
USIIR at TREC 2025 iKAT Track

Lili Lu
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Abstract

This year’s TREC iKAT track contains several tasks such as passage ranking, response
generation and Personal Text Knowledge Base (PTKB) statement classification. We focus on
response generation (only) task due to time and budget limitations. This task is to generate a
response based on retrieved passages, given the additional context. We submitted two runs for
this task mainly to explore the impact of user profiles on the generation quality of responses.
In this short report, we describe the method that was used for generation and present the
results.

1 Introduction

In the scenario of conversational information-seeking, a system needs to interact with a user
through natural language in order to satisfy the user’s information need [7]. In other words, the
system can provide natural and coherent responses to the user during the conversation, given
the context. With the advancements of Large Language Models (LLMs), we can rely on them
for response generation. However, generating generic responses to users is ineffective, as each
user has a different background. Hence, an effective conversational information-seeking system
aims to provide personalized responses, while considering different user profiles. To facilitate the
development of personalized conversational information-seeking systems, TREC iKAT track [1, 2,
3] was proposed along with the released datasets. More specifically, the data includes conversations
between a system and a user, along with the Personal Text Knowledge Base (PTKB) that describes
user profiles. Hence, different personalized conversational information-seeking systems can be
evaluated on the datasets.
In this year’s track, it includes several different tasks such as passage ranking, response generation
and PTKB statement classification. Due to time and budget limitations, we focus on response
generation (only) task. More specifically, every response should be generated by retrieved passages,
given the user query, conversation history and user profiles. Additionally, this year’s data includes
17 topics and 188 turns of conversations. In the following sections, we present the response
generation approach and show the results that we achieved.

2 Method

For the task of response generation, we treated it as a summarization task conditioned on the
given passages. Moreover, we instructed open-source LLMs with zero-shot learning to generate the
response for each turn. More specifically, we used Qwen3-8B [9] for generation and HuggingFace1

for implementation, following the official examples from the documentation.
Prior studies [5, 6] explored the impact of user profiles on query reformulation, indicating that
the utilization of statements from PTKB is not always beneficial for retrieval performance, when
all the queries are rewritten based on PTKB. Here, we aim to explore the impact of user profiles

1https://huggingface.co/Qwen/Qwen3-8B
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Instruction: Your task is to summarize the following passages in no more than 50 words.
- Read the passages thoroughly.
- Generate a natural sentence.
Passages:
{pas}

Figure 1: The prompt for usiir run1.

Instruction: Your task is to summarize the following passages in no more than 50 words,
incorporating the provided additional information to enhance context.
- Read the passages thoroughly.
- Generate a natural sentence by incorporating the provided additional information.
Passages:
{pas}
Additional information:
{ad}

Figure 2: The prompt for usiir run2.

on response generation after achieving relevant passages. Hence, we submitted the following two
runs in this year’s TREC iKAT track:

1. usiir run1. For this run, we only considered the top three retrieved passages for generation
and Figure 1 illustrates the prompt used for generation.

2. usiir run2. For this run, we further considered user profiles and the top three retrieved
passages for generation. Figure 2 shows the prompt for this run.

3 Results

We reported metrics of Rouge [4] and F1 on the official evaluation data. Table 1 illustrates the
results.

Table 1: Results for our submitted two runs.
Runs F1 ROUGE-1 ROUGE-2 ROUGE-L

usiir run1 0.1916 0.1740 0.0235 0.1564
usiir run2 0.1877 0.1708 0.0218 0.1534

As we can see from Table 1, usiir run2 did not perform better than usiir run1, implying that using
all statements from PTKB introduces noises into response generation, resulting in slightly poor
generation quality. Moreover, it may also indicate that not every response needs information from
the PTKB, reflecting the similar finding on query reformulation [6].

4 Conclusions and Future Work

In this short report, we describe the method for response generation. Although our results are
not strong based on the organizer’s evaluation, our method is budget-friendly since we only relied
on open-source models. We believe that the performance can be further improved by using state-
of-the-art LLMs, such as GPT-5.42. Moreover, we consider several possible directions to improve
performance in future work. Here are just a few:

2https://developers.openai.com/api/docs/models/gpt-5.4
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In-context learning. In the task, we only utilized LLMs with zero-shot learning. In the future, it
is potential to leverage in-context learning to generate high-quality responses since LLMs may im-
plicitly learn the generation patterns from the selected examples. Moreover, chain-of-thought [8]
prompting can also be considered to leverage the reasoning capabilities of LLMs, thereby gener-
ating more coherent and logical responses.
Fine-tuning a generator. Although LLMs have strong generative abilities, they are still less control-
lable. Hence, it is potential to fine-tune a generator for responses to achieve more controllability.
More specifically, we can leverage previous years’ iKAT data as training data to fine-tune a gen-
erator. If the training data is not enough, the combination of synthetic data with previous years’
data is a possible solution.
PTKB usage strategy for response generation. Based on our results, we found that using all the
statements in PTKB for response generation achieves inferior performance. A possible solution for
improving performance is to use the reasoning abilities of LLMs to automatically decide whether
and how to use PTKB.
Although TREC tracks are typically performed by teams, this was a solo attempt. Consequently,
the outcome reflected the limited effort that could be devoted to it. However, it was a very
valuable experience that contributed to the author’s doctoral work. In that sense, it was certainly
beneficial.
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