Measuring temporal effects of agent knowledge by date-controlled tool use
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Abstract

Temporal progression is an integral part of
knowledge accumulation and update. Web
search is frequently adopted as the grounding
for agent knowledge, yet an improper config-
uration affects the quality of the agent’s re-
sponses. Here, we assess the agent behavior
using distinct date-controlled tools (DCTs) as a
stress test to measure the knowledge variability
of large language model (LLM) agents. We
demonstrate the temporal effects of an LLM
agent as a writing assistant, which uses web
search to complete scientific publication ab-
stracts. We show that the temporality of search
engines translates into tool-dependent agent
performance but can be alleviated with base
model choice and explicit reasoning instruc-
tions such as chain-of-thought prompting. Our
results indicate that agent design and evalua-
tions should take a dynamical view and imple-
ment effective measures to account for the tem-
poral influence of external resources to improve
agent reliability'.

1 Introduction

Al agents based on LLMs and equipped with tools
(Mialon et al., 2023; Wang et al., 2024) are well-
suited for complex real-world tasks (Gao et al.,
2024; Xu et al., 2024) because of their extended
capabilities. Their potential to become virtual
assistants, paraprofessionals, or “copilots" holds
promise for improving the productivity and creativ-
ity of the scientific, medical workforces and beyond
(Wachter and Brynjolfsson, 2024; Wornow et al.,
2024; Bousetouane, 2025). The evaluation stan-
dards for Al agents are still in flux (Kapoor et al.,
2024; Hgjmark et al., 2024) and they are urgently
needed in specialized domains and realistic sce-
narios where the outcomes convey greater bearing
on their adoption. Recent works demonstrated the

!"The code and datasets for the work are available at https:
//github.com/RealPolitiX/agent_oost.

feasibility of LLMs in predicting temporal events
(Ye et al., 2024a) and carrying out time series fore-
casting (Tang et al., 2024), but their equivalents
in agentic systems are not yet realized. Scientific
knowledge and claims have a strong temporal de-
pendence but they have so far been less studied in
the context of generative language models (Zhao
et al., 2024; Park et al., 2024). We devised a text
completion task as a proxy to measure the agent’s
usability as a writing assistant with access to exter-
nal sources (see Fig. 1a).

Web search is an essential tool for grounding
agent knowledge in the current and bygone worlds
(Pavlick, 2023) and it appears in many applica-
tions as a capability extender for models (Zhou
et al., 2024a; Song et al., 2024). Nevertheless, web
search is subject to the recency and primacy bias
of the search engine (Lawrence and Giles, 1998)
and the cognitive bias of the users who seek and
collect information (Lau and Coiera, 2007). The
term search engine manipulation effect (Epstein
and Robertson, 2015) was coined to refer to the
search results’ influence on public opinions of soci-
etal issues. Independent of search engines, factual
and scientific knowledge also experience constant
but necessary updates over time (Arbesman, 2013).

While temporal generalization remains challeng-
ing for language models (Lazaridou et al., 2021;
Wallat et al., 2024), explicit tuning of time-related
tool parameters in LLM agents can offer an alter-
native way to reduce temporal effects of the base
model. These effects are a source of performance
reliability issues of agentic systems that warrant
investigation (Ye et al., 2024b). Date control in
reality can manifest passively because the tool-
interfaced computer programs have an intrinsic
time stamp or a versioned release over time (Zhang
et al., 2009). Alternatively, date control can be im-
posed actively because of copyright, paywall, or
local policy. Content access in the past can be con-
trolled retroactively as policy changes (Aral and
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Figure 1: (a) Illustration of the stress testing framework for agent knowledge, ¢,, indicates the time of publication (b)
Temporal tool selection in a ReAct-style agent that performs text completion task in (a) with a selected tool.

Dhillon, 2021). From a technical standpoint, invok-
ing different DCTs is equivalent to changing the
environment (here means the surface web, see Fig.
1a) of the agent, which requires the agent to adjust
to in task execution.

Stress testing is the ultimate test for model be-
havior and trustworthiness. In the time domain,
out-of-sample (OOS) testing is typically used for
temporal prediction methods (Hansen and Timmer-
mann, 2015). Analogous OOS assessments in the
text domain include predicting future events (Ye
et al., 2024a) or generating hypotheses (Zhou et al.,
2024b) conditioned on existing (e.g. past) knowl-
edge. We investigate the comparable problem from
the tool use perspective, where the agent has access
to changing internet-scale information. Because
scientific breakthroughs often lead to significant
knowledge updates, they are good markers for tem-
poral knowledge progression?. In this work, we
aim to investigate the following research questions:

RQ1: Can we manipulate agent knowledge by
imposing date restrictions on the tools?

RQ2: Can agents determine the optimal date-
controlled version of a tool to use for a task?

Our contributions along these directions are: (i)
Formulation of a tool-based stress test for time-
dependent knowledge for LLM agents; (ii) Intro-
duction of the SciBreak dataset containing the pub-
lication records of public-endorsed scientific break-
throughs from 2000 to 2024. (iii) Investigation of
the temporal effects of LLM agent performance
and behavior. Besides, we also discuss the impact
of temporal information on the agent capability and

2 Although the judgement on breakthroughs is ultimately

subjective and can change with time, our motivation to use
them is because of their noticeable footprints on the internet.

usability and its implications.

2 Related works

Temporal notion of LLMs Previous works have
shown that the latent space of LLMs has a direc-
tion of time (Gurnee and Tegmark, 2024). Re-
cent investigations show that model performance
is affected by the lack of temporal grounding
in the pre-training process (Zhao et al., 2024),
which can hinder the elicitation of appropriate time-
sensitive knowledge at task execution. Previous
works have shown LLMs often struggle with tasks
that require a consistent temporal grounding (Qiu
et al., 2024). The limitation can be improved with
techniques such as temporally-informed chain-of-
thought (CoT) prompting (Xiong et al., 2024).

Out-of-sample testing Classical and learning-
based time series forecasting commonly employ
temporal OOS performance tests (Inoue and Kilian,
2005; Hansen and Timmermann, 2015; Cerqueira
et al., 2020) to ensure model credibility and us-
ability. It is also relevant from an online learning
perspective where data are streamed in sequentially
and are subject to distribution shifts. In deep learn-
ing, OOS testing is used to provide risk-based self-
certification for neural networks (Pérez-Ortiz et al.,
2021a,b). In generative models, it has been used for
prompt selection (Perez et al., 2021) and controlled
generation (Jie et al., 2024) in language models and
for quality assessment of synthetic signal genera-
tors (Truong et al., 2019).

3 Tool-based stress testing

Definition 3.1 (Date-controlled tool (DCT)). A
DCT 7; is a function interface 7 (base tool) with a

347



settable parameter ¢ (upper terminal date) such that
the effect of the tool at different times ¢1 # ¢ are
distinct, or 73, # T¢,. The symbol Ty, indicates
that the tool was dated at ¢; or that it encompasses
all that came before 1, which is equivalent to T;<¢, .
We use 7y, t,, or equivalently, 7, <<, to describe
a tool assigned with a temporal window access in
t € (t1,t2], where t; is the lower terminal date.

Definition 3.2 (LLM agent with tools). An LLM
agent A with the base model M equipped with an
invocable tool 7 is A = M o T. A single tool
invocation by the agent given input X produces
the trajectory 7,, = {(O, R, G);}}'_, involving the
observation O, the reasoning trace R, and the ac-
tion GG. The output of the agent is described by the
altered distribution
Pry(Y]X)

single use

Pra(Y|X;5m), (1)
T:S—0 = T;:8— Oy 2)

The tool T converts the source information S from
the environment into the observation O to support
agent reasoning and action. In Fig. 1b, S refers to
the surface web and O the ranked snippets.

A web-search agent has an implicit parameter
t = tmax (i.€. the current date) for the tool 7, but
it can be modified to an arbitrary value ¢ < ¢y ax,
which changes the observation in Eq. (2).

Definition 3.3 (Tool-based stress test). A perfor-
mance test that induces stress conditions by adjust-
ing the tool parameters of an agentic system. A
temporal version of the test alters the time informa-
tion of tools and therefore measures the reliability
of agent performance under such conditions.

4 Testing framework implementation

Dataset We constructed the SciBreak dataset,
which has a clear time-delimited footprint on the
internet—scientific breakthroughs. We extended
the dataset collated in Wuestman et al. (2020) to
the year of 2024. Each year contains up to ~ 20
publications, including multiple publications con-
tributing to one breakthrough.

Agent configuration We integrated DCTs into
the ReAct (Yao et al., 2023) agent which allows
interleaved thinking and action. The agents were
constructed from closed-source models, including
OpenAl’s GPT-3.5-turbo (gpt-3.5-turbo-0125),
GPT-4-turbo (gpt-4-turbo-2024-04-09) (Ope-
nAl, 2024a), and GPT-40 (gpt-40-2024-08-06)

(OpenAl, 2024b) as the base model. For the tempo-
ral tool selection task, we also included CoT into
the agent pattern (ReAct+CoT) as a comparison.
The temperature for model inference was chosen
at 0.3 since lower values will significantly increase
the failure rates, especially for agents based on less
capable models.

Task design and metrics The LLM agent acted
as a writing assistant and was tasked to complete
the abstract of scientific papers. All evaluations
were in the form of cloze tests with random mask-
ing at the word level. The agent was allowed to seek
relevant information through the Google Search
API with specified dates to acquire information in
the form of text snippets (Strzelecki and Rutecka,
2020) in the default ranking of the search engine.
The agent then decides if the returned search re-
sults are relevant or it prefers to use its own knowl-
edge otherwise. We modulated the information
presented to the agent by changing the masking
ratio, v = #(masked words) / #(total words), which
was compared for different runs at 0.5 and 0.75,
respectively.

For RQ1, we evaluated how the text completion
task is influenced by changing the upper terminal
date of the web search (7; witht = t,—3,t,,t,+3
years) predating and postdating the time of the
publication, ¢,. We chose a separation of 3 years
between the terminal dates from experience with
the scientific publishing cycle (i.e., generally 1-
2 or more years for major advances). For RQ?2,
we instructed the agent on temporal tool selec-
tion through CoT prompting (Wei et al., 2022;
Chu et al., 2024). The agent was was presented
with a set 7, of IV differently date-controlled tools,
T, = {722.715#1}1-]\;1, each spanning the period of a
year. The model needs to rely on the time parame-
ter to make decisions. For simplicity, all API web
searches were done in English.

We quantify the task performance by comparing
the actual version of the scientific abstract using the
text overlap metric Rouge-L (Lin, 2004) and the
semantic text similarity (STS) computed with Sen-
tenceTransformer (Reimers and Gurevych, 2019).
The STS is the primary performance metric, while
Rouge-L is an indicator for verbatim completion.

5 Results

Reasoning about time In our evaluation exper-
iments, the agent’s reasoning behavior related to
its awareness of time (e.g. does the tool have time-
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Figure 2: Temporal effects of the search engine on agent performance in scientific abstract completion (y = 0.5).
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Figure 3: Temporal effects of the search engine on agent performance in scientific abstract completion (v = 0.75).

appropriate utility?) is triggered in two scenarios:
(i) When the web search returns nothing or little
relevant information to assist task completion. The
agent then proceeds to complete the task with the
internal knowledge of the base LLM. (ii) In tem-
poral tool selection, when the agent is given an
explicit CoT stepwise instruction (Chu et al., 2024)
to direct its reasoning towards considering the rele-
vance of information to the topic.

Table 1: Performance of LLM agents on text completion
(v = 0.5) with temporal tool selection.

Agent ‘ Agent Pub. in 2003  Pub. in 2015
model | pattern o eI, STS Rouge-l, STS
GPT-3.5 ReAct 0.447 0.732 0.447  0.794
-turbo | ReAct+ CoT 0.487 0.640 0.518 0.607
GPT-4 ReAct 0.635 0.888 0.588 0.783
-turbo | ReAct+ CoT 0.649 0.897 0.644  0.859

Table 1 shows that the STS increases by includ-
ing CoT prompting (ReAct + CoT) than with ReAct
only, when the agent by default selects 7, —1¢, as
the tool. Here, ¢ € [t_,t.] being the date range
of the tools. The agent then explores more date
choices driven by its internal understanding of the
scientific concepts present in the input paragraph.
These behavioral characteristics allow the agent to

handle non-existent and underspecified contexts in
the stress test setting. The performance boost of
ReAct + CoT agent pattern requires a model with
sufficient reasoning capability such as GPT-4 (Ope-
nAl, 2024a), while for GPT-3.5, it is more prone to
failure and the performance gain is reversed.

Table 2: Performance of LLM agents on text completion
(v = 0.75) with temporal tool selection.

Agent ‘ Agent Pub. in 2003  Pub. in 2015
model \ pattern Rouge-L. STS Rouge-L STS
GPT-3.5 ReAct 0.297 0.604 0.438 0.779
-turbo |ReAct+ CoT 0.212 0416 0.546 0.774
GPT-4 ReAct 0.343 0.756  0.311  0.666
-turbo | ReAct+ CoT 0.447 0.796 0.304 0.693

Temporal effects across models and masking
High-capacity models with greater reasoning ca-
pabilities are capable of making more sensible
choices on the tool dates in the temporal tool se-
lection task. This task evaluated the model ca-
pability with two different levels of text masking
determined by the masking ratio . The results in
Figs. 2-3 and Tables 1-2 contains two major trends:
(i) The more advanced models can recover more of
the missing semantic content in the masked input,
as indicated by the significant increase of STS from
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LLM agents based on GPT-3.5 to GPT-40 (OpenAl,
2024b). (ii) There is noticeable variability of agent
performance between knowledge generated more
recently than before 2010. (iii) For the same model,
varying the masking ratio of input largely preserves
the date sensitivity in the agent performance. Sim-
ilar time-dependent performance change has also
been described in a different context for LLMs
(Zhao et al., 2024). Overall, the temporal effects
are less severe in more capable models.

6 Discussion

Agent vulnerability and tool-based control
Our work shows that agents with access to external
tools are subject to manipulation by corrupted tools
(Ye et al., 2024b) to compromise their generated
information for knowledge-intensive domains, ex-
tending the previous example on misinformation
in LL.Ms (Han et al., 2024). We provide evidence
that agentic reasoning and model capabilities can
counter the limited information quality of search
engines. In agentic search, carefully designed con-
trols will allow filtering of unreliable information
and improve agent performance. Imposing a date
restriction on search is similar to reranking and par-
tial deletion of the search results. Therefore, agent
designs with verification of content freshness and
temporality will ensure more reliable use.

Robustness and reproducibility of agentic sys-
tems Agentic systems for scientific problems
should adapt to different levels of prior knowl-
edge available to the domain (Vinuesa et al., 2024).
From the robustness viewpoint, temporal shifts
can be counteracted through the use of external
resources. Task-oriented requirements specifica-
tion (Xian et al., 2025) is useful for improving the
usability and avoiding unnecessary artifacts from
model imperfections and the reliability of external
tooling and information sources. From the repro-
ducibility viewpoint, agentic tool use should al-
ways incorporate essential information of the key
parameters. Our work indicates that more research
is needed in principled maintenance of agentic
frameworks under constant updates of external re-
sources to facilitate reliable agent design (Kapoor
etal., 2024).

Limitations

Our work is focused on models with tool-calling
and reasoning capabilities, yet the phenomenon
demonstrated here has equivalents in less capable

models not investigated here. The test examples we
chose simulate a realistic application setting of an
agentic writing assistant, yet such an effect could
already manifest in more ordinary tasks such as
knowledge-related question answering or in mali-
cious settings where bad actors are trying to pollute
the information system (e.g. internet or proprietary
databases) through more elaborate search engine
manipulation. We also didn’t investigate the sce-
nario where the LLLM agent has possession of a
proprietary tool (e.g. for fact-checking) indepen-
dent of web search, which could be an alternative
way to improve performance.

Ethics statement

The present work illustrates the importance of tem-
poral factors when working with LLM agents that
have access to the internet. Our results provide an
initial assessment of the factors that can influence
an agentic writing assistant’s ability to properly uti-
lize time-bounded search results in its reasoning
process. We acknowledge that reliance on time-
bounded search results presents ethical consider-
ations related to misinformation, data freshness,
and accuracy. Agents may misinterpret outdated
or contextually misaligned information, leading to
erroneous conclusions. Furthermore, temporal bi-
ases in search tools, such as the prioritization of
newer content over historically relevant sources,
can skew results, potentially reinforcing recency
bias or omitting crucial context.
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A Agentic task

The web-search agent is configured according to
the ReAct architecture using a helpful assistant sys-
tem prompt (“You are a helpful writing assistant.”).
The instruction prompt is as follows.

Instruction: Browse the internet using keywords or
phrases in the following paragraph with masked text.
Make use of the search results to fill in each [UNK] with a
word or punctuation. Output your final results after Final
Answer: to indicate the beginning of your completed text.
Use your own judgement to decide what information from
the search results is useful. If nothing is useful, then try
to complete the task with your own knowledge.
Requirements: Use the given parameters in the tools to
solve the following problem and don’t reset them. Don’t
change the number of arguments supplied to the tool you
use.

Masked text: ... [the masked text]...

. J

In our experiments, the masked text is re-
placed with the masked scientific abstracts. The
instruction prompt contains a task description and
suppresses undesired agent behaviors that can
cause errors in execution. In our empirical investi-
gation, we also found that the reasoning process of
tool-calling agents tend to reset the date parameter.
For the experiments, we added an instruction to
specifically forbid that behavior.

B Dataset preprocessing

The SciBreak dataset is partly based on peer-
reviewed publications collated and categorized
in Wuestman et al. (2020), including the annual
top-ten-ranked scientific breakthroughs from mid-
1990s till 2012 collated by the journal Science at
the end of each year. The publications are drawn
from various journals in the physical, biomedi-
cal, and engineering sciences, which constitute the
scope of the ranking. We chose records from year
2000 to 2012 and extended to year 2024 by self-
curating the extra years of ranked publications from
the published tally in each year. The links to the
yearly breakdown is provided as follows: 2012
(15), 2015 (12), 2018 (17), 2021 (14), 2024 (11),
etc®. The number in the parenthesis indicates the
number of publications featured in the top-ten rank-
ing of the corresponding year.

We collected the abstracts of the associated pub-
lications through web scraping from the public
databases PubMed* and SAO/NASA ADS Abstract

3 A complete list is found at the online repository
*https://pubmed.ncbi.nlm.nih.gov/

Service’ using the Digital Object Identifiers of the
publications, which are also provided in the dataset.

C Extended results

Table 3: Performance of ReAct-style LLM agents on
text completion (v = 0.5, see Fig. 2) following web
search with DCTs. For the row of Input, the metrics are
computed between the input and the ground truth.

Agent | T;cut-off  Pub.in2003  Pub. in 2015

model ‘ (¢ years) Rouge-L. STS Rouge-L STS
Input | — 0486 0.657 0488 0.658
tp—3 0481 0764  0.623  0.659
G_I;Trf(;s tp 0462 0.689 0438 0.779
tp+3 0427 0677 0546 0.774
tp — 3 0.627 0.889 0.601 0833
_GtErTl;‘ tp 0.641 0.887 0.629 0.879
tp+3 0.614 0886 0.624 0.871
tp — 3 0735 0911 0727 0928
GPT-4o tp 0741 0931 0744 0912
tp+3 0733 0944 0701 0.928

Table 4: Performance of ReAct-style LLM agents on
text completion (y = 0.75, see Fig. 3) following web
search with DCTs. For the row of Input, the metrics are
computed between the input and the ground truth.

Agent | T; cut-off Pub. in 2003  Pub. in 2015

model -\ (1years)  pouge-L. STS Rouge-L STS
Input | — 0.486 0.657 0488 0.658
tp— 3 0418 0.636 0286 0.525
G_lt)uTr:(;S t 0279 0590 0274 0.626
tp+3 0285 0.602 0309 0.586
tp—3 0324 0729 0325 0.767
ﬁi‘j t, 0341 0706 0376 0.762
tp+3 0390 0.826 0319 0.705
t,—3 0478 0.867 0405 0.796
GPT-4o t 0440 0.842 0448 0.842
tp+3 0446 0.846 0458 0.863

Extended results for RQ1 include Table 3, which
includes a portion of the results in Fig. 2, and Ta-
ble 4, which is similarly related to Fig. 3. These
tables also contain the corresponding values of
the Rouge-L score (Lin, 2004). The performance
metrics in the tables with a higher masking ratio
(v = 0.75) trend lower than the conditions in ta-
bles when v = 0.5, similar characteristics hold for
the time dependence of the STS for publications
appeared more recently (since the 2010s) and those

Shttps://ui.adsabs.harvard.edu/
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before. In the temporal tool selection task, the Re-
Act + CoT pattern provides a performance gain
over ReAct-only agents.

s N

Observation: None

Thought: The search results provide detailed infor-
mation about the discovery and genetic analysis
of Denisovans. | can use this information to fill
in the blanks in the masked text. The text seems
to describe the discovery of Denisovan remains in
Denisova Cave, Siberia, and their genetic relation-
ship to Neanderthals and modern humans.

(a) No date restriction on tool.

Observation: The search did not return any results.
This could be because the discovery of Denisovans
and the relevant genetic analysis occurred after
2004. Therefore, | need to adjust my approach
to fill in the blanks based on general knowledge
available up to 2004 about ancient hominins, their
discoveries, and genetic analysis techniques.

Thought: Since the Denisovan discovery itself was
not known before 2004, | will use general knowledge

about ancient DNA studies and hominin discoveries

in Siberia to fill in the blanks.

(b) Tool restricted to date before event.

Figure 4: Example reasoning paths (emphasized by un-
derlines) from the LLM agent before and after imposing
a date restriction on the tool. The example here uses the
discovery of Denisovan hominins. Important parts of
the verbalized reasoning are underlined.

D Examples of temporal awareness

The example in Fig. 4 includes the typical reason-
ing trace of the LLLM agent put under testing to the
breakthrough discovery of Denisovan hominins (an
ancestor of modern humans) around 2008, which
became widely reported in the English media a
couple of years later thanks to the major scientific
publication (Reich et al., 2010) and contributed sig-
nificantly to Svante Pd4bo’s Nobel Prize in 2022.
The Denisova cave in Siberia has existed as a
geographical name for much longer on the internet,
but primarily in the Russian language, so largely in-
accessible through English language search before
2008. Moreover, Denisova is used as a surname,
which appears upon search in English. However,
neither of these facts informs the model about po-
tential content in the masked text about the scien-
tific discovery that was consolidated by genomic
sequencing. When the clock of the search engine is

set to before 2008, the LLM agent attempted to con-
front the absence of results and reasoned that the
work was not known before the cut-off date of the
search and instead switched to using its parametric
knowledge to complete the text. If the search clock
was unset, then the information is readily available,
as compared in Fig. 4.
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