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Abstract

Temporal knowledge graph question answer-
ing (TKGQA) addresses time-sensitive queries
over temporal knowledge graphs, but existing
approaches struggle with multi-hop reasoning
and implicit temporal constraints. We intro-
duce TempTool-R1, a novel tool-integrated
reasoning framework that enables large lan-
guage models to explicitly use temporal tools
for precise reasoning. First, we design a uni-
fied temporal tool-based API capable of trans-
forming implicit temporal cues into executable
operations, establishing the structural founda-
tion for tool interaction. In the second stage,
supervised fine-tuning teaches the model to
interweave chain-of-thought reasoning with
think-then-tool usage, allowing it to call tem-
poral tools during inference. Finally, we ap-
ply reinforcement learning with fine-grained,
order-sensitive reward functions tailored for
temporal tool use, further refining the model’s
tool-use policy. Experiments on three chal-
lenging TKGQA benchmarks demonstrate that
TempTool-R1 significantly outperforms exist-
ing methods. In particular, our approach excels
on complex questions requiring multi-hop tem-
poral reasoning, highlighting the effectiveness
of temporal tool integration and reward opti-
mization in improving TKGQA performance.

1 Introduction

Temporal knowledge graph question answering
(TKGQA) aims to answer time-sensitive questions
by reasoning over temporal knowledge graphs
(TKGs), where facts are represented as time-
stamped quadruples (s, p, o, t). In practice, ques-
tions can involve not only explicit temporal con-
straints (e.g., “in 2010”, “after 2015”) but also
implicit ones (e.g., “after the Danish Ministry”).
Moreover, TKGQA often requires multi-hop rea-
soning across facts and reasoning with different
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After the Danish Ministry of Defence and Security,

who was the first to visit Iraq?

..

The tool returns: Danish Ministry visit Iraq 2016-

01-05

The tool returns: Jack visit Iraq 2016-01-06,

Obama visit Iraq 2016-01-09

Jack is the first to visit Iraq in 2016-01-06

I need to find after 2016-01-05, who visited Iraq...,

and I should invoke Get_head_entity(...) tool.

I need to find when did Danish Ministry visit Iraq...,

and I should invoke Get_time(...) tool.

Figure 1: An illustrative example of complex temporal
question with Tool-Integrated Reasoning.

temporal operations (Chen et al., 2023b; Sun et al.,
2025). These challenges demand models that can
understand temporal expressions and perform pre-
cise temporal reasoning.

Recently, large language models (LLMs) have
become the dominant paradigm for TKGQA (Chen
et al., 2024b; Hu et al., 2025; Gong et al., 2025).
However, existing LLM-based methods typically
rely on carefully crafted prompts, and they still
struggle with multi-hop temporal queries.

Reinforcement learning (RL) has shown great
potential for improving the reasoning capabili-
ties of LLMs. For example, models such as
OpenAI-o1 (OpenAI et al., 2024) and DeepSeek-
R1 (DeepSeek-AI et al., 2025) demonstrate that RL
can significantly boost performance on complex
reasoning tasks. Meanwhile, an increasingly impor-
tant direction is Tool-Integrated Reasoning (TIR),
where models invoke external tools during the rea-
soning process. Recent work (Jin et al., 2025; Tan
et al., 2025; Qian et al., 2025) shows that, for com-
plex reasoning tasks, LLMs often cannot answer
correctly using internal knowledge alone and need
to interact with external resources such as search
engines, code interpreters, or even TKGs. Building
on these insights, we hypothesize that equipping an
LLM with a set of temporal tools to interact with
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TKGs and training it with RL can enable more
effective temporal reasoning. Figure 1 illustrates
an example where a temporal question is solved
through tool use. Notably, although prior TIR ap-
proaches have enhanced tool use and multi-step
reasoning, none have directly tackled the unique
challenges of temporal reasoning on TKGs.

We identify two key limitations in applying TIR
to TKGQA: (1) Lack of unified and reusable
temporal tool interfaces. Some prior work (Gong
et al., 2025; Qian et al., 2024) exposes temporal
information through question decomposition or re-
trieval, but the underlying temporal operations re-
main implicitly encoded in prompt or LLMs’ rea-
soning. ARI (Chen et al., 2024b) defines fine-
grained actions, but these actions are not designed
for interacting with TKGs and are partially redun-
dant. As a result, models struggle to generalize to
new query types or compositional temporal con-
straints, and they lack reusable temporal operators.
(2) Lack of fine-grained reward design for tem-
poral tool. Existing tool-using RL approaches (Li
et al., 2025; Tan et al., 2025) typically provide
only coarse outcome-based rewards, without eval-
uating whether intermediate tool usage is correct.
Although ToolRL (Qian et al., 2025) highlights the
importance of fine-grained rewards for tool use,
it mainly matches tool names, arguments, with-
out capturing the order of tool calls or uses coarse
matching for parameter values, which are crucial
for TKGQA.

To address these limitations, we propose
TempTool-R1, a Tool-Integrated Reasoning (TIR)
training framework for TKGQA that enables LLMs
to explicitly use various temporal tools during rea-
soning. We train LLMs to interact with TKGs via
tools, enabling step-by-step reasoning over com-
plex temporal questions. Specifically, we first de-
sign a unified temporal tool-based API for TKGQA
and construct a tool-augmented reasoning dataset
that pairs chain-of-thought reasoning with exe-
cutable temporal tool calls. Second, we perform
supervised fine-tuning (SFT) to equip LLMs with
the ability to leverage temporal tools during reason-
ing and follow a think-then-tool format. Finally, we
introduce a fine-grained reward tailored to temporal
tool and apply Group Relative Policy Optimization
(GRPO) (Shao et al., 2024) to refine the model’s
tool-use policy on complex temporal questions. Ex-
periments on three TKGQA benchmarks show that
our approach outperforms existing methods, espe-
cially on questions requiring multi-hop temporal

reasoning. The contributions of this work are sum-
marized as follows:

• We design dataset-agnostic temporal tool-
based API for TKGQA that turns implicit tem-
poral reasoning into executable tool programs,
enabling reusable temporal operators and in-
terpretable reasoning.

• We propose TempTool-R1, a novel training
framework for TKGQA that equips LLMs
with the ability to integrate temporal tools into
the reasoning process and strengthens their
temporal inference.

• We design fine-grained, order-sensitive re-
ward functions tailored for temporal tool-
integrated reasoning and conduct extensive
RL experiments to validate their effective-
ness. Although task-specific, the underlying
principle—encoding tool dependencies in the
reward signal rather than in the tool interface
or policy architecture—is general and applica-
ble to other domains where correct tool usage
depends on logical ordering.

2 Related Work

2.1 TKGQA
Existing TKGQA approaches fall into three groups:
embedding-based, semantic parsing-based, and
LLM-based methods.

Embedding-based Methods CronKGQA (Sax-
ena et al., 2021) derives time embeddings of enti-
ties and relations from pre-trained models. Tem-
poQR (Mavromatis et al., 2022) incorporates con-
textual and time-aware modules into the question.
MultiQA (Chen et al., 2023b) introduces multi-
granularity temporal constraints. Some methods
(Jia et al., 2021; Sharma et al., 2023; Liu et al.,
2023) integrate graph neural networks. These meth-
ods offer high execution efficiency but struggle
with complex temporal tasks.

Semantic Parsing-based methods These ap-
proaches translate questions into structured queries
(e.g., logical forms, programs) that can be executed
over TKGs (Ding et al., 2022; Chen et al., 2024a).
Such methods can achieve high precision when
the parsing is correct. However, they often suffer
from parsing errors and inaccurate entity or relation
extraction, which leads to unstable behavior and
degraded overall performance.

16225



LLM-based Methods With the emergent abili-
ties of LLMs, LLM-based methods have become
the dominant paradigm. ARI (Chen et al., 2024b)
enhances LLMs through inductive reasoning, Gen-
TKGQA (Liao et al., 2024) adopts a two-stage gen-
eration strategy, TimeR4 (Qian et al., 2024) intro-
duces a retrieve-rewrite-rerank strategy, and RTQA
(Gong et al., 2025) iteratively decomposes com-
plex temporal queries. Unlike existing methods,
our approach introduces a unified API for temporal
tools and utilizes SFT and RL to strengthen LLMs’
proficiency in tool usage, thereby enabling more
effective complex reasoning in TKGQA.

2.2 Tool-Integrated Reasoning of LLMs

Tool-integrated reasoning (TIR) has emerged as
a promising direction for enhancing the capabili-
ties of LLMs. Early studies (Schick et al., 2023;
Qin et al., 2024a) introduced the idea of equip-
ping LLMs with external tools to compensate for
limitations inherent to pretraining, such as code ex-
ecutors (Chen et al., 2023a) and search engines (Vu
et al., 2024). Subsequent work (Schick et al., 2023;
Qin et al., 2024b) relied on SFT with carefully
curated datasets to improve tool-use performance.
More recently, reinforcement learning (RL) has
been recognized as an effective approach for fur-
ther advancing TIR, demonstrating strong potential
in information retrieval (Jin et al., 2025), research
(Zheng et al., 2025), mathematics (Li et al., 2025),
and code generation (Feng et al., 2025). In par-
allel, several studies have explored fine-grained
rewards for tool use (Qian et al., 2025) and multi-
step TIR (Xue et al., 2025). However, none of these
approaches have directly addressed temporal rea-
soning over TKGs. Our work is the first to bridge
this gap, by defining unified temporal tools and a
dedicated training framework to integrate them into
LLM reasoning for TKGQA.

3 Method

3.1 Task Definition

Given a temporal question q and a Temporal Knowl-
edge Graph (TKG) G = (E ,R, T ,F), TKGQA
aims to provide the correct answer based on TKG,
where the answer may be an entity es/eo ∈ E , a
timestamp t ∈ T , or a Boolean value.

3.2 Overview

TempTool-R1 is a reasoning-driven, tool-integrated
framework that trains LLMs to invoke temporal

tools appropriately when interacting with the TKG,
leading to more accurate answers. Concretely, it
consists of three stages: (1) We decompose com-
plex temporal questions into recurring reasoning
patterns and design a set of generalizable temporal
tools to handle these patterns. (2) We carefully con-
struct training examples that interleave chain-of-
thought reasoning with temporal tool calls. Based
on these data, we perform supervised fine-tuning
(SFT) to teach the LLM to generate responses in a
think-then-tool format. (3) Starting from the SFT
model, we further apply reinforcement learning
with order-sensitive and fine-grained rewards at the
entity and relation level to stabilize training. These
rewards improve the model’s ability to handle com-
plex questions. The overall framework is illustrated
in Figure 2.

3.3 Definition of Temporal Tools
TempTool-R1 formulates TKGQA as a multi-turn
interaction with a set of temporal tools. We prior-
itize two design principles. First, tool interfaces
are decoupled from the underlying TKG schema to
ensure portability across different temporal knowl-
edge graphs. Second, the internal implementation
of each tool is designed to maximize the recall of
correct candidates, so that the result is not con-
strained by the retrieval accuracy of temporal tools.

Tool Interface. Following (Sun et al., 2025), we
group temporal reasoning into temporal retrieval
capabilities (temporal constrained retrieval (TCR),
timeline position retrieval (TPR)), temporal op-
eration capabilities (temporal semantic operation
(TSO), and timeline arithmetic operation (TAO)).
In line with our goal that temporal tools should
directly interact with the TKG, we focus on TCR
and TPR, while leaving TSO and TAO to be han-
dled by the model’s CoT reasoning. We therefore
construct three temporal tools, as shown in Table 1,
which is sufficient to realize the retrieval primi-
tives needed by common multi-hop temporal rea-
soning. Specifically, at step i, the model selects
an appropriate tool Ti based on the context and
receives a tool feedback oi. Then it uses the up-
dated state to choose the next tool Ti+1, and con-
tinues this process until a final answer is produced.
We denote the reasoning trajectory up to step k as
sk =

{
(ri, Ti, oi) | i = 1, . . . , k

}
.

Tool Implementation. The objective of our tool
implementation is to improve the accuracy of re-
trieved results. To this end, we introduce two key
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<think>During 2010 and 2012,

I need to ...</think>

Instruction: query

<think> </think>

<tool_call> </tool_call>

<obs> </obs>

Supervised

Fine-Tuning

Ground

Truth

Turn 1

<think>...</think>

<tool_call>{Name: Get_time, Parameters:

{head: Barack Obama, rel: have a visit with, tail: China}}

</tool call>

<think>...</think>

<tool_call>

{Name: Get_time, Parameters: {head: Barack Obama, rel: have

a visit with, tail: China}}

{Name: Get_head_entity, Parameters: {tail: China, rel: have a

visit with, begin_time: -inf, end_time: inf, type:after}}

</tool_call>

Rollout1

Turn 1

Rollout2

Turn 1

<think>...</think>

<tool_call>

{Name: Get_head_entity, Parameters: {tail: China, rel: visit,

begin_time: -inf, end_time: inf, type: after}}

{Name: Get_time, Parameters: {head: Obama, rel: visit, tail:

China}}

</tool_call>

Get_time Get_head_entity

Ground

Truth
Predict 1

order-valid Score: 1/2

Ground

Truth

order-invalid

Get_time Get_head_entity

Predict 2

Score: 0

Tool: Get_time

1. Format

Rollout1 Rollout2

<think>...</think>

<tool_call>...</tool_call>

Ground Truth

Tool Name Match Parameter Name Match Parameter Content Match

head rel tail

Ground

Truth

Predict 1

Score: 3/3

head rel tail

Ground

Truth

Predict 2

Score: 3/3

Param1:head, Param2:rel, Param3:tail

head: Barack Obama

rel: have a visit with

tail: China

Score: 3/3

head: Obama

rel: visit

tail: China

Score:

sum(F1(*)/3)+1/3

Stage 2: Temporal Tool Supervised Fine-TuningStage 1: Definition of Temporal Tools

Get_head_entity(tail, rel, ...)

Get_tail_entity(head, rel, ...)

Get_time(head, rel, tail)

2. Correctness

TAO

TSO

TCR

TPR

Instruction: question
<think>...

</think>

<tool_call>...
</tool_call>
<obs>...

</obs>

<think>...

</think>

------
<response>
</response>

Instruction: query

SFT Data

<think> </think> <response> </response>

<think> </think> <tool_call> </tool_call>

<think> </think> <response> </response>

<think> </think> <tool_call> </tool_call>

Tool Name Parameter Name Parameter Content

Update

Stage 3: Tool-Augmented Reinforcement Learning

Initialize

head: Barack Obama, rel: have a visit

with, tail: China

������  !

 sft

TKG

Figure 2: Overview of TempTool-R1. In Stage 1, we define a unified set of temporal tools. In Stage 2, we perform
cold-start SFT, and in Stage 3, we apply RL with carefully designed temporal tool rewards to further improve the
model’s performance on TKGQA.

components: semantic alignment for entities and
relations, and temporal filtering. Concretely, once
the model outputs a tool call, we parse its entity
and relation arguments and compute their semantic
similarity to predefined ones in TKG. We select the
top-K candidates, rerank them, and take the top 1
as the final aligned entity or relation, which is then
used for exact matching in the TKG. The tempo-
ral filtering module extracts temporal arguments
and constraint types from the tool interface and fil-
ters over the TKG, effectively narrowing the search
space and improving retrieval precision. We adopt
top-1 alignment to ensure deterministic and stable
tool execution during RL training. Importantly, the
gains of TempTool-R1 cannot be attributed to this
retrieval infrastructure alone: as shown in Table 4,
equipping the untrained Qwen3-4B with the same
tools and identical retrieval pipeline yields only
0.543 Hits@1, compared to 0.851 for TempTool-
R1. Since the retrieval module is held fixed across
these two settings, the performance gap reflects
the reasoning and tool-use policies learned through
SFT and RL, rather than retrieval strength.

3.4 Temporal Tool Supervised Fine-Tuning
To equip the LLM with the ability to adaptively use
temporal tools in a think-then-tool format during
reasoning, we first construct tool-augmented rea-
soning samples. Specifically, the system prompt

instructs LLM, upon receiving a new query, to first
perform reasoning within <think> and </think>
tags. After completing reasoning, the LLM may
invoke temporal tools as needed by emitting a tool
specification inside <tool_call> and </tool_call> ,
while the returned results from the tools are in-
serted into the context within <obs> and </obs> .
This process is repeated iteratively: each new obser-
vation can trigger further thinking and additional
tool calls, until either LLM produces a final answer
enclosed in <response> and </response> or a pre-
defined maximum number of tool invocations is
reached.

After generation, we filter out samples with cor-
rect answers and partition them into four categories
(Tan et al., 2025), as illustrated in Figure 2. The
first two categories teach the model to answer using
its internal knowledge, while the last two encourage
it to continue reasoning from temporal tool outputs.
We then perform cold-start SFT to teach the model
to recognize tools, respond in a think-then-tool for-
mat, and further interact with the TKG based on
tool feedback, providing a stronger initialization
for subsequent RL training.

3.5 Reward Design
Rule-based reward mechanisms have demonstrated
strong performance and are widely used. Follow-
ing prior work, we adopt a combination of format
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Tool Parameter Description

Get_time (head, rel, tail) Returns the time interval(s) during which the relation rel between
head and tail holds.

Get_head_entity (tail, rel, begin_time, end_time, type) Finds the head entity that satisfies the given relation with the
known tail within [begin_time, end_time].

Get_tail_entity (head, rel, begin_time, end_time, type) Finds the tail entity that satisfies the given relation with the known
head within [begin_time, end_time].

Table 1: Summary of the three temporal tools used for interacting with the temporal knowledge graph. The parameter
type specifies whether the temporal condition is “in/on”, “before”, “after”, or “between”. The Get_time tool
equips the model with TPR capability, while Get_head_entity and Get_tail_entity provide TCR capability.

and correctness rewards. Formally, the final reward
Rfinal is composed of Rformat and Rcorrect, each de-
scribed in detail below:

Format Reward. The format reward Rformat ∈
{0, 1} checks whether the model output contains
all required special tokens (thoughts, tool calls,
and responses) in the correct order specified by the
reference trajectory:

Rformat =

{
1, all format tags are correct,
0, otherwise. (1)

Correctness Reward. Conventional correctness
rewards typically focus only on the final an-
swer. However, TIR involves multi-turn interac-
tions where each step may invoke multiple tools
with structured arguments, and thus requires finer-
grained rewards to effectively support RL training.
ToolRL (Qian et al., 2025) takes an important step
in this direction, but it does not explicitly model
the ordering of tools within the same turn. For
example, in answering “After the Danish Ministry
of Defence and Security, who was the first to visit
Iraq?”, a gold trajectory first calls Get_time(head:
the Danish Ministry ..., rel: visit, tail: Iraq) and
then calls Get_head_entity(tail: Iraq, rel: visit, ...)
after obtaining the timestamp. During RL sampling,
issuing both tools in a single turn with Get_time
before Get_head_entity still respects the temporal
logic and should receive partial credit, whereas
placing Get_head_entity before Get_time violates
the temporal dependency. Yet both cases obtain
the same score in ToolRL. This motivates an order-
sensitive correctness reward to guide more faithful
temporal tool use.

In addition, ToolRL uses exact matching for pa-
rameter content, which is overly strict for tasks that
extract entities and relations from natural language.
We instead adopt a word-level unigram F1 reward:
we split the predicted and gold parameter strings
into tokens and compute F1 over their word over-

lap, providing a finer signal for parameter-content
matching.

Given predicted tool calls P = {Pi}mi=1 and
ground-truth calls G = {Gi}ni=1, the detailed for-
mulation is given as follows:

• Tool Name Matching:

rname =





|NG ∩NP |
|NG ∪NP |

, if order is valid

0, otherwise
(2)

where NG and NP denote the tool-name sets from
the gold and predicted calls, respectively. As noted
by (Sun et al., 2025), TPR must precede TCR.
Thus, if Get_time appears before Get_head_entity
or Get_tail_entity, we compute the Jaccard similar-
ity, otherwise the reward is set to 0.

• Parameter Name Matching:

rparam =
∑

Gj∈G

∣∣keys(PG) ∩ keys(PP )
∣∣

∣∣keys(PG) ∪ keys(PP )
∣∣ , (3)

where keys(PG) and keys(PP ) denote the param-
eter names of the gold and predicted tool calls,
respectively.

• Parameter Content Matching:

rvalue =
∑

Gj∈G

∑

k∈keys(Gj)

F1
(
PG[k], PP [k]

)
,

(4)
where

F1(x, y) =
2 |W (x) ∩W (y)|
|W (x)|+ |W (y)| , (5)

and W (x) denotes the multiset of words obtained
by splitting string x on whitespace. We apply un-
igram F1 matching only to the argument values
of entities and relations, while keeping other argu-
ments (e.g., time and type) under exact matching.

• Total match score for each match is:
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rmatch = rname + rparam + rvalue ∈ [0, Smax], (6)

where Smax = 1 + |G| + ∑
Gj∈G

∣∣keys(Gj)
∣∣ de-

notes the maximum possible score. All other com-
ponents are kept the same as in ToolRL. This finer-
grained reward design enables the model to better
capture order-sensitive features of temporal tool
use and more completely extract entities and rela-
tions, which is crucial for TKGQA.

3.6 Tool-Augmented Reinforcement Learning
After obtaining the cold-start SFT model, we
further perform Temporal Tool Reinforcement
Learning (TempToolRL) based on this checkpoint.
Specifically, we select challenging examples that
it answers incorrectly and then filter out cases that
are essentially unanswerable due to incomplete tool
retrieval or inherent model limitations. The remain-
ing examples are used to construct the RL training
set. We then apply the carefully designed reward
functions from the previous section and employ
GRPO (Shao et al., 2024) as our RL algorithm.
The optimization objective of GRPO is given by:

JGRPO(θ) = Eq∼D Eoi∼πθ

[
min

( πθ(oi | q)
πold(oi | q)

Ai,

clip
( πθ(oi | q)
πold(oi | q)

, 1− ε, 1 + ε
)
Ai

)
− βDKL

]
,

(7)
where Ai = Ri−mean(R)

std(R) represents the normal-
ized advantage of the i-th output within the current
group, calculated using our temporal tool reward
function.

4 Experiment

4.1 Experimental Setup
Datasets. We evaluate TempTool-R1 on
three challenging TKGQA benchmarks: MUL-
TITQ (Chen et al., 2023b), TIMELINECRON-
QUESTIONS, and TIMELINEICEWS (Sun et al.,
2025). These three datasets are highly challenging
due to their multi-hop reasoning and complex
temporal constraints. Further details about the
datasets are provided in the Appendix A.

Baselines. For MULTITQ, we compare against
three types of baselines: (1) Pre-trained LMs,
including BERT (Devlin et al., 2019) and AL-
BERT (Lan et al., 2020). (2) Embedding-
based methods, including EmbedKGQA (Saxena
et al., 2020), CronKGQA (Saxena et al., 2021),
and MultiQA (Chen et al., 2023b). (3) LLM-
based-methods, including ChatGPT, ARI (Chen

et al., 2024b), TempAgent (Hu et al., 2025),
TimeR4 (Qian et al., 2024), RTQA (Gong et al.,
2025), and ProgTQA (Chen et al., 2024a).
For TIMELINECRONQUESTIONS and TIMELINE-
ICEWS, we adopt RAG and RTQA as baselines,
since few methods currently support these datasets
due to the difficulty and novelty.

Evaluation Metric. We report Hits@1 as the
primary evaluation metric, following prior work
on these datasets (Chen et al., 2024b; Gong et al.,
2025; Qian et al., 2024; Chen et al., 2024a). Each
question in these benchmarks is associated with a
single canonical answer (an entity, a timestamp, a
time interval, or a boolean value), so set-based met-
rics such as Precision, Recall, and F1 are not appli-
cable. We use Hits@1 rather than Hits@10 because
Hits@10 can overestimate performance in tool-
based reasoning, where a model may obtain the
correct answer even when the underlying temporal
reasoning or tool usage is incorrect. Hits@1 more
strictly reflects correct tool selection, parameteri-
zation, and temporal dependency handling. Since
model outputs are in free text and may differ in sur-
face form from gold answers (e.g., aliases or partial
time expressions), we employ an LLM-based judge
for normalization; exact matching is applied when-
ever outputs are already in canonical form. Further
details on evaluation are provided in Appendix C.

Implementation Details. We use Qwen3-4B as
the backbone model for TempTool-R1. All exper-
iments are conducted on a server equipped with
NVIDIA RTX PRO 6000 Blackwell Workstation
Edition GPUs. More implementation details can
be found in Appendix C.

4.2 Main Results
We compare TempTool-R1 against several strong
baselines. Tables 2 and 3 report results on MUL-
TITQ and TimelineKGQA, respectively, where the
best scores are highlighted in bold and the second-
best are underlined. TempTool-R1 achieves the
highest performance across all datasets.

On the MULTITQ dataset, TempTool-R1
achieves the best performance across all question
types, with an overall improvement of about 11%.
Specifically, LMs (BERT, ALBERT, ChatGPT) per-
form the worst due to their lack of temporal knowl-
edge. Embedding-based models show clear limita-
tions on complex questions. LLM-based methods
(ARI, TempAgent, TimeR4, RTQA) yield improve-
ments overall, yet still struggle with complex rea-
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Model Overall
Question Type Answer Type

Simple Complex Entity Time

BERT 0.083 0.092 0.061 0.101 0.040
ALBERT 0.108 0.116 0.086 0.139 0.032

EmbedKGQA 0.206 0.235 0.134 0.290 0.001
CronKGQA 0.279 0.134 0.134 0.328 0.156
MultiQA 0.293 0.347 0.159 0.349 0.157

ChatGPT 0.113 0.149 0.085 0.151 0.004
ARI 0.380 0.680 0.210 0.394 0.344
TempAgent 0.702 0.857 0.316 0.624 0.870
TimeR4 0.728 0.887 0.335 0.639 0.945
RTQA 0.765 0.902 0.424 0.692 0.942
ProgTQA 0.797 0.817 0.750 0.790 0.815

TempTool-R1 0.851 0.952 0.753 0.817 0.947

Table 2: Hits@1 performance comparison on the MUL-
TITQ dataset.

Figure 3: Comparison of different reward strategies on
the MULTITQ.

soning. ProgTQA is a semantic parsing method
that performs well on complex questions but, be-
cause it depends on correct logical query syntax,
underperforms RTQA on simple ones. In contrast,
TempTool-R1, which employs tool-augmented rein-
forcement learning for TKGQA, achieves the best
performance across all question types. It demon-
strates the effectiveness of our strategy.

On the TIMELINECRONQUESTIONS and TIME-
LINEICEWS, TempTool-R1 also achieves the best
performance across all question categories, with
overall scores of 0.517 and 0.475, respectively. In
particular, for medium and complex questions, our
method substantially outperforms RTQA and RAG,
which further demonstrates the effectiveness of our
strategy on multi-hop temporal reasoning.

4.3 Ablation Study

TempTool-R1 is a three-stage framework consist-
ing of temporal tool definition, cold-start SFT, and
Temporal Tool Reinforcement Learning (Temp-
ToolRL). To verify the contribution of each compo-

nent, we conduct ablation studies. The results are
shown in Table 4.

Impact of Temporal Tool. To assess the effec-
tiveness of our temporal tool design for TKGQA,
we equip the Qwen3-4B model with the defined
temporal tools, denoted as w/ TempTool. As shown
in Table 4, Qwen3-4B w/ TempTool clearly outper-
forms the base model that relies only on its internal
knowledge. This indicates that many temporal facts
are missing from the backbone model and must be
accessed via interactions with the TKG, which in
turn confirms the usefulness of our temporal tool
interface.

Impact of SFT. To examine the necessity of
SFT, we fine-tune Qwen3-4B on the tool-integrated
reasoning dataset, denoted as w/ TempTool-SFT.
Compared to the untuned setting with tools en-
abled (TempTool), the overall performance im-
proves by 44.8%, with particularly strong gains
on simple question types and time-based answers.
This demonstrates that SFT is an effective and nec-
essary step. It helps the model quickly familiarize
itself with the tool interface and output format, and
learn basic strategies for solving simple temporal
questions. However, its ability to handle more com-
plex questions still requires further improvement.

Impact of RL. To further validate the necessity
of Tool-Augmented Reinforcement Learning, we
perform RL on both the Qwen3-4B backbone and
the TempTool-SFT model, obtaining the TempTool-
RL and TempTool-R1 variants, respectively. The
results show that TempTool-RL achieves slightly
lower overall performance than the SFT model;
however, most of this gap is concentrated on simple
questions, while the RL model outperforms SFT
on multi-hop temporal questions (Complex: 0.681
vs. 0.662). This suggests that RL helps the model
explore better policies and is particularly benefi-
cial for complex temporal reasoning. In particular,
models often reach correct answers while violating
temporal constraints, such as performing temporal
filtering or entity retrieval before resolving the rele-
vant timestamp. These errors are indistinguishable
under answer-level supervision and cannot be re-
liably eliminated by SFT. Our order-sensitive RL
reward explicitly models these temporal dependen-
cies between tool calls, correcting such system-
atic reasoning errors that persist after SFT. More-
over, TempTool-R1 consistently outperforms both
the SFT-only and RL-only settings, indicating that
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TIMELINECRONQUESTIONS TIMELINEICEWS

Overall Simple Medium Complex Overall Simple Medium Complex

RAG 0.235 0.704 0.092 0.009 0.265 0.660 0.128 0.011
RTQA 0.298 0.608 0.218 0.135 – – – –

TempTool-R1 0.517 0.809 0.426 0.495 0.475 0.761 0.402 0.453

Table 3: Hits@1 comparison on TIMELINECRONQUESTIONS and TIMELINEICEWS.

Model Overall
Question Type Answer Type

Simple Complex Entity Time

Qwen3-4B 0.076 0.102 0.003 0.115 0.002
+ w/ TempTool 0.543 0.755 0.342 0.478 0.583
+ w/ TempTool-SFT 0.786 0.912 0.662 0.692 0.942
+ w/ TempTool-RL 0.750 0.833 0.681 0.763 0.719
+ TempTool-R1 0.851 0.952 0.753 0.817 0.947

Table 4: Ablation study of TempTool-R1 on MULTITQ.

Model Overall
Question Type Answer Type

Simple Complex Entity Time

Llama3.2-3B 0.054 0.080 0.003 0.855 0.005
+ TempTool 0.459 0.615 0.216 0.386 0.515
+ TempTool-R1 0.816 0.937 0.695 0.756 0.873

Qwen3-0.6B 0.005 0.010 0.000 0.008 0.001
+ TempTool 0.017 0.025 0.008 0.020 0.015
+ TempTool-R1 0.737 0.906 0.563 0.675 0.837

Qwen3-1.7B 0.032 0.050 0.001 0.056 0.002
+ TempTool 0.145 0.250 0.050 0.095 0.168
+ TempTool-R1 0.786 0.926 0.617 0.698 0.875

Qwen3-4B 0.076 0.102 0.003 0.115 0.002
+ TempTool 0.543 0.755 0.342 0.478 0.583
+ TempTool-R1 0.851 0.952 0.753 0.817 0.947

Table 5: Hits@1 on the MULTITQ dataset across differ-
ent model families and parameter scales.

each stage of our three-stage framework contributes
meaningfully to the final performance.

4.4 Further Experimental Analysis

Generalization across Model Families and
Scales. To further assess the generality of our ap-
proach across model families and parameter scales,
we conduct additional experiments on MULTITQ
using the Qwen3 and Llama3.2 model series. For
the Qwen3 family, we consider models with 4B,
1.7B, and 0.6B parameters, and for Llama3.2 we
use the 3B variant, as shown in Table 5. The re-
sults show that even when switching the backbone
to Llama3.2-3B, applying the same training still
yields substantial gains over prior methods. Simi-
larly, across different sizes of Qwen3, both the 0.6B
and 1.7B models achieve competitive performance.

Figure 4: Correctness reward trends across training steps
for Qwen3-4B with different reward design.

It shows that TempTool-R1 generalizes well across
both model families and parameter scales. No-
tably, the backbone models alone perform poorly
on MULTITQ, suggesting that they lack sufficient
temporal knowledge and struggle with complex
temporal reasoning. Moreover, larger models inter-
act more effectively with temporal tools, which is
consistent with scaling law behavior.

Analysis of Reward Design. To investigate the
effectiveness of our reward design, we train Qwen3-
4B with three reward schemes: the vanilla accuracy
reward, the tool correctness reward from ToolRL,
and our temporal tool reward (TempToolRL). As
illustrated in Figure 3, the vanilla accuracy reward
performs the worst. In Tool-Integrated Reasoning,
the model interacts with tools over multiple turns,
making answer-only rewards sparse and insuffi-
cient to capture partially correct intermediate steps.
Moreover, errors may arise from tool outputs rather
than incorrect tool choices, which further limits the
reliability of answer-level supervision. As a result,
answer-only rewards are too coarse to effectively
guide temporal tool use. In contrast, ToolRL as-
signs fine-grained rewards to tool calls, improving
the correctness of intermediate reasoning. How-
ever, it does not account for the ordering of tools
within the same turn and relies on exact matching
for parameter values, which limits its performance.
As illustrated in Figure 4, we compare correctness
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reward trends under different designs during train-
ing. Two key improvements over ToolRL are the
order-sensitive constraint and the word-level uni-
gram F1 metric. Both yield higher reward values,
with the latter providing larger gains. Overall, by
explicitly modeling ordering constraints and adopt-
ing word-level unigram F1 for parameter matching,
our temporal tool reward produces more informa-
tive supervision and leads to better performance.

4.5 Case Study

Why does TempTool-R1 lead to significant per-
formance improvements? To answer this ques-
tion, we analyze cases selected from the MULTITQ
test set, as shown in Appendix Table 6. In these
cases, we observe that TempTool-R1 adaptively
selects appropriate tools and invokes them over
multiple steps, progressively refining its reasoning
rather than attempting to produce the final answer
in a single shot. The multi-step tool use stands
in contrast to approaches that rely solely on ques-
tion decomposition or handcrafted plans. It further
exhibits the strong capability of our method in han-
dling complex questions.

We also find that the fine-tuned model’s outputs
better match the evaluation targets. For instance,
when the gold answer is a full timestamp, the base
LLM often produces only a partial date, whereas
TempTool-R1 generates complete answers. This
indicates that our method not only enhances com-
plex temporal reasoning but also provides more
comprehensive answers.

5 Conclusion

We present TempTool-R1, a novel training frame-
work that introduces tool-integrated reasoning into
TKGQA. We design a dataset-agnostic set of uni-
fied temporal tools and employ SFT and RL train-
ing scheme that enables the model to adaptively
invoke appropriate tools for different types of ques-
tions. In addition, we design dedicated reward
functions tailored to temporal tool-integrated rea-
soning. Extensive experiments demonstrate that
TempTool-R1 consistently improves performance,
confirming the effectiveness of our framework. We
hope our framework will open up a new direction
for TKGQA, and we plan to further explore the
role of RL on TKGQA task in future work.

Limitations

Despite its strong performance, our approach
has several limitations. First, the correctness of
TempTool-R1 depends not only on selecting ap-
propriate temporal tools but also on the accuracy
of their outputs, and ambiguous entity or relation
semantics may lead to incorrect tool results that
propagate through multi-step reasoning. Second,
due to computational constraints, our experiments
are mainly conducted on models under 4B parame-
ters, and we do not fully explore very large models
(e.g., 32B or 72B), although preliminary scaling
results suggest consistent performance gains with
increasing model size. Third, while the underly-
ing principle of encoding tool dependencies in the
reward signal is general, the specific reward com-
ponents (e.g., the TPR-before-TCR ordering con-
straint) are tailored for TKGQA, and their direct
applicability to other question answering tasks or
non-temporal reasoning settings remains to be ex-
plored. Future work will focus on improving tool
reliability and verification, systematically studying
scaling behavior at larger model sizes, and develop-
ing more general and transferable reward designs
for broader QA tasks.
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A Dataset Details

A.1 MULTITQ

MULTITQ (Chen et al., 2023b) is a complex tempo-
ral question-answering dataset that contains multi-
granularity temporal information. Compared to
existing datasets, MULTITQ offers several advan-
tages, including a larger scale, richer relationships,
the need for multi-hop reasoning, and various tem-
poral granularities, making it more reflective of
real-world scenarios. MULTITQ includes six types
of questions, ranging from simple to complex tem-
poral problems. The complex questions involve
multiple temporal constraints, such as “after”, “be-
fore”, “first”, and “last”. Additionally, Chen et al.
use a subset of the Integrated Crisis Early Warning
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System (ICEWS) database, specifically ICEWS05-
15 (García-Durán et al., 2018), as the knowledge
graph for MULTITQ, which poses a greater chal-
lenge for LLMs. The question types of MULTITQ
are shown in Table 7.

A.2 TIMELINEKGQA
TIMELINEKGQA (Sun et al., 2025) is an auto-
matic QA-pair generation framework for tempo-
ral knowledge graphs, used to construct two chal-
lenging benchmark datasets from ICEWS (García-
Durán et al., 2018) and CronQuestions (Saxena
et al., 2021). Solving its questions requires models
to perform Temporal Constrained Retrieval (TCR),
Timeline Position Retrieval (TPR), Temporal Se-
mantic Operation (TSO), and Timeline Arithmetic
Operation (TAO), and involves multi-hop and com-
plex temporal reasoning, which significantly in-
creases the difficulty of the task. The question
types of TIMELINEICEWS and TIMELINECRON-
QUESTIONS are shown in Table 8.

B Baseline Details

In this section, we provide a detailed description of
the baseline models used in our experiments.

• Pre-trained LMs: To evaluate BERT (Devlin
et al., 2019) and ALBERT (Lan et al., 2020),
we first generate their LM-based question em-
bedding and then concatenate it with the entity
and time embeddings. These embeddings are
processed through a learnable projection layer.
Finally, the resulting embeddings are scored
using dot products with all entities and times-
tamps.

• EmbedKGQA: (Saxena et al., 2020) handles
multi-hop KGQA reasoning tasks, and for
evaluating the TKGQA dataset, timestamps
are ignored during training, with random time
embeddings used instead.

• CronKGQA: (Saxena et al., 2021) is de-
signed to handle single-granularity temporal
questions. To address the multi-granularity
temporal questions in MULTITQ, temporal
embeddings of either yearly or monthly gran-
ularity are randomly sampled from the corre-
sponding time embeddings.

• MultiQA: (Chen et al., 2023b) is a method
specifically designed for handling multi-
granularity temporal problems, with a
transformer-based time aggregation module.

• ChatGPT: We use OPENAI API (gpt-4o-
mini1) to directly answer the questions.

• RAG: To investigate the performance of
LLMs integrated with external knowledge in
the TKGQA task (Guu et al., 2020), we first
embed the TKG and the questions using the
Qwen3-Embedding-8B model. Based on the
similarity scores, we rank and select the top-
K entries, which are then passed to the large
model for final answer generation. Through-
out this process, no additional handling is ap-
plied to the temporal aspects of the questions.

• ARI: (Chen et al., 2024b) is one of the ad-
vanced methods for handling multi-hop ques-
tion answering tasks. It advocates for ab-
stracting past actions into generalizable strate-
gies, which then guide the handling of sub-
sequent similar questions. Additionally, this
method effectively addresses temporal ques-
tions with multiple granularities and temporal
constraints, making it well-suited for TKGQA
tasks.

• ProgTQA: (Chen et al., 2024a) design funda-
mental temporal operators for time constraints
and introduce a novel self-improvement Pro-
gramming method. This method constructs a
dedicated dataset for supervised fine-tuning,
enabling the model to transform temporal
questions into logical queries and thereby
solve TKGQA tasks with higher precision.

• TempAgent: (Hu et al., 2025) is a novel LLM-
based autonomous agent framework designed
to enhance the temporal reasoning and under-
standing capabilities of LLMs. By explicitly
integrating temporal constraints into the infor-
mation retrieval process, TempAgent can ef-
fectively filter out irrelevant content and focus
on extracting temporally relevant information
and factual knowledge.

• TimeR4: (Qian et al., 2024) is a state-of-the-
art method for handling TKGQA tasks, ef-
fectively addressing multi-hop TKGQA prob-
lems. It first performs an initial retrieval
for complex questions, and after retrieving
answers, it rewrites the original question to
transform implicit temporal constraints into

1https://platform.openai.com/docs/models/
gpt-4o-mini
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explicit ones. Additionally, this method im-
plements a retriever-rank module, designed to
retrieve semantically and temporally relevant
facts from the TKG and reorder them based
on temporal constraints. To achieve this, they
fine-tune the retriever using a contrastive time-
aware learning framework.

• RTQA: (Gong et al., 2025) recursively de-
composes the original question into a series
of sub-questions, solves them in a bottom-up
manner by leveraging both LLMs and TKG
knowledge, and employs multi-path answer
aggregation to enhance robustness to errors.
With this design, RTQA achieves substantially
improved performance on complex types of
questions.

C Implementation Details

C.1 Tool Implementation

For each temporal tool, we first parse the tool name,
arguments, and argument values from the tool in-
terface, and then perform semantic alignment for
entity and relation arguments. Concretely, we use
Qwen3-Embedding-8B to compute similarity be-
tween the extracted entities/relations and all entities
and relations in the TKG, and retain the top 50 can-
didates as a preliminary candidate set. We then
apply Qwen3-Reranker-8B to rerank these candi-
dates and select the top-1 as the final aligned entity
or relation, using the reranking prompt shown in
the Figure 6. Finally, we combine the aligned en-
tities and relations with the time arguments and
temporal constraint type to filter the TKG and re-
turn the corresponding knowledge graph tuples as
the output of the tool call.

Furthermore, the datasets differ in how they rep-
resent temporal information. MULTITQ adopts
timestamps, while TIMELINEKGQA encodes time
as intervals. To address this discrepancy, we imple-
ment a unified mechanism that enables our tools to
correctly parse and process temporal data regard-
less of whether it takes the form of timestamps
or time intervals. In addition, we standardize the
time-related parameters in our tool interfaces as
begin_time and end_time, which provides a consis-
tent abstraction for both temporal formats. With
this design, our tools can reliably handle diverse
temporal representations and effectively prevent in-
ference failures caused by incorrect temporal data
parsing.

C.2 Construction of Training Data

We first use the predefined temporal tools and
call the DEEPSEEK-V3.2 API to obtain tool-
augmented reasoning trajectories on the MUL-
TITQ and TIMELINEKGQA datasets. The system
prompt is shown in the figure 7. We then filter
these trajectories based on both answer correctness
and the validity of the intermediate reasoning steps,
and retain only high-quality trajectories as our us-
able corpus D. For the SFT stage, we randomly
sample a subset from D and split it into training,
validation with a 9:1 ratio. The SFT training set
contains 10k examples from MULTITQ, 7k from
TIMELINECRONQUESTIONS, and 7k from TIME-
LINEICEWS, yielding 24k instances in total. In
particular, the proportions of the sampled question
types in the train set are kept consistent with their
distribution in the original dataset.

For the RL stage, we use the SFT model to gen-
erate predictions on the remaining (non-training)
portion of the data and select those examples where
the model’s answers are incorrect as RL training
instances. These samples are predominantly multi-
hop (2/3/4-hop) or involve complex temporal op-
erations. Additionally, we retain a small portion
of simple samples to prevent the training set from
becoming overly difficult, which could otherwise
slow down model convergence. In total, we se-
lect 6k such hard examples from the three datasets,
ensuring that they do not overlap with the SFT
training data. In the pure-RL setting (i.e., with-
out the cold-start SFT stage), we instead construct
the RL training set by sampling a mixture of sim-
ple, medium, and complex questions from all three
datasets.

C.3 Training Details

The training process consists of two main stages:
SFT and RL. During SFT stage, we perform full-
parameter fine-tuning with the following hyperpa-
rameters: a batch size of 16, 3 training epochs,
and a learning rate of 1e-5. For the RL stage, we
use GRPO algorithm (Shao et al., 2024) with the
following hyperparameters: a batch size of 128,
a maximum prompt length of 4096, a maximum
response length of 1024, a learning rate of 5e-7,
a clipping ratio of 0.2, a KL loss coefficient of
0.001, a rollout sample size of n = 4, a sampling
temperature of 0.7 and 10 training epochs.
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Question Model Reasoning / Tool Calls Predicted Answer

After Roh Moo
Hyun, who was
the first to criticise
the South Korean
ministry?

TempTool-R1

Step 1: Call Get_time with head = “Roh Moo Hyun”, rel
= “criticise”, tail = “Ministry (South Korea)”, obtaining
“2007-12-19”.
Step 2: Call Get_head_entity with tail = “Ministry (South
Korea)”, rel = “criticise”, begin_time = “2007-12-19”,
type = “after”. Candidates: Governor (South Korea) at
“2010-08-04” and Japan at “2011-05-25”.
Step 3: TempTool-R1 selects the earliest critic.

Governor (South Ko-
rea)
(correct)

DeepSeek-V3 Directly answers based on internal knowledge without
temporal tool calls or comparison over the TKG.

Ministry (South Korea)
(incorrect)

In which month
did Luiz Gushiken
threaten the leader
of Brazil?

TempTool-R1
Step 1: Call Get_time with head = “Luiz Gushiken”, rel =
“threaten”, tail = “the leader of Brazil”, obtaining “2007-
08-24”.

2007-08
(correct)

DeepSeek-V3 Answers focused only on the month and omits the year,
resulting in an answer with an incorrect format.

August
(incorrect)

Table 6: Case studies comparing TempTool-R1 and DeepSeek-V3 on two temporal reasoning questions. TempTool-
R1 interacts with the TKG via temporal tools to obtain the information needed to produce correct answers.

Figure 5: Case study on two examples from MULTITQ using Qwen3-4B as a backbone.

C.4 Evaluation

After training, we evaluate TempTool-R1 on tem-
poral QA benchmarks. The answers to temporal
questions fall into three main types: entity an-
swers, temporal answers, and logical answers (e.g.,
Boolean). For entity answers, we require strict
matching against the gold entity set and report
Hits@1, i.e., we check whether the first entity pro-
duced by the model appears in the ground truth.
For temporal answers, we require the prediction to

be semantically identical to the gold timestamp and
precise to the specified granularity. For example,
if the gold answer is “2010-10”, a prediction such
as “October 2010” is considered correct, whereas
“October” alone is counted as incorrect. For logical
answers, we only require that the predicted label
be logically consistent with the gold label (such
questions primarily come from TIMELINEKGQA).
To automate evaluation, we design dedicated judg-
ing prompts and use the DEEPSEEK-V3.2 API as
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Category Train Dev Test

Single
Equal 135,890 18,983 17,311
Before/After 75,340 11,655 11,073
First/Last 72,252 11,097 10,480

Multiple
Equal Multi 16,893 3,213 3,207
After First 43,305 6,499 6,266
Before Last 43,107 6,532 6,247

Total 386,787 587,979 54,584

Table 7: Statistics of question categories in MULTITQ.

Source KG Type Train Val Test

ICEWS Actor

Simple 17,982 5,994 5,994
Medium 15,990 5,330 5,330
Complex 19,652 6,550 6,550

Total 53,624 17,874 17,874

CronQuestion KG

Simple 7,200 2,400 2,400
Medium 8,252 2,751 2,751
Complex 9,580 3,193 3,193

Total 25,032 8,344 8,344

Table 8: Questions distribution across Train/Val/Test
sets for TIMELINEICEWS and TIMELINECRONQUES-
TIONS.

an LLM-as-a-judge to decide whether a model out-
put should be marked correct. While many recent
works have adopted LLM-based judges, we addi-
tionally validate their reliability in our setting. We
randomly sample 1,000 instances, obtain both hu-
man judgments and DEEPSEEK-V3.2 judgments,
and measure their agreement. The agreement be-
tween human evaluators and the model-based judge
reaches 0.92, indicating a high level of consistency
in evaluating TKGQA answers. Although minor
discrepancies may still exist, their impact can be
mitigated by averaging results over multiple eval-
uation runs, with the remaining variance staying
within a controllable range. Therefore, considering
both evaluation cost and difficulty, we conclude
that using an LLM as a judge is an effective and
practical approach. Moreover, a growing body of
prior work has demonstrated the effectiveness of
LLMs as judges for model evaluation (Gu et al.,
2025). Building on the above observations, we
employ an LLM for automated evaluation. We em-
ploy the pre-defined test sets from both MULTITQ
and TIMELINEKGQA. All reported experimental
results are obtained by averaging the model’s per-
formance over multiple runs on these test sets.

Reranker Prompt Template

You are a semantic reranker for entity/relation align-
ment in a temporal knowledge graph.
Your task is to rank candidates by how semantically
equivalent they are to the query relation, focusing on
realized actions or factual relations.

Query: {entity_or_rel}
Candidates: {candidates}

Figure 6: Reranker prompt template.

D Case Study

In this section, we provide a more detailed case
study of TempTool-R1. We select two challenging
multi-hop temporal questions, as illustrated in the
figure 5. In the success case, the model first reasons
about the complex query, then chooses the correct
tool name, parameter names, and parameter values,
and interacts with the TKG step by step through
temporal tools, eventually producing the correct
answer. This process clearly demonstrates the ef-
fectiveness of our approach. Through SFT and RL
training, the model learns when and how to use tem-
poral tools and demonstrates strong generalization
across different datasets.

In the failure case, the model still selects an
appropriate tool and fills in reasonable parameter
names and values, yet the tool ultimately returns
the message “No results found”. A deeper inspec-
tion shows that the core issue lies in the semantic
alignment stage, where the relation “ask for” is not
correctly aligned with the TKG relation “consult”.
As a consequence, an incorrect relation is used, no
relevant subgraph is retrieved, and the tool returns
“No results found”. We regard this phenomenon
primarily as an implementation and alignment lim-
itation of the tool rather than a fundamental weak-
ness of the model. Fortunately, such corner cases
account for only a very small fraction of the entire
test set. Nevertheless, their presence indicates that
there is still room for further improvement in the
overall performance. This issue can be alleviated
by refining the prompt used for the reranker or by
fine-tuning the reranking model, and we plan to
further explore these directions in future work.

E Latency Analysis

We conducted a latency analysis under the same
experimental settings. Specifically, we sampled
2,400 and 2,000 instances from MULTITQ and
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Method
MultiTQ TimelineCronQuestions TimelineICEWS

Num ATPS Time TPS Num ATPS Time TPS Num ATPS Time TPS

Qwen3-4B 2400 4250 4176 0.575 2000 4246 4285 0.467 2000 4247 4187 0.478
Llama3.2-3B 2400 4068 5328 0.450 2000 4061 5405 0.370 2000 4063 5349 0.374
TempTool-R1 (4B) 2400 5628 3642 0.659 2000 5625 3795 0.527 2000 5629 3763 0.531

Table 9: Latency analysis between TempTool-R1 and base model on three datasets. Time is recorded in seconds.

Model Overall
Question Type Answer Type

Simple Complex Entity Time

ARI 0.380 0.680 0.210 0.394 0.344
RTQA 0.765 0.902 0.424 0.692 0.942
TempTool 0.828 0.914 0.730 0.755 0.945

Table 10: Hits@1 of our TempTool methods on the
MULTITQ dataset.

Model MultiTQ CronQuestionKG ICEWS Actor

ARI 0.380 - -
RTQA 0.765 0.298 -
TempTool-R1 0.785 0.427 0.416

Table 11: Hits@1 Performance on unseen datasets.

TIMELINEKGQA, respectively. Here, ATPS de-
notes the average number of tokens generated per
second, while TPS represents the number of sam-
ples processed per second. As shown in Table 9,
TempTool-R1 processes tasks significantly faster
than the untrained foundation model. This indi-
cates that the trained model can solve challenging
problems more efficiently, rather than spending
many reasoning steps only to produce incorrect an-
swers. Taken together, these results demonstrate
the efficiency of TempTool-R1.

F Further Discussion

TempTool vs Others. To assess the effectiveness
of our temporal tool for TKGQA, we invoke the
OPENAI API (gpt-4o-mini) and expose our tools
as function-style interfaces, allowing the model to
adaptively select appropriate temporal tools, inter-
act with the TKG, and iteratively derive the final
answer. We refer to this approach as TempTool and
compare it with ARI and RTQA, both of which
use the same OPENAI API. As shown in Table 10,
TempTool achieves the best performance, indicat-
ing that explicitly encoding interactions with the
TKG as tools can further enhance the reasoning
ability of large language models on TKGQA. In-
terestingly, our TempTool-R1 model slightly out-
performs the TempTool with LLM. This observa-

tion demonstrates the reliability of our strategy: by
first refining and filtering the outputs of the LLM,
and then applying knowledge distillation and rein-
forcement learning, the resulting model can exhibit
stronger reasoning capabilities on TKGQA tasks
than the general-purpose LLM itself.

Generalization on Unseen Datasets. To assess
generalization, we train our models on the MUL-
TITQ training set and evaluate them on the TIME-
LINEKGQA test set, and vice versa. As shown in
Table 11, our approach still exhibits strong perfor-
mance on this unseen dataset. At the same time, we
analyze the causes of the performance gap between
our model and the fully trained counterpart. Our
findings indicate that a major source of degrada-
tion lies in the model’s failure to accurately extract
complete key information when it encounters unfa-
miliar entities or relations, which in turn introduces
errors in subsequent tool retrieval. Nevertheless,
the model still demonstrates strong performance
in deciding when to invoke tools and in selecting
appropriate tools together with their required pa-
rameters. We attribute this primarily to the dataset-
agnostic design of our unified temporal tool inter-
face and the carefully crafted fine-grained temporal
tool rewards, which enable the model to use tools
more effectively for TKGQA and thereby improve
its ability to generalize across different datasets.

Further Discussion on Tool Implementation.
In our tool implementation, we adopt a word-wise
embedding and reranking strategy to semantically
align the entities and relations extracted by the
model with the predefined entities and relations
stored in the library, and then perform precise re-
trieval over the TKG. An alternative design is to
bypass explicit entity and relation extraction and
alignment, and instead apply sentence-wise embed-
ding directly to the relevant utterances in order to
select the corresponding knowledge graph. How-
ever, this design has notable drawbacks. Natural
language queries often contain substantial noise,
such as interrogative words, and multi-hop ques-
tions must first be decomposed into sub-questions
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before embedding. We argue that this increases
the difficulty of reliably transforming queries into
appropriate tool calls. Therefore, we choose to let
the model explicitly extract the relevant entities and
relations and feed them directly as tool parameters.
This design is more consistent with the logic of
Tool-Integrated Reasoning and decouples the pa-
rameters within the query, which in turn makes it
easier to diagnose and analyze error sources.

Furthermore, when selecting the embedding and
reranking models, we follow the principles of be-
ing open-source and achieving strong empirical
performance. Guided by the MTEB leaderboard2

, we adopt Qwen3-Embedding-8B and Qwen3-
Reranker-8B as our base models. However, during
inference, we observe that the reranking model
is not sufficiently sensitive to certain entity and
relation expressions, which makes it difficult to
consistently place the ground-truth entity-relation
pair at the top rank. As a result, in the next stage,
we plan to fine-tune the reranking model to address
this issue. Improving the alignment of entities and
relations through such fine-tuning is crucial for ob-
taining high-precision tool retrieval results.

2Available at https://huggingface.co/spaces/mteb/
leaderboard.
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System Prompt Template

You are an intelligent temporal knowledge graph reasoning agent.
Your goal is to answer temporal questions by reasoning step-by-step and by calling tools when needed. For every
question, you must first reason, then either call a tool or output the final answer.
1. Available Tools You have three tools. Choose carefully which tool to use, when to use it, and how to fill the
parameters.
(1) Get_time(head: str, rel: str, tail: str)
Use this when you want to know when a given relation between a head and tail holds.

(2) Get_tail_entity(head: str, rel: str, begin_time: str, end_time: str, type: "in/on" | "before" | "after" | "between")
Use this when you know the head entity and relation, and want to find which tail entity satisfies this relation within a
time range.

(3) Get_head_entity(tail: str, rel: str, begin_time: str, end_time: str, type: "in/on" | "before" | "after" | "between")
Use this when you know the tail entity and relation, and want to find which head entity satisfies this relation within a
time range.

2. How to Parse the Question When analyzing the question, you must extract entities and relations as complete,
continuous substrings from the original question.
Entities: named entities or definite noun phrases (e.g., “Obama”, “the head of Turkmenistan”, “the Cabinet Council of
Ministers of Kazakhstan”, “Iran”, “China”).
Relations: verbs or verbal phrases describing actions or states (e.g., “visit”, “praise”, “express the intention to negotiate
with”).
Do not break entity phrases or mix them into the relation.
Do not paraphrase or summarize the verb phrase: use the exact substring from the question.
3. Time Parameter Construction When constructing time parameters begin_time and end_time:

• If the question says “before X”: begin_time = "-inf"
end_time = "X"

• If the question says “after X”: begin_time = "X"
end_time = "inf"

• If the question has no explicit time restriction: begin_time = "-inf"
end_time = "inf"

• For in / on / between, set both begin_time and end_time literally following the question.

Always use the literal strings "-inf" for infinitely early time and "inf" for infinitely late time.
4. Output Format Rules
For every reasoning step, you must follow this structure exactly:
(1) First, internal reasoning:
<think>
Explain your reasoning process here (why you choose this tool or why not).
</think>
Here you describe how you parsed entities and relations, how you chose the tool, time range, etc.
(2) If you decide to use tools, output a <tool_call> block:
<tool_call>
{"name": "ToolName", "parameters": {"param1": "value1", "param2": "value2"}}
{"name": "AnotherToolName", "parameters": {"paramA": "valueA"}}
</tool_call>
You may invoke one or multiple tool calls at once. Each tool call is a JSON object with "name" (one of Get_time,
Get_tail_entity, Get_head_entity) and a "parameters" dictionary.
(3) Tool results:
After you output <tool_call>, the system will return the tool results inside <obs>...</obs> tags in the next input.
You must not output <obs> tags yourself. On the next step, read those observations and reason again in a new
<think>...</think> block.
(4) Final answer:
When you have enough information and no more tools are needed, output:
<response>
Your final answer should be an entity, a time expression, or no answer only, not a full sentence.
</response>

Figure 7: System prompt template for TempTool.
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