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ABSTRACT
The ditlab team participated in the Retrieval Augmented Genera-
tion (RAG) and Dense Multimodal Retrieval (DMR) subtasks of the
NTCIR-18 Transfer-2 task. For the RAG subtask, we proposed a
late fusion method for answer generation that uses multiple con-
texts retrieved by the dense passage retriever. Unlike sequential
approaches that input contexts sequentially into large language
models (LLM), our method processes contexts in parallel and em-
ploys majority voting to determine the final answer. We also fine-
tuned the LLM using a LoRA-based method to better handle quiz-
style questions, achieving over 10 points gains against the base-
line in terms of accuracy. For the DMR subtask, we introduce a
modality-aware sensor encoder that processes numerical and tex-
tual sensor features separately, and enhance geolocation features
by converting latitude/longitude data into address strings via k-
nearest neighbor matching. Although our baseline performance is
degraded from the official baseline due to the mismatch of data
between the training and evaluation data, our approach improved
the image-to-sensor retrieval performance from our baseline.
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1 INTRODUCTION
The ditlab team participated in the Retrieval-Augmented Genera-
tion (RAG) and Dense Multimodal Retrieval (DMR) subtasks of the
NTCIR-18 Transfer-2 task [9, 10]. The RAG subtask aims to de-
velop efficient RAG techniques for open-domain question answer-
ing (QA). RAG improves large language models (LLMs) by incor-
porating external knowledge and addressing limitations in their
training data [3, 4, 13]. Passage retrieval plays a vital role in open-
domain QA [5, 8, 12], but managing multiple retrieved contexts
is challenging. Quiz-style QA is particularly difficult due to inten-
tionally obscured answers and misleading or irrelevant informa-
tion in the retrieved passages. Keywords in such questions often
do not directly indicate the correct answer, and inappropriate con-
texts in retrieval lead to incorrect predictions [6, 7, 17].

Sequential RAG methods, such as those in LlamaIndex, process
top-ranked contexts one at a time, allowing LLMs to revise ini-
tial answer. However, this approach degrades accuracy when us-
ing multiple passages (e.g. top-2 or top-3), because irrelevant in-
formation causes the model to incorrectly revise correct answers.
Moreover, this sequential process increases computational time.

To overcome these limitations, we propose a late fusion of LLM
results, inspired by fusion-in-decoder (FiD) [1, 11, 16]. This method
runs LLMs in parallel, generating answers independently for each
context. The final answer is selected bymajority voting, improving
accuracy, and reducing computation time.

DMR subtask addresses the challenge of retrieving relevant in-
formation across different data modalities. In the Transfer-2 task,
this involves working with the dataset of the NTCIR18-Lifelog6
task [19] that combines camera images and sensor data collected
from wearable devices. Since image and sensor data differ signif-
icantly in terms of distribution, dimensionality, and sampling fre-
quency, it is essential to construct retrieval methods that can inter-
pret and align both modalities, in order to accurately capture the
contextual correspondence.

Vector representations are often used to align different modal-
ities as they allow heterogeneous data types to be compared with
each other in a shared embedding space. However, sensor data
include a mixture of numerical values and textual information,
which makes it non-trivial to generate embeddings that are both
meaningful and discriminative. To address this, we propose a sen-
sor encoder that combines a multi-layer perceptron (MLP) with
a text embedding model for numerical and string-based data, re-
spectively. Furthermore, to improve the quality of embeddings for
accurate retrieval, we transform latitude and longitude values into
textual address representations using the k-nearest neighbor (k-
NN) matching before encoding. In the retrieval process, either an
image or a sensor record is used as a query, and similarity scores
are computed against the data in the other modality to identify the
most relevant matches.

2 METHODS FOR RAG SUBTASK
2.1 Dense passage retrieval
The Dense Passage Retrieval (DPR) [11] is used to retrieve the rel-
evant passages. A question 𝑞 and a set of passages 𝑝 (e.g. from
Wikipedia) are encoded into fixed-dimensional embeddings 𝐸𝑞 (𝑞)
and 𝐸𝑝 (𝑝) using separate encoders. The similarity is calculated
through the inner product 𝜎 (𝑞, 𝑝) = 𝐸𝑞 (𝑞)⊤𝐸𝑝 (𝑝), and the upper
𝑛 passages are retrieved. These are then provided to the LLM as
a context along with the question. The encoders are trained using
the following loss function (1), which maximizes the score of the
positive passage relative to negatives:

L(𝑞𝑖 , 𝑝+𝑖 ,P
−
𝑖 ) = − log

𝑒𝜎 (𝑞𝑖 ,𝑝
+
𝑖 )

𝑒𝜎 (𝑞𝑖 ,𝑝
+
𝑖 ) +∑

𝑝−∈P−
𝑖
𝑒𝜎 (𝑞𝑖 ,𝑝− )

, (1)
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Figure 1: Deep passage retriever.

You are a quiz show contestant. Using the provided
context, answer the query concisely in under 20
characters.
Context: ...
Query: ...
###Answer:

Figure 2: Prompt for conducting RAG.

where 𝑝+𝑖 is a relevant passage and P−
𝑖 is a set of 𝑛 irrelevant pas-

sages 𝑝− . Since retrieval is a well-established process, the main
challenge lies in how to efficiently incorporate diverse contexts
into the LLM.

2.2 Finetuning for quiz answering
To improve answer accuracy, the LLM is fine-tuned using a low-
rank approximation (LoRA). Training data consist of context-answer
pairs in which the retrieved context was relevant but the gener-
ated answer was incorrect. The correct answers are added after the
prompt ### Answer in Fig. 2, and the LLM is trained to reproduce
these answers.

Since QA tasks often require short and concise answers, fine-
tuning helps ensure consistency in the answer style, especially
when specific formats are expected.

2.3 Generation of answer candidates by
multiple LLMs

In the FiD method [11], the question and top-𝑛 passages are con-
catenated and processed jointly by the decoder. Inspired by this, we
propose a late fusion approach utilizing LLM as shown in Fig. 3:
each context is fed into separate LLM in parallel, and after multi-
ple answers are prepared for answer candidates, a final answer is
selected from the candidates by majority voting. Parallel process-
ing reduces latency compared to the sequential approach such as
LlamaIndex.

2.4 Majority voting to select final answer
In addition, another key benefit of our method is the ability to filter
out invalid answers, such as those that simply repeat part of the
query. For example, for the query “In the movie ‘West Side Story,’
what is the name of the other gang besides the Sharks?”, the answer
“Sharks” is clearly incorrect and invalid.

Figure 3: Late fusion of LLM results.

Up to 𝑛 answers are generated from the top-𝑛 contexts. How-
ever, missing or invalid responses can reduce this number. The fi-
nal answer is selected by majority voting. In case of a tie, the an-
swer corresponding to the higher-ranked context is chosen. For
example, if the top 5 answers are [a, a, b, b, c], the final
answer would be a. Detailed descriptions are found in [15].

3 METHODS FOR DMR SUBTASK
The DMR subtask is evaluated using Mean Reciprocal Rank (MRR)
in both image-to-sensor and sensor-to-image retrieval settings.We
built our system on top of the baseline implementation [18], in-
troducing several modifications to create effective embeddings for
multimodal retrieval. In addition to the changes described below,
we also replaced the ResNet-based image encoder with a vision
transformer (ViT) model [2].

3.1 Modality-aware sensor encoder
In the baseline system, all sensor features including categorical text
values are converted into numerical vectors and encoded using
an MLP [10]. In contrast, we proposed a modality-aware sensor
encoder that separately processes numerical and textual informa-
tion to better preserve informative textual content for accurate re-
trieval.

Specifically, numerical features such as heart rate and sleepmet-
rics are processed using a two-layer MLP, which outputs a 128-
dimensional embedding. Categorical features including activity la-
bels and address information are first converted into prompt-style
text strings and then encoded using a lightweight Sentence-BERT
variant to obtain sentence embeddings [14], which produces a 384-
dimensional embedding. The numerical and textual embeddings
are concatenated and passed through another MLP to project the
sensor record into the same space as the image embeddings, allow-
ing for cross-modal similarity computation.

3.2 Geolocation encoding via address mapping
While latitude and longitude provide accurate spatial coordinates,
they do not inherently capture semantic cues that are useful for
multimodal retrieval. To enrich the representation of location fea-
tures, we converted raw coordinates into textual address strings.

Since online access to address information is unavailable during
inference, we construct a reference database by associating each
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Figure 4: NDCG and Hit Rate of first stage of RAG subtask.

Table 1: Accuracy of second stage for each run on the RAG
subtask.

Run ID Description Accuracy
dev test

run1 baseline (LlamaIndex) 30.0 39.1
run2 top1 (no LoRA) 29.7 39.5
run3 top1 (LoRA) 35.7 43.7
run4 top1–7 (LoRA, majority voting) 40.4 50.3

coordinate with its corresponding address during training. At in-
ference time, we retrieve the nearest address using k-NNmatching
and encode it as part of the textual input.

4 EXPERIMENTS FOR RAG SUBTASK
The RAG subtask is divided into two stages, and performance was
evaluated for each stage: first stage (retrieval stage) and second
stage (answer generation stage).

4.1 First stage
Figure 4 shows theNormalizedDiscountedCumulativeGain (NDCG)
and the Hit Rate of the first stage. In this analysis, we observed that
the test accuracy tends to be higher than that of the development
set across different evaluation metrics. The evaluation was carried
out using various cut-off values: 1, 5, 10, 50, and 100.

In terms of NDCG, the score initially decreased to a cut-off of
10, after which it began to improve. On the other hand, the Hit
Rate reached near saturation around a cut-off of 50, showing only
a marginal difference of approximately 3 to 4 points between Hit
Rate @ 50 and Hit Rate @ 100. The value of Hit Rate @ 1 was
approximately 0.388 for the development set and 0.461 for the test
set, suggesting that the use of multiple contexts is necessary to
achieve greater recall and better performance.

For reference, LlamaIndex yielded NDCG @ 1 (= Hit Rate @
1) of 0.241 (dev) and 0.407 (test), although, since the passage di-
vision method differs between DPR and LlamaIndex, the perfor-
mance cannot be compared.

Table 2: MRR scores for each run on the DMR subtask.

Run ID Description img2sen sen2img
baseline Official baseline (100 epochs) 0.2830 0.2788
run1 Full data + ViT + sensor encoder 0.0523 0.0410
run2 run1 + address k-NN matching 0.0710 0.0392
run3 run2 + larger batch size 0.0746 0.0414
run4 run3 + larger network 0.0947 0.0326

4.2 Second stage
Table 1 shows the results of the second stage, showing that the
baseline using the LlamaIndex (run1) and the RAG model with the
passage of the highest similarity score (run2) achieved similar lev-
els of accuracy1. From run2 to run4, the same documents retrieved
in the first stage were used. When the LLM was fine-tuned using
LoRA (run3), the accuracy improved by 6.0 points on the develop-
ment set and 4.2 points on the test set. This result shows that fine-
tuning the model is an effective way to teach how LLM answers
the question. Furthermore, aggregation of the top-7 answers with
the final answer selection by majority voting (run4) achieved an
additional improvement of 4.7 points in the development set and
6.6 points in the test set compared to run3.

5 EXPERIMENTS FOR DMR SUBTASK
Table 2 shows the retrieval performance in terms of MRR for both
image-to-sensor and sensor-to-image tasks. The best-performing
variant of our system achieved an MRR of 0.0947 for image-to-
sensor and 0.0414 for sensor-to-image retrieval, while the baseline
scores were 0.2829 and 0.2788, respectively.

One likely reason for the observed performance degradation is
the difference in the training data used. Although the baseline was
trained on sensor and image data fromMarch 2020, our systemwas
trained on the full dataset covering an 18-month period from 2019
to 2020. If the evaluation is restricted to data from a specific time
window, training on the full dataset may have caused the model to
generalize across a broader range of distributions. As a result, the
learned representations may not have been sufficiently specialized
for the evaluation data, leading to a reduced retrieval performance.

6 CONCLUSIONS
We participated in the RAG and DMR subtasks of the NTCIR-18
Transfer-2 task. In the RAG subtask, our proposed method that
combined LoRA-based fine-tuning and late fusion by majority vot-
ing significantly improved the answer accuracy compared to base-
line in more than 10 points. The late fusion of different contexts al-
lowed us to mitigate the risk of irrelevant contexts, demonstrating
the effectiveness of model fusion strategies in open-domain QA. In
the DMR subtask, although our approach using ViT-based image
encoders and a modality-aware sensor encoder underperformed
relative to the baseline, we observed that training on full data was
ineffective for this subtask. This result highlights the importance
of the selection of useful data from the entire dataset. However,

1LLMs were common in all runs.
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our approach improved our baseline (run1) in image-to-sensor re-
trieval, which can improve the official baseline performance when
the same training data are used.
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