchor_type": "...", "anchor_shape": "...", "anchor_orientation": "..."},
"time_sensitivity": {"answer_volatility": "...", "is_volatility_recurrent": ..., "answer_age": "...", "answer_expiration": "..."},
"temporal_reasoning": [...],
"rationale": "..."

}

Question: {question}

Figure 4: Simplified taxonomy annotation prompt. Labels and Notes sections contain definitions, examples, and contrastive

disambiguation drawn from our taxonomy.

perform differently in different sub-categories. Finally, the formal

framework assumes that the temporal scope 𝛽 (𝑎) of a response is
well-defined. This holds for simple factual answers (e.g., a date or a

name), but becomes ambiguous when the response is a generated

summary spanning multiple time periods or a retrieved document

containing facts with different temporal scopes. Related to this prob-

lem, we highlight that our evaluations on Table 3 focused on simple

multi-choice questions (QA). A scalable evaluation in IR setting

requires orthogonal effort in evaluating documents with respect to

all temporal dimensions, which is currently an open problem and

left out of the scope of this paper.

Promising directions include developing temporal-aware evalua-

tion metrics that penalize temporally invalid answers, using volatil-

ity and expiration estimates to inform cache and refresh policies in

RAG systems, deeper exploration of the trendiness dimension with

access to large-scale query logs, constructing temporally balanced

benchmarks guided by the taxonomy’s stratification criteria, and

extending the framework to multilingual and multimodal settings.

A System Prompts

The prompt used to run Qwen andMistral on RealtimeQA is showed

in the following.

Answer the following multiple-choice question. Reply with ONLY
the letter (A, B, C, or D).

Question: {question}
A. {choice_0}
B. {choice_1}
C. {choice_2}
D. {choice_3}

Answer:

The annotation prompt instructs the model to classify each query

along the taxonomy dimensions defined in this manuscript. For

each subcategory, the prompt includes the full label set with defini-

tions, examples, and contrastive notes to resolve ambiguous cases.

The complete prompt is available upon request. A simplified ver-

sion showing the structure is provided in Figure 4. Examples and

definitions are taken from the main text.
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