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Abstract
Conversational multi-doc question answering
aims to answer specific questions based on
the retrieved documents as well as the con-
textual conversations. In this paper, we intro-
duce our winning approach for the “Conver-
sational Multi-Doc QA” challenge in WSDM
Cup 2024, which exploits the superior natu-
ral language understanding and generation ca-
pability of Large Language Models (LLMs).
We first adapt LLMs to the task, then devise
a hybrid training strategy to make the most of
in-domain unlabeled data. Moreover, an ad-
vanced text embedding model is adopted to
filter out potentially irrelevant documents, and
several approaches are designed and compared
for the model ensemble. Equipped with all
these techniques, our solution finally ranked
1st place in WSDM Cup 2024, surpassing its
rivals to a large extent. The source codes
have been released at https://github.com/
zhangzhao219/WSDM-Cup-2024.

1 Introduction

Conversational question answering (Zaib et al.,
2022), which aims to generate correct and meaning-
ful answers according to users’ intents identified
from the dialog, plays a crucial role in modern
search engines and conversational systems. How-
ever, it is still challenging, especially with current
or trending topics as timely knowledge is inaccessi-
ble during the training stage of the language model.
Although providing multiple relevant documents as
contextual information seems feasible, the model
is still at risk of being overwhelmed or misled by
the massive input. Based on the real-world textual
data, Xiaohongshu, the WSDM Cup 20241 presents
a challenge of “Conversational Multi-Doc QA” to
encourage further exploration of the problem.

Recently, LLMs, such as ChatGPT, have demon-
strated impressive performance on several natural

* Equal Contribution.
1https://sites.google.com/view/wsdm24-docqa

language processing tasks. It is promising to solve
the challenge by leveraging the understanding and
reasoning abilities of LLMs. However, lots of fac-
tors, including the design of training configurations
and the existence of irrelevant documents, still hin-
der the improvement of generation quality.

In this work, to unleash the power of LLMs, we
first formulate the task as a multi-turn conditional
generation problem with different LLMs. Then, a
multi-stage hybrid training pipeline is conducted to
incorporate an unlabeled eval set as an additional
training corpus. To remove potentially irrelevant
information, we implement certain strategies, in-
cluding a state-of-the-art embedding model namely
Nomic Embed (Nussbaum et al., 2024) to compute
the similarity score between inputs and documents.
Finally, several methods are considered to evaluate
the quality of answers generated by various LLMs
approximately before selecting the best response
as the final answer for the model ensemble. Ex-
perimental results show that our solution achieves
the highest score on each evaluation metric, far
beyond the teams behind us, while ablation stud-
ies also suggest the effectiveness of the proposed
techniques.

2 Preliminary

2.1 Dataset

For the competition, participants are required to
train a model to produce answers corresponding to
dialogue history (composed of sequential qa pairs),
reference documents, and the final question. To this
end, each training sample is organized as follows,
history: {q1}{a1}{q2}{a2}...{qn}{an}
documents: {d1}{d2}...{dn}
question: {q}
answer: {a}

But for the eval and test set, the answer field is in-
visible while an additional field, namely keywords
is incorporated to comprehensively evaluate the
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generated answer, which will be detailed later.

2.2 Evaluation

Three metrics are involved to evaluate the lexi-
cal and semantic relatedness of generated answers.
The definitions are detailed as follows,

ROUGE-L The intuition is that the longer the
LCS (the longest common subsequence) of two
sentences is, the more similar the two sentences
are (Lin, 2004). As a result, LCS-based F-measure
can be used to estimate the similarity between two
sentences X of length m and Y of length n,

Rlcs =
LCS(X,Y )

m

Plcs =
LCS(X,Y )

n

Flcs =
(1 + β2)RlcsPlcs

Rlcs + β2Plcs

Specifically, word-level ROUGE-L (abbreviated as
W-ROUGE-L below) calculates Flcs of the words
in sentences, which is more focused on the ac-
curacy of specific words, while character-level
ROUGE-L (abbreviated as C-ROUGE-L below)
pays more attention to word forms, grammar, and
punctuation because of calculating Flcs of the char-
acters.

Keywords Recall Keywords Recall (abbreviated
as KR below) focuses on whether the specific key-
words of truth sentence X have appeared in the
generated answer Y . If there are m reference key-
words in X , and n of them appear in Y ,

KR =
n

m

3 Methodology

3.1 Generation Baseline with LLMs

To adapt LLM to this task, we carefully design the
input format and concatenate each textual compo-
nent together in the following order,
u = {q1}{a1}{q2}{a2}...{qn}{an}{q}

{d1}{d2}...{dn}{a}
Note that we exclude special tokens (e.g., <s>,
[INST]) in above line for simplicity.

Then, the model θ can be trained by maximizing
the log-likelihood over the whole sequence.

Lgen = −
|u|∑

i=1

mi log p(ui|,u<i; θ)

where p(ui|,u<i; θ) is the probability to select a
token ui at step i given previous tokens u<i, and
mi is the loss mask for the ith token. Specifi-
cally, there are two modes to determine mi: 1)
the single-turn mode, which means that mi = 1
if and only if ui belongs to {a}. 2) the multi-turn
mode, mi = 1 as long as ui belongs to {a} or {ai}.
We conduct a toy experiment to examine them with
the Llama2-13B-base model (Meta, 2023), the re-
sults are shown in Table 1. It can be seen that the
multi-turn mode results in a better performance as
it forces the LLM to pay more attention to contex-
tual information.

Mode C-ROUGE-L KR
single-turn 0.5761 0.6291
multi-turn 0.5845 0.6359

Table 1: Performance of the specific model trained with
single-turn and multi-turn modes on the eval dataset.

After deciding on the input format and mask
mode, we compare lots of off-the-shelf LLMs,
which are either pretrained only or instruction
tuned. As shown in Table 2, the SOLAR-10.7B-
Instruct model surpasses its counterparts a lot on
the eval dataset, which uses depth up-scaling to
scale LLM and fine-tuned for instruction-following
capabilities (Kim et al., 2023). Therefore, it is cho-
sen as our backbone in the subsequent experiments.

LLM C-ROUGE-L KR
ChatGPT (zero-shot) (OpenAI, 2022) 0.4815 0.5387
GPT-4 (zero-shot) (OpenAI et al., 2024) 0.5069 0.5537
Yi-6B (Yi, 2023) 0.5286 0.6464
ChatGLM3-6B (Zeng et al., 2023) 0.5740 0.6068
ChatGLM3-6B-Base (Zeng et al., 2023) 0.5782 0.6166
DeepSeek 7B Base (DeepSeek-AI, 2024) 0.5783 0.6184
Llama 2 Chat 13B (Meta, 2023) 0.5821 0.6266
Yi-6B-Chat (Yi, 2023) 0.5833 0.6365
Llama 2 13B (Meta, 2023) 0.5845 0.6359
Mistral 7B (Jiang et al., 2023) 0.6031 0.6489
Mistral 7B-Instruct (Jiang et al., 2023) 0.6048 0.6558
SOLAR 10.7B (Kim et al., 2023) 0.6099 0.6627
SOLAR 10.7B-Instruct (Kim et al., 2023) 0.6104 0.6691

Table 2: Performance of different LLMs on the eval
dataset.

3.2 Hybrid Training
Appropriately labeled texts from a similar distri-
bution may contribute a lot to the improvement of
LLMs’ generation performance. During phase 2,
we propose to utilize a well-trained model to pro-
duce (pseudo) answers for the eval dataset before
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adding them to the original training set to finetune
a new model from scratch. The intuition for the
above hybrid training strategy is two-fold, on one
hand, it can be viewed as the knowledge distillation
process on in-domain unlabeled data, on the other
hand, since we only generate the final target {a} in
a pseudo labeling manner, {ai} are still officially
annotated, which may be beneficial for the multi-
turn setting. Note that we do not further involve
the test dataset for hybrid training as it may over-
calibrate the model and thus weaken the model
performance in the final evaluation, which is also
examined by our empirical practices.

3.3 Noisy Document Filter

Question: What are the advantages of Python?

Noisy Doc: Listing the advantages of Python.         

Almost rephrase the question 

Question: So if I want to change the information of the order, such 

as the delivery address or delivery time, what do I need to do?

Noisy Doc: No more worrying about your girlfriend getting angry!

Irrelevant information

Figure 1: Two examples of noisy documents

There is no doubt that high-quality reference doc-
uments can not only help mitigate the hallucination
phenomena but also enhance the inference quality
of LLMs (Li et al., 2023). After manually scrolling
through the whole dataset, we find there are mainly
two types of noisy documents, the examples of
which can be found in Figure 1.

• Documents almost rephrasing the question,
which shares extremely high relevant scores
with the document.

• Documents full of irrelevant information, so
they share extremely low relevant scores with
the question or history.

Therefore, it is vital to quantify the relevance
without the existence of ground truth answers.
From both semantic and lexical views, we come up
with the following two indicators,

Embedding-level Cosine Similarity We adopt
an advanced text embedding model, Nomic Embed,
to compute the cosine similarity between docu-
ments and the corresponding question (or together
with conversational history).

Word- or character-level ROUGE-L As illus-
trated before, the ROUGE-L scores can be viewed
as lexical relatedness criteria.

Practically, we set a higher threshold τh and a
lower one τl for each indicator separately, before
screening out reference documents whose corre-
sponding scores ≥ τh or ≤ τl for manual inspec-
tion. As a result, we filter out 193 noisy documents
in phase 2.

Moreover, prior work (Liu et al., 2023) suggests
that important passages placed at the beginning or
end of the input can be better comprehended by
LLMs. However, we find that there is a strong
correlation between document indexes and their
relative orders occurring at the officially annotated
answers, which means that reranking the reference
documents can result in severe performance degra-
dation.

3.4 Model Ensemble

The model ensemble has proven to be effective
in discriminative tasks, however, it is rarely ex-
plored under generative settings. In this work,
we propose to approximately evaluate the qual-
ity of generated answers from different models
and then select the best one as the final result.
Suppose that given a test sample, we have M
candidate responses to aggregate, for each candi-
date ri, we calculate the relevance scores s(ri, rj)
between ri and rj(j = 1, · · · ,M, j ̸= i) and
add them together as the quality score qi for ri
(qi =

∑
j s(ri, rj)). Similarly, the relevance quan-

tizers can be embedding-level cosine similarity (de-
noted as emb_a_s), word-level ROUGE-L (denoted
as word_a_f), and character-level ROUGE-L (de-
noted as char_a_f). The motivation is that the final
answer should be a representative who reaches a
consensus with the most candidates.

4 Experiments

4.1 Experimental Settings

Thanks to the LLM fine-tuning framework pro-
vided by modelscope (Zhao et al., 2024), we can
fine-tune and infer our model easily. All our ex-
periments are carried out on NVIDIA A100 80G
and V100 32G GPUs. As for the fine-tuning pro-
cess, we employ configuration for the LoRA (Hu
et al., 2021) fine-tuning, defined with the follow-
ing parameters: lora_rank (rank of the low-rank
matrices) set to 8, lora_alpha (scaling factor for
learning rate) at 16, lora_dropout to manage over-
fitting set at 0.05, and lora_target_modules focused
on all modules. The maximum length of input se-
quences was set to 3072. The AdamW (Loshchilov
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Rank Participant W-ROUGE-L C-ROUGE-L KR
1 regtrh (ours) 0.46536 0.62084 0.69535
- regtrh* (ours) 0.45548 0.61420 0.68359
2 wangkxu 0.44961 0.61183 0.67230
3 zhangmin186 0.45098 0.61048 0.66239
4 Ted 0.45013 0.61030 0.66513
5 tilbur 0.44554 0.60489 0.67718

Table 3: Top scores of the competition. We also list the results of our single model (marked with * ) for comparison.

and Hutter, 2019) optimizer is employed for train-
ing with a learning rate set to 1e-4 with a warm-
up proportion of 0.03 and a batch size of 1 on
each GPU. This model is trained for 4 epochs
via deepspeed ZeRO-2, and we choose checkpoint
1700 as our best model. As for the inferring pro-
cess, we set do_sample=false to use greedy de-
coding and ensure stable output. The repetition
penalty is adjusted to be between 1.00 and 1.02,
and max_new_tokens is set to 512. We use vLLM
(Kwon et al., 2023) to accelerate our inference pro-
cess, and it takes about 40 minutes to infer our final
result on a V100 32G GPU.

4.2 Competition Results
Table 3 lists the final results of this competition. As
shown, our solution, which aggregates outcomes
from 8 different models, achieves 1.6%, 0.9%, and
2.3% absolute performance gains on W-ROUGE-
L, C-ROUGE-L, and KR, respectively when com-
pared to the 2nd place. Besides, it is noteworthy
that our single model can also yield better perfor-
mance than others, suggesting the effectiveness of
our pipelines.

4.3 Ablation Studies
Ablation Study of the Noisy Document Filter.
Table 4 shows the experimental results of our sin-
gle model inferred with and without the noisy doc-
ument filter (abbreviated as NDF below). We find
that it marginally improves the final scores since
the provided documents are carefully chosen by the
cup organizers and LLMs can somewhat tell apart
the underlying distractors.

NDF W-ROUGE-L C-ROUGE-L KR
- 0.45547 0.61368 0.68243
✓ 0.45548 0.61420 0.68359

Table 4: Ablation study of the noisy document filter on
the test dataset.

Ablation Study of the Hybrid Training Strategy.
We verify the effects of the proposed hybrid train-
ing strategy in Table 5. As seen, incorporating the

eval set with the corresponding pseudo targets can
largely boost the generation quality, especially for
the keywords recall score. But further incorpora-
tion of the test set has little effect, which validates
our design choice.

Method W-ROUGE-L C-ROUGE-L KR
- 0.45547 0.61368 0.68243

- hybrid training 0.45284 0.61308 0.67154
+ hybrid training 0.45476 0.61343 0.67626

Table 5: Ablation study of the hybrid training strategy
on the test dataset.

Ablation Study of the Model Ensemble. We
first compare different ensemble methods as dis-
played in Figure 2 (a). Although the mentioned
methods are all competitive on ROUGE scores,
emb_a_s brings about many more improvements
in keywords recall, thereby being selected as our
final ensemble method. Then, a parameter analysis
of the number of candidates for the ensemble is
conducted. As seen from Figure 2 (b), more candi-
dates generally lead to better performance. Due to
the limited time and budget, we finally defined the
number as 8.

Figure 2: (a) generation performances on the test dataset
with different ensemble approaches (5 candidates for en-
semble); (b) generation performances on the test dataset
with different numbers of candidates for ensemble (with
the approach working best in (a));

5 Conclusion

In this paper, we detail our winning solution to the
task of “Conversational Multi-Doc QA” in WSDM
Cup 2024. Leveraging the abilities of LLMs, we
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use the SOLAR-10.7B-Instruct model as the back-
bone, with the combination of hybrid training,
noisy document filter, and selecting the best re-
sponse by evaluating the quality from 8 results as
our final submission. Our solution won 1st place
on the public leaderboard.

Limitations

We would like to discuss our results on addi-
tional automated metrics, like METEOR (Banerjee
and Lavie, 2005), BLEU (Papineni et al., 2002),
BERTSCORE (Zhang* et al., 2020), and even
LLM as a judge. However, the organizers have
not made the standard answer public. As a result,
we also can’t compare with more RAG-based tech-
nique comparisons like REPLUG (Shi et al., 2024),
RLHF-based tuning, or knowledge distillation.

Ethical Statement

In this research, it’s crucial to acknowledge the
potential limitations of LLMs, which may also pro-
duce biased information, especially on questions
related to people. However, we do not adopt any ad-
ditional processing for these answers, while other
parts of the training data come from datasets by or-
ganizers. We keep fair and honest in our analysis of
experimental results. Additionally, our method is
extremely lightweight and allows the reproduction
of the experiments on common GPUs. We have
made our code accessible for future investigations.
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