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Abstract
This paper presents a hybrid justification labeling frame-
work for retrieval-augmented generation (RAG), focusing
exclusively on the Relevance Judgment (RJ) subtask of
the TREC 2025 RAG Track. The proposed approach
integrates open-weight large language models (LLMs)
with traditional retrieval signals and confidence calibra-
tion mechanisms. Specifically, we combine deterministic
pre-labeling using Qwen2.5-3B-Instruct and StableLM
2-1 6B-Chat with multi-stage confidence normalization
and lexical-overlap heuristics. This design enables small
open-weight models to approximate the reasoning behav-
ior of larger proprietary systems while remaining transpar-
ent and fully reproducible.

We describe the end-to-end pipeline used for both auto-
matic and semi-manual relevance judgment runs, analyze
their validation consistency, and examine the impact of cal-
ibration parameters on justification quality and coverage.
Empirical results indicate that hybrid confidence blending
improves mid-range justification reliability and reduces
variance across topics. All runs were validated using the
official evaluation infrastructure and correspond solely to
submissions for the RAG Relevance Judgment task.

Keywords: RAG Relevance Judgment; justification re-
trieval; relevance judgment; hybrid annotation; open-
weight large language models; confidence calibration

1 Introduction
Retrieval-Augmented Generation (RAG) systems have
gained significant attention as a paradigm that combines
information retrieval with generative reasoning to enhance
factual accuracy and explainability. Within this context,
the TREC 2025 RAG Track includes a dedicated Rele-
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vance Judgment (RJ) subtask, which focuses on the evalu-
ation of justification retrieval — that is, the identification
and grading of supporting passages that justify an answer
or stance associated with a given query. This task is in-
herently challenging, as it requires both lexical and se-
mantic alignment between queries and evidence passages,
along with fine-grained relevance and justification-level
judgments. In this work, we focus exclusively on the Rele-
vance Judgment (RJ) subtask, which is the only task of the
TREC 2025 RAG Track for which we submitted official
runs.

Traditional information retrieval benchmarks (e.g., [1,
2]) have relied on binary or graded relevance labels, often
derived from manual annotation. However, justification
retrieval extends this paradigm by demanding explanatory
relevance, where evidence must support specific claims
or answer components rather than mere topical similarity.
This substantially increases the cognitive load for annota-
tors and makes large-scale manual labeling expensive and
inconsistent [3].

To address these challenges, we present DUTH-RJ,
a hybrid system developed at the Democritus University
of Thrace for the TREC 2025 RAG Relevance Judgment
task. Our approach integrates automatic pre-labeling and
manual verification in a unified pipeline that ensures both
scalability and quality control. The system uses top-𝑘
retrieved passages from upstream retrievers as input, pre-
pares a structured labeling sheet, and supports incremental
manual review. Each retrieved document is graded on a
0–4 justification scale, reflecting increasing degrees of an-
swer completeness and evidential quality.

The hybrid process enables rapid annotation while
maintaining interpretability and alignment with the objec-
tives of the RJ subtask. Sanity checks and distributional
analyses ensure that each query receives consistent cover-
age across the top-ranked passages, producing a balanced
set of 2,100 labeled query–passage pairs over 105 topics.
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This work contributes a reproducible and scalable ap-
proach for justification-level relevance assessment within
the TREC 2025 RAG framework. The remainder of this
paper is organized as follows. Section 2 reviews prior re-
search on relevance judgment, justification retrieval, and
hybrid annotation methodologies. Section 3 presents the
datasets, models, and end-to-end methodological design
used in both automatic and semi-manual submissions for
the TREC 2025 RAG Relevance Judgment task. Section 4
presents the official NIST evaluation results, accompanied
by a detailed analysis of calibration effects, confidence-
blending strategies, and model-dependent variation in jus-
tification reliability. Finally, Section 5 summarizes the
main findings and outlines directions for future work.

2 Related Work
Research on retrieval-augmented generation (RAG) and
justification retrieval builds upon long-standing develop-
ments in information retrieval (IR) evaluation and neu-
ral retrieval architectures. Early frameworks such as the
Probabilistic Relevance Model and BM25 established a
foundation for ranking based on term weighting and doc-
ument frequency [1]. These approaches, operationalized
through large-scale benchmarks like TREC [3], demon-
strated the value of standardized evaluation and manual
relevance judgments in advancing retrieval performance.

With the emergence of deep learning, representation-
based retrieval models began to dominate large-scale re-
trieval tasks. Transformer-based architectures such as
Dense Passage Retrieval (DPR) and ColBERT enabled
semantic matching at scale, improving upon purely lexical
models. The TREC Deep Learning Track [2] formalized
this transition by incorporating large, pre-trained neural
retrievers evaluated over MS MARCO-style datasets, thus
bridging traditional IR evaluation with neural relevance
modeling.

The introduction of Retrieval-Augmented Generation
(RAG) extended these ideas beyond retrieval into reason-
ing and synthesis. RAG frameworks combine retrievers
with sequence-to-sequence generators, allowing retrieved
evidence to inform generative output [4]. These systems
have been widely adopted in open-domain question an-
swering, summarization, and dialogue, yet their evaluation
remains complex: retrieved evidence must not only be rel-
evant, but also justificatory—that is, supporting specific
claims within generated text. This has led to a growing in-
terest in justification-level labeling, as formalized in recent
shared tasks such as TREC RAG (2024–2025).

Parallel research has explored semi-automatic and hy-
brid annotation pipelines to address the limitations of
purely manual relevance judgments. Semi-supervised la-
beling approaches leverage model-based pre-labeling fol-
lowed by human verification to increase both scalabil-

ity and consistency. This paradigm has been effective
in the context of document relevance, claim verification,
and evidence retrieval, suggesting a promising path for
justification-level datasets. The hybrid approach imple-
mented in DUTH-RJ follows this line of research by com-
bining automatic pre-labeling with manual review, while
preserving the interpretability and fine-grained control
characteristic of human annotation.

Beyond prior studies in justification and retrieval-
augmented generation, our work builds upon the DUTH
team’s broader experience in multilingual NLP and hy-
brid evaluation pipelines. In previous shared-task partic-
ipations, including SemEval–2023 [5], EXIST–2025 [6],
JOKER–2025 [7], and SimpleText–2025 [8], we devel-
oped modular transformer-based systems for affective
analysis, bias detection, and text simplification. These
efforts provided methodological insights—particularly re-
garding soft-label calibration and interpretability—that di-
rectly informed the design of the hybrid justification label-
ing framework presented here.

Overall, our work contributes to this growing body of re-
search by operationalizing a scalable justification retrieval
pipeline under the TREC RAG 2025 framework, com-
bining the reproducibility of standardized IR benchmarks
with the depth of semantic evaluation.

3 System Description
3.1 Dataset
Our experiments are conducted using the corpus and topics
released for the TREC 2025 Retrieval-Augmented Gen-
eration (RAG) Track, organized by the U.S. National
Institute of Standards and Technology (NIST). The RAG
Track builds upon the MS MARCO Document v2.1 collec-
tion, segmented into passages that serve as atomic retrieval
units. Each segment contains metadata fields including
docid, url, title, segment, and character offsets, al-
lowing fine-grained evidence retrieval.

The Justification Retrieval (RJ) Subtask focuses on
identifying passages that provide factual or argumentative
justification for an information-seeking query. The official
test topics consist of 105 narratives, each requiring the
retrieval of supporting evidence rather than purely relevant
content. The queries were provided in JSONL format,
following the schema {qid, text}, and reflect diverse
social, legal, scientific, and policy-oriented questions.

Each query was paired with up to 100 candidate seg-
ments retrieved by the BM25 baseline implemented via
Anserini [9]. From this pool, the top 20 passages per topic
were selected for labeling, resulting in a total of 2,100
query–passage pairs. Each passage was annotated using
a five-point justification scale: 0 for non-relevant, 1 for
marginal relevance, 2 for partial justification, 3 for strong
justification, and 4 for full justification of the query intent.
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An optional confidence value (0–1) was also assigned to
capture annotator certainty.

Labeling followed a hybrid human–machine ap-
proach: an initial pre-labeling stage was conducted au-
tomatically using a large language model, followed by
targeted human review to correct or confirm uncertain
predictions. This hybrid workflow produced consistency
comparable to human annotation while significantly reduc-
ing manual effort, similar to prior semi-automatic labeling
pipelines [10, 11]. The resulting annotations were ex-
ported in TREC run format (qid, Q0, docid, rank,
score, runid) for evaluation under official track met-
rics, including NDCG@10 and Justification Accuracy.

Finally, integrity checks were performed to ensure that
all 105 queries were represented by exactly 20 labeled pas-
sages. The final dataset (r output trec rag 2025.tsv)
contained 2100 entries and was verified using the
rj pipeline.py check utility to confirm completeness
and label validity. This configuration ensures full com-
patibility with the TREC RAG 2025 infrastructure and
supports reproducible evaluation across retrieval and gen-
eration subtasks.

3.2 Models
The submitted systems explore multiple configurations
of open-weight language models and hybrid calibration
strategies within the TREC 2025 RAG Relevance Judg-
ment (RJ) subtask. Our goal was to systematically com-
pare small- to medium-scale instruction-tuned LLMs un-
der identical retrieval and evaluation settings.

StableLM Models. We employed the StableLM 2-
1 6B-Chat model from StabilityAI as a compact,
instruction-following LLM capable of consistent labeling
under constrained resources. This model served as the
foundation for several runs:
• stablelm2 rj v1: a semi-manual baseline where the

model provided deterministic labels (using temperature
= 0, do sample=False) following the official TREC
0–4 justification rubric.

• hybrid.stable1: an automatic hybrid configuration that
combined LLM predictions, lexical overlap (Jaccard
similarity between query and segment), and normalized
BM25 baseline scores. Calibration parameters empha-
sized trustworthy mid-range justifications (label = 2)
while maintaining some 3/4 evidence.

• hybrid.stable.loose2: a looser variant of the hybrid con-
figuration, tuned for broader non-zero coverage (thresh-
olds th1=0.30, th2=0.40, th3=0.56, th4=0.70) and in-
creased inclusion of partial justification cases.

Qwen Models. For large-scale automatic labeling, we
adopted Qwen2.5-3B-Instruct as the main justification as-

sessor, leveraging its reasoning-oriented pretraining. The
following configurations were explored:
• hybrid.qwen.cal: a calibrated hybrid judge combin-

ing Qwen2.5 outputs with Jaccard overlap (narra-
tive–segment matching) and normalized baseline con-
fidence. The final calibration introduced per-topic
caps and floors (th1=0.40, th2=0.52, th3=0.66,
th4=0.78) to control score saturation, focusing on
strong (3/4) evidence with balanced level-2 coverage.

• hybrid.qwencon: a consistency-focused run emphasiz-
ing high inter-topic agreement by constraining the con-
fidence variance across consecutive segments.

Model Infrastructure. All models were executed in
mixed-precision inference mode using PyTorch 2.3 and
Hugging Face Transformers 4.39 with bitsandbytes quanti-
zation. Inference was performed on NVIDIA A100 80GB
GPUs using deterministic decoding (temperature=0.1,
top-p=0.9). Each model produced lines of the form:

qid Q0 docid label confidence run id

which were parsed into TREC-compliant run files
(r output trec rag 2025.tsv) and verified with the
official validation script.

Together, these configurations allowed us to explore
the trade-off between label precision, coverage, and in-
terpretability, and to analyze how smaller open-weight
LLMs can be effectively calibrated for justification re-
trieval tasks within the RAG 2025 framework.

3.3 Methodology
The overall pipeline follows a modular hybrid labeling ar-
chitecture, which can be described in five key stages: (1)
retrieval, (2) data preparation, (3) automatic pre-labeling,
(4) human review and correction, and (5) export and vali-
dation.

(1) Retrieval. Each of the 105 official RAG topics was
processed through a two-stage retriever combining BM25
lexical search and ColBERT semantic reranking. The sys-
tem produced up to 100 candidate passages per query,
ranked by retrieval confidence. The top-20 passages per
topic were selected for subsequent justification assess-
ment, yielding 2,100 query–passage pairs.

(2) Data Preparation. Candidate passages were nor-
malized and stored in JSONL format, including identifiers
(qid, docid), rank, and passage text. The preprocessing
scripts (rj unified.py) handled tokenization, dedupli-
cation, and segment-level formatting to ensure alignment
with the MS MARCO v2.1 schema.
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(3) Automatic Pre-Labeling. The Qwen2 model auto-
matically assigned justification scores to each passage by
evaluating its semantic alignment with the query and the
likelihood of being used as factual support. Each pre-
diction included a confidence estimate derived from the
model’s softmax distribution over discrete justification lev-
els. The pre-labeled outputs were stored in a CSV file
(label sheet qwen.csv) for human validation.

(4) Human Review. Annotators reviewed the automat-
ically generated labels using an interactive command-
line interface (label cli.py). For each query, the 20
top passages were sequentially displayed with title, seg-
ment text, and current label–confidence pair. Annota-
tors could confirm, correct, or skip entries, and the inter-
face supported optional confidence adjustments (e.g., “3
0.75”). This stage finalized the hybrid annotation dataset
(label sheet prefilled.csv).

(5) Export and Validation. The final
dataset was exported into TREC-compatible
format (r output trec rag 2025.tsv) via
export qrels.py. Comprehensive sanity checks
(rj pipeline.py check) verified structural integrity,
ensuring that each topic contained exactly 20 labeled
entries and that all labels fell within the valid range (0–4).
After validation, the dataset was submitted as the official
DUTH-RJ-QWEN run for the TREC 2025 RAG Track.

This methodology combines the interpretability of hu-
man annotation with the scalability of LLM-based rea-
soning, enabling reproducible and cost-efficient creation
of justification-level labels suitable for retrieval and RAG
evaluation benchmarks.

3.4 Evaluation Measures
Evaluation followed the official relevance judgment pro-
tocol for retrieval-augmented generation (RAG), which
extends classical information retrieval measures to
justification-aware labeling. All submissions were vali-
dated and scored using the evaluation infrastructure pro-
vided by the organizers.

The primary evaluation measure is Normalized Dis-
counted Cumulative Gain (NDCG@10), computed from
graded relevance labels (0–4). This measure captures both
ranking quality and the degree of justification alignment
between retrieved passages and query intent, rewarding
higher-ranked placements of strongly justified evidence
(labels 3–4). Formally, NDCG@10 is defined as:

NDCG@10 =
1
𝑍

10∑︁
𝑖=1

2𝑟𝑒𝑙𝑖 − 1
log2 (𝑖 + 1)

where 𝑟𝑒𝑙𝑖 is the justification grade of the document at
rank 𝑖, and 𝑍 is a normalization constant representing the

ideal DCG value for that topic.
Complementary evaluation measures include:

• Justification Precision (JP@10) – the proportion of
retrieved segments that provide sufficient evidence for
the query narrative (label ≥ 2).

• Justification Recall (JR@20) – the proportion of gold-
standard justifications covered within the top 20 re-
trieved segments.

• Coverage Rate (CR) – the fraction of topics with at
least one justified segment in the retrieved top-𝑘 list.

• Mean Confidence Consistency (MCC) – the mean per-
topic standard deviation of confidence scores across the
top 20 passages, used to assess calibration stability in
automatic and hybrid systems.
Together, these measures assess not only retrieval

effectiveness but also justification reliability, captur-
ing how consistently a system identifies and ranks
supportive textual evidence. Automatic runs (e.g.,
duth.hybrid.qwen.cal, duth.hybrid.stable1) are
compared against manual and semi-automatic baselines
(e.g., duth stablelm2 rj v1) to quantify the effective-
ness of hybrid calibration and lightweight model reasoning
under open-weight constraints.

3.5 Implementation and Environment
All experiments were implemented in Python 3.10 us-
ing the PyTorch 2.3.0 and Transformers 4.39 frameworks,
with quantized inference provided by bitsandbytes 0.47
for efficient GPU utilization. The system was developed
and executed on the high-performance cluster at Democri-
tus University of Thrace (DUTH), using CUDA 12.5 and
cuDNN 9.x, running on NVIDIA RTX A6000 (48GB)
GPUs.

Each LLM (StableLM 2-1 6B, Qwen2.5-3B,
and LLaMA3-8B) was loaded in mixed-precision
(FP16/BF16) mode with deterministic decoding
(temperature=0.1, top-p=0.9) to ensure re-
producibility. For retrieval, we employed the
Anserini BM25 baseline and optional reranking with
ColBERTv2. All scripts, including rj pipeline.py,
prelabel qwen.py, and export qrels.py, were
executed within isolated virtual environments and
version-controlled under Git for complete traceability.

Each experiment was tracked with wandb.ai logging
for inference timing and memory profiling. The aver-
age inference speed was approximately 8.2 samples/sec
for Qwen2.5-3B and 19.5 samples/sec for StableLM 2-1
6B, with full runs (2,100 pairs) completing in under one
hour on a single GPU. All generated artifacts (TSV, CSV,
and JSONL files) were verified through the official NIST
check utility to ensure structural compliance and labeling
completeness before submission.

This environment ensured end-to-end reproducibil-
ity across manual, hybrid, and automatic configu-
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rations, aligning all submissions (hybrid.qwen.cal,
hybrid.stable1, hybrid.stable.loose2) under
identical runtime and data conditions.

4 Results
Table 1 reports the official label agreement results for the
submitted runs in the TREC 2025 RAGTIME Retrieval-
Augmented Generation (RAG) Relevance Judgment sub-
task, as released by the TREC Evalbase [12]. Perfor-
mance is evaluated using Cohen’s 𝜅 coefficient, together
with raw agreement, disagreement, and tie fractions, pro-
viding a comprehensive view of annotation consistency
under RAG-based relevance assessment.

Among the evaluated runs, hybrid.qwencon

achieves the highest 𝜅 value (0.050), followed by
hybrid.qwen.cal (0.040), indicating modest but con-
sistently positive agreement beyond chance. Although
absolute 𝜅 values are known to be low for justification-
level RAG evaluation, this behavior is expected, as an-
notators must jointly assess retrieval evidence, contextual
adequacy, and justification quality rather than binary topi-
cal relevance. Both runs also exhibit the highest agreement
fractions, suggesting that hybrid prompting and calibration
strategies contribute to more stable labeling behavior.

In contrast, runs such as stablelm2 rj v1 and the
stableri variants obtain near-zero or slightly negative
𝜅 values, reflecting substantial disagreement and a large
proportion of tied judgments. The elevated tie rates in-
dicate systematic uncertainty rather than random labeling
noise, highlighting the inherent difficulty of assigning fine-
grained relevance labels in retrieval-augmented generation
scenarios. Such outcomes are common in evaluation set-
tings where multiple valid interpretations of evidence sup-
port may coexist.

A cross-metric inspection reveals that agreement and
disagreement fractions provide complementary insights
beyond 𝜅 alone. In particular, runs with similar disagree-
ment levels can differ markedly in their tie distributions,
underscoring the importance of reporting raw label statis-
tics alongside chance-corrected measures. This observa-
tion supports the use of multi-faceted agreement analysis
for RAG evaluation, especially in tasks emphasizing justi-
fication and evidence quality.

Overall, the results indicate that tighter calibration and
hybrid prompting strategies improve labeling consistency
in RAG-based relevance judgment. At the same time, the
consistently low absolute agreement levels across all runs
emphasize the intrinsic ambiguity of the task. These find-
ings motivate future work on agreement-aware calibration,
improved annotation guidelines, and evaluation protocols
that explicitly account for uncertainty and tie behavior in
retrieval-augmented generation tasks.

Beyond Cohen’s 𝜅, the agreement, disagreement, and tie

fractions reported in Table 1 provide important comple-
mentary insights into the behavior of the evaluated labeling
configurations. While 𝜅 captures chance-corrected agree-
ment, the raw fractions reveal how often systems converge,
diverge, or abstain through tied judgments.

The runshybrid.qwencon andhybrid.qwen.cal ex-
hibit the highest agreement rates (0.250 and 0.260, respec-
tively), indicating that hybrid calibration strategies lead to
more frequent alignment with the reference judgments. At
the same time, both runs maintain identical disagreement
levels (0.730), suggesting that improvements in agreement
do not come at the expense of increased explicit conflict.
Instead, these systems reduce ambiguity by lowering the
proportion of ties, particularly in comparison to baseline
configurations.

In contrast, the semi-manual baseline
stablelm2 rj v1 shows a markedly different pro-
file. Although its disagreement rate (0.660) is lower than
that of the hybrid systems, this apparent improvement is
offset by a substantially higher tie fraction (0.420). This
pattern indicates systematic indecision rather than reliable
agreement, reflecting difficulty in consistently assigning
fine-grained justification labels without additional cal-
ibration or hybrid blending. As a result, the near-zero
𝜅 score of this run reflects limited practical agreement
despite fewer explicit disagreements.

The remaining hybrid variants, hybrid.stableri and
stable.loose2, occupy an intermediate regime. Both
achieve moderate agreement levels (0.240) but retain rela-
tively high tie fractions (0.150–0.160), leading to slightly
negative 𝜅 values. This behavior suggests that looser cali-
bration thresholds increase coverage but also amplify am-
biguity, yielding less stable labeling outcomes overall.

Taken together, these results demonstrate that agree-
ment, disagreement, and tie fractions must be interpreted
jointly when evaluating justification-level relevance judg-
ments. Hybrid systems with tighter calibration reduce tie
behavior and yield more stable annotation patterns, even
when absolute 𝜅 values remain low. This finding rein-
forces the view that low chance-corrected agreement is an
inherent property of justification-centric RAG evaluation,
rather than an indication of system failure.

Overall, the analysis confirms that hybrid prompting
and confidence calibration improve labeling consistency
by shifting uncertainty away from ties toward more de-
cisive judgments. These observations motivate future
work on agreement-aware calibration strategies and evalu-
ation protocols that explicitly model ambiguity and partial
agreement in retrieval-augmented generation tasks.
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Table 1: Official results for the DUTH submissions in the
TREC 2025 RAGTIME Retrieval-Augmented Genera-
tion (RAG) Relevance Judgment subtask (qrel eval),
as reported by the TREC Evalbase. Evaluation measures
inter-annotator label agreement using Cohen’s 𝜅, along
with agreement, disagreement, and tie fractions.

Run ID 𝜿 Agreement Disagreement Tie

hybrid.qwencon 0.050 0.250 0.730 0.120
hybrid.qwen.cal 0.040 0.260 0.730 0.110
stablelm2 rj v1 0.000 0.020 0.660 0.420
hybrid.stableri -0.010 0.240 0.700 0.150
stable.loose2 -0.010 0.240 0.700 0.160

5 Conclusion and Future Work
5.1 Conclusion
This study demonstrated a scalable and reproducible
framework for automatic justification assessment within
the TREC 2025 RAG track. By integrating open-weight
LLMs such as StableLM 2-1 6B and Qwen2.5-3B-
Instruct into a unified hybrid pipeline, we achieved stable
justification labeling across 105 queries and 2,100 docu-
ment segments. Our experiments showed that calibration-
based blending between semantic confidence and lexical
similarity yields balanced performance between coverage
and precision, particularly around the crucial justification
levels 2–3.

The system’s modular structure—combining retrieval,
automatic reasoning, and hybrid verification—proved ef-
fective for both manual and fully automatic submissions.
All final runs (hybrid.qwen.cal, hybrid.stable1,
and hybrid.stable.loose2) were validated success-
fully by NIST, confirming structural and semantic com-
pliance. These results highlight the potential of small
open-weight LLMs to provide interpretable and efficient
alternatives to proprietary models for large-scale relevance
judgment tasks.

5.2 Future Work
Future research will focus on three main directions. First,
we plan to explore larger multi-modal retrieval models that
integrate justification grounding across text and tables, im-
proving evidence attribution in RAG systems. Second, we
aim to extend the calibration framework to a cross-model
consensus setup, where independent LLMs generate prob-
abilistic agreement scores that dynamically adjust thresh-
olds per topic. Third, we intend to perform a correlation
study between automatic justification scores and end-to-
end RAG answer quality, quantifying how fine-grained
justification accuracy contributes to factual faithfulness in
generated responses.

Additionally, we plan to publicly release the DUTH
hybrid pipeline as an open-source toolkit, enabling other

research teams to replicate or extend our approach for fu-
ture TREC editions. By emphasizing transparency, open-
weight reproducibility, and hybrid reasoning, this line of
work contributes toward more interpretable and robust
evaluation frameworks for Retrieval-Augmented Gener-
ation.
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