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Abstract

Tip-of-the-Tongue queries are difficult to rewrite due to
vague user descriptions and limited supervised training
data. We address this by generating rewrite preference
pairs automatically from dense and cross-encoder re-
trieval scores, enabling a reliable dataset for fine-tuning
directly on ranker preferences. We compare prompt
tuning, domain-specific DPO, and general DPO mod-
els within a Tree-of-Thoughts rewriting and retrieval
pipeline. Results on the TREC Tip-of-the-Tongue track
show steady gains from prompt tuning to DPO, with
a GPT-5-nano ensemble of all runs achieving our best
performance among our submissions (NDCG@ 1000 =
0.277, MRR@1000 = 0.199).

1 Introduction

Tip-of-the-Tongue (ToT) retrieval addresses queries in
which users cannot recall the exact name or keywords
of a target item, relying instead on partial, associative,
or subjective descriptions [1]]. Such queries exhibit
weak lexical grounding and high semantic ambiguity,
making it difficult for retrieval systems to identify the
intended item.

Transformer-based models [2] have reshaped infor-
mation retrieval by enabling semantic matching beyond
exact term overlap. Pretrained encoders such as BERT
[3] and Sentence-BERT [4] form the basis of cross-
encoder and dense bi-encoder retrieval architectures.
However, in ToT scenarios, the effectiveness of these
models is constrained by the quality of the input query
itself: vague or underspecified descriptions often fail to
produce reliable retrieval signals.

Query rewriting has long been explored to address
query ambiguity and vocabulary mismatch. Early ap-
proaches based on query expansion, term association,
and relevance feedback [5, [6] are limited in ToT set-
tings, where queries lack stable anchor terms and ex-
plicit user feedback is unavailable.

Large Language Models (LLMs) offer a promising

alternative due to their ability to generate semantically
rich reformulations through paraphrasing and associa-
tive reasoning [7, 18, 9]. However, adapting LLMs for
ToT query rewriting remains challenging, as supervised
rewrite annotations are costly and unreliable. Recent
preference-based optimization methods, such as Direct
Preference Optimization (DPO) [10], enable training
from pairwise preferences rather than explicit targets.
In retrieval settings, such preferences can be derived au-
tomatically from ranking outcomes, providing scalable
supervision without manual annotation [[L1} [12].

The TREC 2025 Tip-of-the-Tongue track extends
prior editions by moving beyond single-domain re-
trieval, introducing a general-domain evaluation over
53 entity types, and incorporating a mix of MS-ToT,
human-elicited, and LLM-generated queries over a
large Wikipedia corpus [13]. These changes amplify
the importance of rewrite generalization and robustness
across heterogeneous query styles.

In this work, we propose a retrieval-based prefer-
ence optimization for query rewriting in the Tip-of-the-
Tongue setting. We generate multiple rewrite candi-
dates per query, derive pairwise preferences from dense
retrieval rankings, and fine-tune a rewriting model us-
ing DPO to prefer more effective reformulations. We
additionally investigate prompt tuning as a lightweight
adaptation strategy for query rewriting, the use of a
Tree-of-Thoughts retrieval pipeline to explore multi-
ple reformulation paths during inference, and domain-
specific pipelines for handling difficult scene-based
movie queries. Experiments on the official TREC
ToT benchmark show that our preference-based rewrit-
ing framework consistently improves retrieval effec-
tiveness.

2 Methodology

Our system relies on four modern techniques for adapt-
ing large language models and integrating them into
the retrieval pipeline: Low-Rank Adaptation (LoRA),
Prompt Tuning, Direct Preference Optimization (DPO),



and Tree-of-Thoughts reasoning. Below we briefly de-
scribe each component.

2.1 Direct
(DPO)

DPO [10] is a technique for aligning an LLM with a
target reward without requiring explicit reinforcement
learning. The model is trained on preference pairs,
where rewrite A is preferred over rewrite B because
it yields better retrieval performance (i.e., it ranks the
target item higher, or yields a higher cross-encoder
logit). This objective encourages the model to produce
rewrites that behave in a way the retriever prefers.

A key advantage of DPO in our setting is that it nat-
urally addresses the challenge described before: the
lack of supervised training data for rewriting noisy, in-
complete queries. Instead of relying on hand-annotated
examples, we generate multiple candidate rewrites per
query and evaluate them with dense and cross-encoder
retrievers. The differences in their retrieval scores form
implicit preference labels, allowing us to construct large
numbers of preference pairs automatically.

In practice, this means that every query can yield
many training signals, effectively expanding the dataset
far beyond the size of the original supervised set.
This preference-based augmentation proved critical to
achieving stable and meaningful DPO training.

Preference = Optimization

2.1.1 Preference Pair Construction

To train DPO models, we automatically derive prefer-
ence pairs from the retrieval pipeline. Given a query, we
generate a pool of LLM rewrites and evaluate each of
them using dense retrieval and a cross-encoder reranker.
These signals allow us to establish relative preferences
without requiring human annotations.

Dense-based Preferences. All rewrites are ranked
according to their dense retrieval scores (using the
all-mpnet-base-v2 encoder). This ranking nat-
urally partitions the rewrite pool into three groups:

* Good rewrites: rewrites that improve the rank of
the target item with respect to the original query.

* Original query: treated as a neutral baseline.

¢ Bad rewrites: rewrites that worsen the rank rela-
tive to the original query.

Considering rank as a metric, this induces the order-
ing:

Bad rewrites > Original query > Good rewrites.

For every rewrite in the “good” set, we construct a
preference pair against every rewrite in the “bad” set.
This yields pairs of the form:

good rewrite > bad rewrite.

Additionally, the good rewrites themselves are
strictly ranked by their retrieval scores. If the good set
contains rewrites G1, Go, G, G4 in decreasing quality,
we generate intra-group preferences:

G1>-G2>-Gg>-G4.

These intra-group comparisons enrich the dataset
with fine-grained positive signals.

Cross-Encoder  Preferences. We  also  de-
rive preferences from the cross-encoder logits

(cross—-encoder/ms-marco-MinilM-L-12-v2).

Each rewrite is scored by computing its similarity with
every paragraph of the candidate document, and we
retain the maximum logit value.

This produces another ordering:

Bad logit < Original logit < Good logit.

As with dense retrieval, we generate preference pairs
between all good-bad combinations, as well as within
the ordered good set, based on the cross-encoder scores.

Training Data Expansion. Because each query typi-
cally produces dozens of rewrites, this process automat-
ically converts a single query into a large set of mean-
ingful preference pairs. In practice, every query yields:

» good-bad dense preference pairs,

* better-good dense ordering pairs,

* good-bad cross-encoder pairs, and

* better-good cross-encoder ordering pairs.

This dramatically expands the effective size of the
training set and mitigates the limited availability of su-
pervised Tip-of-the-Tongue examples.

2.2 Low-Rank Adaptation (LoRA)

LoRA [14] is a parameter-efficient fine-tuning method
that injects small trainable matrices into selected lay-
ers of a pretrained LLM. Instead of updating all model
weights, LoRA learns a low-rank decomposition that
modifies the model’s behavior with only a small num-
ber of additional parameters. This enables fast training
on modest hardware and supports the creation of mul-
tiple domain-specialized adapters on top of the same



base model. In our setting, LoRA is essential for ap-
plying Direct Preference Optimization (DPO), as it al-
lows preference-aligned fine-tuning without modifying
the full set of model weights, making DPO training both
feasible and computationally efficient.

2.3 Prompt Tuning

Prompt tuning [15] is a lightweight adaptation strat-
egy in which a fixed pretrained model is conditioned
through learned soft prompts. Instead of modifying the
model’s internal weights, the system learns a vector pre-
fix that steers the model toward a desired behavior—in
our case, rewriting vague or underspecified user queries
into more precise formulations. This provides a low-
cost alternative to full fine-tuning or DPO, enabling fast
experimentation with domain-specific behaviors.

Training Signal from the Best Rewrite. To train the
prompt-tuned adapters, we generate a pool of candidate
rewrites for each query and evaluate each of them using
dense retrieval or cross-encoder reranking. Among the
candidates, the rewrite that produces the best retrieval
performance (i.e., highest dense rank or best cross-
encoder score) is selected as the training target. This
best rewrite is treated as the model-preferred reformu-
lation, and the prompt-tuning objective encourages the
model to reproduce or approximate this rewrite when
given the original query.

Effect on the Rewriting Model. By repeatedly con-
ditioning on these high-quality rewrites, the prompt-
tuned model learns to move ambiguous Tip-of-the-
Tongue queries closer to formulations that align well
with the retriever’s scoring behavior. Although less
expressive than DPO, since it relies on a single cho-
sen rewrite rather than a full preference structure, this
approach offers a stable, efficient, and cost-effective
method for improving rewrite quality without updating
the full set of LLM parameters.

2.4 Tree-of-Thoughts

Tree-of-Thoughts [16] reasoning extends chain-of-
thought prompting by iteratively generating and evalu-
ating alternative query reformulations. Our system fol-
lows a greedy expansion strategy composed of the fol-
lowing steps:

1. Generation: Given the current best path, the LLM
produces multiple candidate reformulations of the

query.

2. Evaluation: Each reformulation is evaluated by
performing dense retrieval to obtain candidate

items, followed by reranking with a cross-encoder
to assign final scores.

3. Expansion: The reformulation with the highest
score is selected as the next node in the search tree,
and the process repeats.

At each iteration, the system also tracks all candidate
items retrieved across all reformulations and aggregates
their scores. This iterative process enables the model
to refine vague or incomplete queries over multiple rea-
soning steps, mimicking how a human might try several
descriptions before reaching the intended target.

Tree-of-Thoughts is used purely as an inference-time
search strategy; no additional supervision is applied to
intermediate reasoning steps.

3 Submissions

All our runs share a common retrieval framework com-
posed of:

(1) an LLM-based query rewriting module,

(2) dense retrieval using all-mpnet-base-v2,

3) cross-encoder reranking using
cross—encoder/ms-marco-MinilLM-L-12-v2,

(4) a Tree-of-Thoughts reasoning procedure for iter-
ative refinement.

All rewrite models are built on top of
meta-llama/Llama-3.1-8B-Instruct
[L7] and are trained using either prompt tuning or
LoRA-based Direct Preference Optimization (DPO).
Below we describe the aspects that differentiate each
submitted run.

3.1 Prompt
Adapters)

Tuning (Domain-Specific

This run (runid2) uses domain-specialized LoRA
adapters trained with prompt tuning to generate movie-
specific and general-purpose query rewrites.

3.1.1 Rewrite Generation
We trained four adapters:
¢ Movies: movies—dense and movies—cross

e General domain: all-dense and

all-cross

Training examples were constructed by selecting, for
each query, the rewrite that achieved the best retrieval
rank among a pool of LLM-generated candidates. A
simple classifier routed each test query to the movie
or general adapters. Each query produced two rewrites



(dense-oriented and cross-oriented), which were passed
into the shared retrieval pipeline.

3.1.2 Retrieval with Tree-of-Thoughts

The Tree-of-Thoughts module expanded the query via
iterative thoughts and candidate rewrites generated by
the base LLM. Each newly generated rewrite was re-
evaluated through dense retrieval and cross-encoder
reranking, and the highest-scoring branch was ex-
panded greedily until convergence or maximum depth.
Final rankings were produced by selecting the highest-
scoring candidates across all explored nodes.

3.2 Movies DPO (Domain-Specific Prefer-
ence Optimization)

This run (runid3) aligns rewrite generation with
dense and cross-encoder preferences using DPO, while
still leveraging domain classification.

3.2.1 Preference Modeling

For each training query, multiple candidate rewrites
were generated using a pretrained LLM. Dense and
cross-encoder scores were used to derive preference
pairs based on rank or score improvements. Separate
movie and general LoRA adapters were then fine-tuned
using the DPO objective.

3.2.2 Rewrite Inference

A domain classifier routed each query to the appro-
priate DPO adapters. The model generated multi-
ple rewrites (dense-oriented and cross-oriented), with
prompts encouraging factual, concise, and context-
preserving transformations. The resulting rewrites were
processed by the shared Tree-of-Thoughts based re-
trieval module.

3.3 General DPO (No Domain Classifica-
tion)

This run (runidl) uses a single DPO-trained rewrite
model for all queries.

3.3.1 Rewrite Model

Candidate rewrites were generated for each training
query and scored using the dense and cross-encoder
modules. Preference pairs were extracted based on
retrieval improvements. Two general-purpose LoRA
adapters (dense-aligned and cross-aligned) were trained
using DPO on the full dataset.

3.3.2 Inference and Retrieval

All queries followed the same rewriting pipeline, gen-
erating:

¢ one dense rewrite, and
* one compact factual rewrite for reranking.

These rewrites were fed into the shared Tree-of-
Thoughts retrieval framework.

3.4 Ensemble

The ensemble (runid4) combines the top-ranked re-
sults from the three previous runs using a relevance
classifier.

3.4.1 Relevance Classification
For each query, the top-1 result from:
* Prompt Tuning,
¢ Movies DPO,
* General DPO

was evaluated using a lightweight gpt-5-nano rel-
evance classifier, which assigned one of three labels:
relevant, maybe relevant, or not relevant. The results
of the run yielding the highest relevance label were se-
lected.

3.4.2 Final Output

The ensemble output corresponds to the top-1 result
from the run predicted to be most relevant. Ties were
broken according to the priority: General DPO —
Movies DPO — Prompt Tuning.

4 Results

Following the TREC 2025 evaluation protocol, we re-
port NDCG@ 1000 and MRR @ 1000 as official metrics.

Table [T summarizes the performance of our four sub-
mitted runs.

4.1 Discussion

Across all runs, we observe a consistent progression
in performance as the rewriting models move from
lightweight adaptation methods toward preference-
aligned optimization.

The Prompt Tuning + Tree-of-Thoughts run yields
the weakest results. Although soft prompts provide an
inexpensive way to condition the model, prompt tuning



Table 1: Comparison of All Submitted Runs

NDCG@1000 MRR@1000 Recall@1000 Success@5

Run

Prompt Tuning + Tree-of-Thoughts 0.164
Movies Agents + Tree-of-Thoughts 0.222
DPO + Tree-of-Thoughts 0.246
GPT-5-nano Classifier Ensemble 0.277

0.096 0.553 0.124
0.141 0.650 0.190
0.162 0.675 0.206
0.199 0.675 0.238

alone is not sufficient for the highly variable and under-
specified nature of Tip-of-the-Tongue queries. Without
explicit preference signals, the model struggles to gen-
erate rewrites that generalize beyond the training distri-
bution.

The Movies Agents + Tree-of-Thoughts run
achieves stronger performance, largely due to the use
of movie-specific DPO adapters. However, its gains
appear limited by the narrow domain on which the
adapters were trained. This suggests a degree of overfit-
ting: rewrites improve for movie queries, but the model
does not generalize as well across the broader Tip-of-
the-Tongue dataset.

The General DPO + Tree-of-Thoughts model de-
livers further improvements across all metrics. By
training preference-aligned adapters on the full dataset
rather than a restricted subset, the model learns rewrite
behaviors that generalize more broadly. This indicates
that preference signals collected across diverse queries
are more effective than domain-specific ones for Tip-
of-the-Tongue rewriting.

Finally, the GPT-5-nano ensemble achieves the best
overall performance. By selecting among the outputs
of all rewrite pipelines, the ensemble leverages the
complementary strengths of prompt tuning (broad cov-
erage), Movies DPO (domain expertise), and general
DPO (strong generalization). This results in the highest
NDCG@1000, MRR @ 1000, and Success@5 scores.

Overall, the results show that:

» prompt tuning alone is insufficient for Tip-of-the-
Tongue generalization;

* domain-specific DPO helps but risks overfitting;

 general DPO provides the best standalone rewrite
quality; and

* combining diverse rewrite strategies yields the best
overall retrieval performance.

4.2 Comparison with Track Submissions

Among the 32 runs submitted to the TREC 2025 Tip-of-
the-Tongue track, our best system (runid4) ranked 10th
overall according to the official NDCG @ 1000 metric.
Additionally, our best submission relying exclusively

on open-source language models throughout the entire
pipeline (runid1) achieved the 12th position. This result
is notable given that many higher-ranked systems em-
ployed proprietary models or heavier learning-to-rank
pipelines.

We additionally compare our submissions against the
official TREC 2025 baselines, which include lexical
BM?2S5 runs and a dense retrieval baseline. As reported
in the track overview, the best-performing BM25 base-
line outperforms several neural systems but remains
substantially below our DPO-based and ensemble sub-
missions. This highlights that, while strong lexical
matching remains competitive for Tip-of-the-Tongue
retrieval, preference-aligned query rewriting provides
consistent gains beyond both lexical and vanilla dense
baselines.

5 Conclusion

This work explored the use of preference-based query
rewriting for the Tip-of-the-Tongue retrieval task. By
automatically generating preference pairs from dense
and cross-encoder scores, we were able to construct
a large and reliable training signal without relying on
human supervision, an important property given the
scarcity of annotated Tip-of-the-Tongue data. Our re-
sults show that prompt tuning alone is insufficient for
handling the wide variability of vague user descriptions,
while domain-specific DPO adapters provide improve-
ments but risk overfitting to narrow data.

General DPO, trained on preference signals across
the entire dataset, demonstrated better performance, in-
dicating that broad preference coverage leads to bet-
ter generalization. Finally, our lightweight GPT-5-nano
ensemble achieved the best overall retrieval effective-
ness by leveraging complementary strengths across all
runs.

Overall, these findings underscore the value of
preference-based optimization as both an effective
training data expansion method and a promising di-
rection for retrieval-based rewriting. Integrating richer
ranker feedback and exploring more structured prefer-
ence signals represent compelling avenues for future
work.
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