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Reasoning over dynamic, time-evolving information is a fundamen-

tal challenge for artificial intelligence. Temporal knowledge graph

question answering (TKGQA) addresses this challenge by answer-

ing temporal questions with dynamic intent over the temporal

knowledge graph (TKG). Different from standard knowledge graph

question answering, answers to the temporal questions are based

on temporal constraints. Compared with common questions, tem-

poral questions have more complex semantics requiring multiple

facts. Early embedding-based methods, such as CronKGQA [1],

extend static techniques to the temporal domain but often strug-

gle with complex semantic structures. Recently, the integration

of large language models (LLMs) with TKGs has shown promise.

Methods like TimeR4 [2] employ a “retrieve-rewrite” strategy to

handle temporal queries. However, these approaches face two crit-

ical challenges. First, they struggle to distinguish the implicit

temporal constraints embedded within complex queries. Tempo-

ral questions often possess a hierarchical structure where temporal

conditions act as implicit constraints for the target answer. Map-

ping the entire question into a flat embedding mixes these con-

straints with entity information, making it difficult for the model

to distinguish between the reference event and the target inquiry.

Second, they suffer from a loss of intermediate information. The

key to temporal knowledge graph question answering is to fetch the

relevant temporal facts based on the temporal questions. There-

fore, it is essential to employ an accurate retriever. However, the

current dataset only contains questions and answers without the

intermediate temporal facts, resulting in ineffective training of fact

retrievers.

To solve the above issues, we propose SHRA, a self-improving

hierarchical retrieval-augmented framework. Firstly, the complex

questions are decomposed into subquestions reflecting the hierar-

chical temporal semantics. Subsequently, for each subquestion, a

temporal-fact retriever is utilized to fetch the relevant facts from

the TKG. Since generating the reasoning process can improve the

LLM reasoning capability [3], the subquestions and the facts are

processed by a closed-source LLM to generate the reasoning pro-

cess, forming an augmented dataset. Afterward, the augmented

dataset is used to fine-tune an open-source LLM through super-

vised fine-tuning (SFT). Due to the lack of intermediate tem-

poral facts used to train the retriever, we further propose self-

improvement strategies to improve the retriever accuracy and rea-

soning performance. (1) The temporal-fact retriever is refined

via a contrastive learning objective, using automatically generated

temporally sensitive negative samples. (2) The LLM’s reasoning

capabilities are optimized using group relative policy optimization

(GRPO), a reinforcement learning strategy that rewards higher ac-

curacy and adjusts the reasoning process. The overall framework

is shown in Figure 1, which consists of five components: question

understanding, temporal fact retrieval, data augmentation, LLM

fine-tuning, and self-improvement.

Question understanding. Complex temporal questions often

contain nested entities and constraints. We employ a classification

module to determine whether a question is complex. If so, a closed-

source LLM decomposes the question q into a set of subquestions

q′ to reflect hierarchical temporal semantics. This decomposition

allows the model to focus on distinct information needs, such as

separating “When did Antonis Samaras praise the Prime Minis-

ter of Germany?” and “Who was the first person to be praised

by Antonis Samaras after subquesion1?” from “Who was the first

person to be praised by Antonis Samaras after the Prime Minister

of Germany?”.

Temporal fact retrieval. After understanding the questions, we

need to retrieve the temporal facts related to them. A significant

challenge in TKGs is data redundancy. The same core fact can

appear multiple times with different timestamps, leading to the

retrieval of more similar information. To handle this efficiently,

we preprocess the TKG into a structured temporal knowledge

base (TKB). In the TKB, all temporal instances of a core fact

are consolidated into a single group. Subsequently, we employ a

fine-tuned temporal-fact retriever LMt to encode questions and

TKB facts. The retriever identifies the top-k relevant temporal

fact groups based on cosine similarity between the processed ques-

tion embedding Eq′ and fact embedding Ef .

Data augmentation and fine-tuning. We utilize the closed-

source LLM to perform data augmentation, generating explicit

reasoning paths p for the training set. We filter these based on

ground truth (y) alignment. The open-source LLM is then trained

via SFT on the augmented dataset d = (q, q′, f, p, y∗, y), learning
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Figure 1 (Color online) The overall framework of the proposed model SHRA. The model includes five components: question understanding,

temporal fact retrieval, data augmentation, LLM fine-tuning and self-improvement. The right part illustrates two self-improvement strategies:

retriever self-improvement and LLM self-improvement.

to generate the reasoning process p and answer y∗ given the ques-

tion and facts.

Self-improvement strategies. To further improve the reasoning

performance of the proposed model, SHRA incorporates a dual

self-improvement loop. This mechanism progressively enhances

the two most critical components of the framework: the temporal-

fact retriever precision and the LLM reasoning capabilities.

Retriever self-improvement. We generate weak supervision sig-

nals from the final answer. The closed-source LLM generates a

reasoning process and an answer based on retrieved facts. If the

generated answer matches the ground truth, the retrieved tempo-

ral facts used are designated as positive pairs. As shown in Fig-

ure 1, we then randomly corrupt relations, entities, or timestamps

of these correct facts to generate negative pairs. The retriever

LMt is refined via a contrastive learning objective [4]:

L =
∑

i

[wpY · exp (φTKB) +wn(1 − Y ) · exp (1− φTKB)] , (1)

where φTKB is the cosine similarity, and Y = 1 for positive pairs

and 0 for negative pairs. This forces the retriever to distinguish

subtle temporal and semantic discrepancies.

LLM self-improvement. Compared with SFT, RL can dynami-

cally adjust the LLM reasoning process, thereby achieving superior

performance in complex reasoning tasks. Therefore, we further en-

hance the model performance through reinforcement learning. In

the initial stage, the SFT model generates the reasoning path and

a final answer for each question in the training set. Each gen-

erated answer is then validated against the ground truth. If an

answer is correct, the corresponding data is added to the correct

dataset. Then the model is further trained on the correct dataset

by using reinforcement learning. We employ GRPO [5] as the re-

inforcement learning algorithm. This approach enables the model

to refine its own reasoning policy by learning from its successful

problem-solving attempts.

Experiment. We conduct experiments on two benchmark

datasets. The proposed SHRAmethod is evaluated against various

TKGQA baselines, including traditional embedding-based models

and recent LLM-based approaches. The results show that SHRA

achieves state-of-the-art performance in TKGQA, particularly ex-

celling in questions requiring multiple temporal facts. We verify

the effectiveness of SHRA in handling hierarchical temporal se-

mantics through question decomposition and demonstrate the su-

periority of the dual self-improvement strategies. Moreover, we

conduct ablation studies and fine-grained analyses to validate the

contribution of each component. Case studies provide deep in-

sights into the reasoning process of SHRA. Furthermore, error

analysis points out the limitations of the proposed model. More

details are shown in Appendix D.

Conclusion. We propose SHRA, a novel framework for TKGQA

that integrates hierarchical question decomposition with retrieval-

augmented generation. By introducing self-improvement strate-

gies for the retriever and the LLM, SHRA effectively overcomes

the scarcity of intermediate supervision signals. Extensive exper-

iments demonstrate that SHRA achieves state-of-the-art perfor-

mance, particularly in handling complex temporal semantics.
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