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Abstract
Large Language Models (LLMs) are increasingly used as automated
judges (LLM judges) to evaluate Information Retrieval (IR) sys-
tems, offering a cost-effective complement to human assessments.
However, most prior work treats evaluation mainly as a tool for
comparison rather than as a signal for improving the retrieval
system. We study whether criterion grades from Multi-Criteria
LLM-Judge relevance labeling, which decomposes relevance into
Exactness, Coverage, Topicality, and Contextual Fit, can serve as
effective ranking features for learning-to-rank (L2R). We evaluate
this approach using manual relevance labels from TREC DL 2019,
DL 2020, and DL 2023. We then analyze how Multi-Criteria LLM-
Judge feature importance varies relative to retrieval scores across
IR system performance levels.

The results show that although weaker IR systems benefit the
most from this treatment, we see improvements ranging from 14%
to 36% in NDCG@20 across diverse IR systems. Contextual Fit often
becomes the primary discriminator, exceeding the importance of
the retrieval scores. As system quality increases, retrieval scores be-
come the dominant feature, with Multi-Criteria LLM-Judge grades
providing complementary, dataset-dependent signals. These find-
ings show that LLM-based relevance labeling can go beyond com-
parison by turning Multi-Criteria LLM-Judge grades into effective
ranking features for reranking.
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Figure 1: Multi-Criteria-L2R can improve any IR systemwith
Learning-To-Rank features derived from an LLM judge. The
evaluation uses only manual relevance judgments, unknown
to the LLM judge. The compound system is trained and eval-
uated via cross-validation.

1 Introduction
A recent trend in information retrieval experimentation is the use
of Large Language Models (LLMs) for automatic evaluation, com-
monly referred to as LLM judges. By providing scalable and cost-
effective relevance assessments, LLM judges become feasible op-
tions with which to evaluate modern IR systems at a scale that
would be impractical with human assessors alone, particularly
for retrieval-augmented generation (RAG) systems. As a result,
a growing body of work studies automated relevance assessment.
Some approaches directly prompt LLMs to assign relevance la-
bels [18, 27, 39, 41, 43], others use pairwise comparisons to rank
documents relative to each other [2, 34], while another line of work
decomposes relevance labeling into topical or criteria-based rubrics
that an LLM judge grades individually before aggregating them
into a final label [12, 19, 20, 33].

Although these approaches enable large-scale relevance labeling,
they are typically positioned as complements to human evaluation
and remain subject to skepticism regarding reliability and trans-
parency [6, 16, 18]. Rather than asking whether LLM judges can
replace human assessors, a more consequential question is whether
their judgments can be used to improve retrieval systems. Clarke
and Dietz [6] use LLM-based relevance judgments to perform final-
stage reranking of top-𝑘 results. Using human relevance judgments
from TREC RAG 24 [42] for validation, they report that reranking
retrieval output using the UMBRELA [43] prompt improves the
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performance of nearly all systems. This result suggests that LLM-
based relevance labeling can provide useful signals for ranking and
motivates further study of its utility for reranking.

Task Statement:We consider the task of ad hoc retrieval, where
given a query, the goal is to rank passages or documents by their
relevance. Given a query and passage, the relevance is specified
as a relevance label (0–3), where higher values refer to stronger
relevance.

With this perspective, we study how structured Multi-Criteria
LLM-Judge grades can be integrated into IR reranking to improve
the performance of the original system. We build on the Multi-
Criteria LLM-Judge framework [20], which generates more nuanced
judgments with grading Exactness, Coverage, Topicality, and Con-
textual Fit for relevance labeling and evaluation.We repurpose these
criterion-level grades as ranking features, along with the system’s
original retrieval score to rerank retrieved passages/documents.

We use manual relevance judgments to demonstrate that our
approach yields a genuine improvement. This avoids circularity,
since once LLM judge signals are integrated into the IR system, the
same approach used in LLM judge cannot be used for evaluation.

Contributions. Our key contribution is demonstrating that Multi-
Criteria LLM-Judge grades, originally designed for evaluation, can
be repurposed as effective ranking features to improve retrieval per-
formance. We show that these grades, built for assessment rather
than ranking, can be incorporated into a learning-to-rank frame-
work as ranking features yield measurable system improvements,
establishing a new use case for LLM-based relevance judgments
beyond evaluation.

Concretely, we propose a system-agnostic reranking approach
applicable to any first-stage retrieval system. Given the ranked list
of candidate passages/documents, we derive Multi-Criteria LLM-
Judge grades for each candidate. These grades, used as ranking
features alongside the original retrieval scores, form the input fea-
tures to a listwise L2R model. The model is trained to optimize
ranking quality against human relevance judgments.

We demonstrate that our approach significantly improves a wide
range of IR systems on standard datasets TREC DL 2019, DL 2020,
and DL 2023 using manual relevance judgments. We analyze when
and howMulti-Criteria LLM-Judge grades contribute to L2R rerank-
ing. Results show that our approach improves reranking perfor-
mance, yielding relative gains of 14 to 36% in NDCG@20 across a
wide range of IR systems and providing complementary ranking
signals beyond the retrieval scores.

2 Related Work
LLM-based relevance assessment in IR. The use of LLMs to
automate relevance assessments, often termed LLM judges, has
gained significant traction as a scalable complement to costly hu-
man annotations.

Direct prompting. Early point-wise approaches prompt an LLM
to directly assign a single relevance label to a query–document
pair [27, 41, 43]. Thomas et al. [41] first demonstrated that LLMs
can produce relevance labels that match real searcher preferences

as accurately as human labelers, using a zero-shot prompting ap-
proach that asks the model to consider aspects such as topicality
and trustworthiness before assigning an overall relevance label.
Inspired by that, UMBRELA [43] reproduced and open-sourced this
approach, assigning 0–3 graded relevance labels across TREC DL
2019–2023 with high correlation to human judgments and later
used it in TREC 2024 RAG Track to aid in relevance assessment.
These methods demonstrate promising correlations with human
judgments, suggesting that LLMs can be a complement to human
annotations. However, single-prompt point-wise LLM judges are
inherently opaque and collapsing multiple quality dimensions into
a single label results in information loss and inconsistencies [45].
Faggioli et al. [18] find reasonable correlation with human judg-
ments in pilot experiments but caution against fully automated
evaluation due to concerns around bias, consistency, and circularity.
Furthermore, these approaches often require the use of very large
models for adequate performance. Farzi et al. [21] demonstrate
that UMBRELA [43] requires GPT-4o-scale models to achieve reli-
able relevance labels, illustrating the limitations of single-prompt
point-wise relevance labeling with smaller LLMs.

Preference Judges. Other approaches use pairwise LLM relevance
labeling, where the LLM compares two documents and determines
which is more relevant to a query. Arabzadeh et al. [2] show that
preference-based comparison yields higher agreement with human
labels than point-wise scoring.

Nuggets and Rubrics. To improve the transparency and gran-
ularity of LLM-based evaluation, recent work decomposes rele-
vance into interpretable components rather than producing a sin-
gle opaque label. Multi-Criteria judges perform relevance judg-
ments along criteria such as Exactness, Coverage, Topicality, and
Contextual Fit [20] (See Section 3.2 for more details). Other work
decomposes the user information need into rubrics expressed as
subqueries [19], human-authored nuggets [28], or automatically
induced nuggets using LLMs [14, 33, 44], before aggregating them
into the final relevance labels using different approaches such as
taking a maximum or using another prompt.

LLM judges relevance labels as pseudo-ground truth. A
separate line of work uses LLM judges to generate relevance labels
as substitutes for human supervision. Rahmani et al. [35] create
fully synthetic test collections (both queries and judgments) for
retrieval evaluation. MacAvaney and Soldaini [27] propose one-
shot labeling to fill judgment holes in evaluation pools, finding
that LLM predictions can improve system ranking correlations yet
cannot reliably identify all relevant documents. Abbasiantaeb et
al. [1] find that LLM-generated relevance labels distort rankings
when used as ground truth, highlighting risks in treating LLM out-
puts as substitutes for human judgments. A related direction uses
LLM annotations as training supervision rather than evaluation
labels. Yu et al. [46] investigate whether LLM-based annotations
can substitute user clicks for training L2R models.

These approaches use LLM outputs as pseudo-ground truth,
risking distortion and circularity. Our work differs fundamentally in
that we use Multi-Criteria LLM-Judge grades, within an L2R model,
as ranking features alongside the retrieval score, while human
relevance judgments serve exclusively as training supervision and
evaluation gold standard.
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Learning-to-rank. Learning-to-rank is a supervised machine
learning technique that trains a model to optimally order a list of
passages/documents for a given query. L2R models are typically
categorized as point-wise, pairwise, or listwise, depending on how
they formulate the loss function [25]. Several supervised ranking
models have been suggested, such as SVMRank [5, 23], ListNet [4],
or LambdaMART [3]. For small feature sets, a simple linear model
that is directly optimized for a rank evaluation metric such as
(mean-)average precision with Coordinate-Ascent, often shows
very reliable results [29, 40].

Ranking paradigms. Point-wise approaches score the rele-
vance of each query-document pair independently and rank doc-
uments by their scores. Some prompt an LLM to directly assign a
relevance label to each pair [39], while others compute the likeli-
hood that a language model would generate the query given each
passage, with higher likelihood indicating greater relevance [17, 38].

Pairwise methods prompt the LLM to compare two documents
and determine which is more relevant to a query [34]. A final rank-
ing is then derived by aggregating these pairwise preferences across
document pairs. Traditionally, listwise approaches refer to directly
optimizing for a ranking evaluation metric such as MAP, rather
than using a pointwise or pairwise surrogate loss. More recently,
listwise LLM rerankers provide an entire list of passages in a single
prompt, instructing the model to return a ranked ordering of docu-
ments [26, 31, 32, 39]. To handle context length limitations, these
approaches employ sliding window strategies that progressively
rerank subsets of documents [26, 39]. Setwise methods [47] provide
an alternative approach to managing long candidate lists, offering
a middle ground between pairwise and listwise approaches.

While many recent approaches replace traditional learning-to-
rank with LLM-based rerankers [37, 47], supervised L2R baselines
can still outperform zero-shot LLM rerankers. Movin and Hauff [30]
find that find that supervised L2R (LambdaMART) outperforms
zero-shot LLM reranking on average when both operate on precom-
puted ranking features, though LLM rerankers excel on challenging
queries where traditional L2R struggles. This suggests potential
complementary strengths between the two approaches. However,
limited work has explored incorporating LLM-generated relevance
signals into classical L2R frameworks.

Motivation and positioning. LLM-as-a-judge protocols have
primarily been used for offline evaluation. However, Clarke and Di-
etz [6] demonstrated that when systems are sorted by UMBRELA’s
LLM-based relevance labels and evaluated against human judg-
ments from TREC RAG 24 [42], nearly all systems show improved
performance. This suggests that LLM-based relevance signals con-
tain useful ranking information beyond their role as evaluation
metrics. However, Clarke and Dietz raise critical concerns about cir-
cularity: once LLM-based signals are integrated into IR systems, the
same LLM cannot be used for evaluation, as this creates an invalid
feedback loop. Farzi and Dietz [21] show that Multi-Criteria LLM-
Judge framework consistently match or outperform UMBRELA [43]
across datasets and metrics, demonstrating the potential of struc-
tured multi-criteria judgments.

Motivated by these findings, we propose integratingMulti-Criteria
LLM-Judge grades as ranking features within a classical learning-to-
rank framework. This approach differs from direct LLM reranking
by combining structured LLM annotations with retrieval scores in

a supervised L2R model. Critically, we evaluate all improvements
using human relevance judgments to avoid circularity concerns, al-
lowing LLM-based features to enhance retrieval while maintaining
human judgments as the evaluation gold standard.

3 Approach: Learning-to-Rank with
Multi-Criteria LLM Annotations

Our approach is a general-purpose reranking method applicable
to any IR system, using structured LLM-Judge grades as ranking
features in a traditional L2R reranking pipeline. The first-stage IR
system assigns each retrieved passage/document a retrieval score
(OrigScore). The LLM judge assigns a criterion grade (0–3) per
relevance criteria (Exactness, Coverage, Topicality, Contextual Fit)
for each query–passage pair. We refer to this set of four grades as
Multi-Criteria LLM-Judge grades, and, when used in reranking, as
Multi-Criteria LLM-Judge features. These features, together with
the original retrieval score, form the input ranking features to
the L2R model, which is trained against human relevance labels
from TREC. The resulting compound system is referred to as Multi-
Criteria-L2R.

The pipeline consists of three stages:

3.1 Stage 1: Candidates:
For a given query and IR system, we begin with the candidate
documents retrieved by that system. Each retrieved document is
associated with the system’s original retrieval score (OrigScore),
which we retain as a ranking feature. Our approach is applied inde-
pendently to each IR system, without pooling candidate documents
across different systems.

3.2 Stage 2: Features
In the second stage, we decompose relevance into four comple-
mentary dimensions following the Multi-Criteria framework [20]:
Exactness, Coverage, Topicality, and Contextual Fit, with the follow-
ing descriptions:

Exactness: How precisely does the passage answer the
query?
Topicality: Is the passage about the same subject as the
whole query (not only a single word of it)?
Coverage: How much of the passage is dedicated to dis-
cussing the query and its related topics?
Contextual Fit: Does the passage provide relevant back-
ground or context?

For each query–passage pair, we prompt an LLM with criterion-
specific instructions (Table 1) to assign a criterion grade on a 0–3
scale, aligned with the datasets’ grading scale. The prompts include
the criterion name, its description, the query, and the passage. Ex-
plicitly decomposing relevance improves performance for smaller
models [20] and produces interpretable relevance grades. Each can-
didate document, already associated with a retrieval score, is now
additionally represented by four more ranking features.

For a given passage, each criterion grade is generated once in a
zero-shot, point-wise manner using the prompt in Table 1. During
this process, no access to human relevance judgments is permitted.
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Table 1: System messages and prompts for criterion-specific
grading. Variables denoted in blue, such as Criterion Name
or Query are replaced with respective content. The question
mark from the Criterion Description is removed to fit the
grammatical form. Prompts are designed for chat completion
models. For models that do not support chat completion both
messages can be concatenated.

Criterion-Specific Grading

System Message:
Please assess how well the provided passage meets specific criteria in
relation to the query. Use the following scoring scale (0-3) for evaluation:
0: Not relevant at all / No information provided.
1: Marginally relevant / Partially addresses the criterion.
2: Fairly relevant / Adequately addresses the criterion.
3: Highly relevant / Fully satisfies the criterion.

Prompt: Please rate how well the given passage meets the {Criterion
Name} criterion in relation to the query. The output should be a single
score (0-3) indicating {Criterion Description}.
Query: {Query}
Passage: {Passage}
Score:

Prior work shows that aggregating these Multi-Criteria LLM-
Judge grades into relevance labels achieves very high agreement
with human judgments at the system level (Spearman 𝜌 ≈ 0.99,
Kendall’s 𝜏 ≈ 0.92–0.95) across different LLMs on TREC DL 2019,
DL 2020, and DL 2023 [20]. These criterion grades serve as ranking
features in the downstream learning-to-rank model.

3.3 Stage 3: Learning-To-Rank
L2R training. In this stage, candidate passages are reranked using

a listwise L2R model that integrates the Multi-Criteria LLM-Judge
grades produced by an LLM in Stage 2. The feature set consists
of the four criterion-level grades (Exactness, Coverage, Topicality,
Contextual Fit) together with the original retrieval score (OrigScore).
We train a listwise L2R model to learn a weighted combination of
these five features.We useMulti-Criteria LLM-Judge grades as input
features while training on human relevance judgments. This allows
the model to learn how these features relate to human relevance.
Training is performed only on queries in the training split, and the
learned model is applied to rerank held-out queries of the same IR
system run.

L2R prediction. For each test query, the trained model uses the
feature vector of each candidate document to produce a reranked list
of documents, applying the learned weights to reorder documents.

4 Experimental Evaluation
4.1 Experimental Setup

Datasets. We evaluate the effectiveness of our reranking ap-
proach on multiple benchmark IR system runs from TREC DL
2019, DL 2020, and DL 2023, spanning diverse query types and
systems with human-annotated relevance labels. These IR systems
cover a range of retrieval paradigms, including lexical baselines,

neural rankers, and prompt-based methods, enabling principled
comparison across systems.

DL 2019: Passage retrieval systems from the TRECDeep Learn-
ing Track 2019 [10].

DL 2020: Passage retrieval systems from the TRECDeep Learn-
ing Track 2020 [7].

DL 2023: Systems submitted to TREC DL 2023 with duplicates
removed from corpus [36].1

Statistics about these datasets, including the number of submitted
systems, queries, and the distribution of label statistics, are pro-
vided in Table 3. We omit TREC DL 2021 and TREC DL 2022 due
to concerns about incomplete relevance judgments arising from
the substantial increase in collection size without a corresponding
increase in assessment effort, which may affect evaluation reliabil-
ity [8].We primarily report NDCG@20 to evaluate graded relevance
at top ranks, following the use of NDCG as the primary metric in
TREC Deep Learning evaluations (typically reported at @10) [7, 9–
11] and prior reranking studies [6]. For completeness, we also report
MAP@20 results in the Appendix (Table 5), to confirm consistent
improvements across both metrics.

LLM models. We generate Multi-Criteria LLM-Judge grades us-
ing three openly available instruction-tuned LLMs spanning dif-
ferent model families and sizes, allowing us to study the impact of
model scale on LLM-based annotation quality. Multi-Criteria LLM-
Judge grades are generated once per LLM for all query–passage
pairs and treated as fixed ranking features. These annotations are
reused across reranking experiments for different IR system runs,
while the L2R model is trained separately for each run using only
features from its training queries.

LLaMA-3-8B: 2 An 8B-parameter instruction-tunedmodel from
the LLaMA 3 family, representing a compact but strong
general-purpose LLM suitable for efficient annotation.

LLaMA-3.3-70B: 3 A 70B-parameter instruction-tuned model
from the same LLaMA 3 family, providing a high-capacity
variant to assess the effect of larger models on Multi-Criteria
grading quality.

FLAN-T5-large: 4 A 780M-parameter encoder–decoder model
from the FLAN-T5 family, used as a smaller, non-LLaMA
baseline to contrast lightweight sequence-to-sequence mod-
els with modern decoder-only LLMs.

Learning-to-rank training. We train the learning-to-rank model
using RankLips [13],5 a listwise L2R framework that directly opti-
mizes for the training evaluation metric with coordinate ascent and
smart caching. Training optimizes for (mean-) average precision
which, due to its smooth objective surface, has been found to ob-
tain the best downstream results, even when the target evaluation
metric is NDCG.

We use five-fold cross-validation (80% train, 20% held-out per
fold) over queries. This prevents test-data contamination by en-
suring no query is seen during both training and evaluation. This
approach ensures the learned weights are never optimized with
1Available at https://llm4eval.github.io/LLMJudge-benchmark/
2https://huggingface.co/meta-llama/Meta-Llama-3-8B-Instruct
3https://api.together.xyz/models/meta-llama/Llama-3.3-70B-Instruct-Turbo
4https://huggingface.co/google/flan-t5-large
5https://www.cs.unh.edu/~dietz/rank-lips/

https://llm4eval.github.io/LLMJudge-benchmark/
https://huggingface.co/meta-llama/Meta-Llama-3-8B-Instruct
https://api.together.xyz/models/meta-llama/Llama-3.3-70B-Instruct-Turbo
https://huggingface.co/google/flan-t5-large
https://www.cs.unh.edu/~dietz/rank-lips/
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Table 2: Mean absolute gain (Δ NDCG@20) and geometric mean gain ratios (𝐺 NDCG@20) of NDCG@20 for systems in which the
L2R model combines all Multi-Criteria LLM-Judge grades as ranking features (exactness, coverage, topicality, contextual fit)
with the original system retrieval score. Results are across three datasets and grouped by base performance percentiles. For
Δ NDCG@20, higher values indicate greater improvement. For𝐺 NDCG@20, values above 1.0 indicate improvement, 1.0 indicates no
change, and values below 1.0 indicate a decrease in performance.

Model
System Δ NDCG@20 / 𝐺 NDCG@20

0–5% 5–25% 25–50% 50–75% 75–95% 95–100% 0–100%

TREC DL 2019

FLAN-T5-large 0.234/ 2.739 0.185/ 1.413 0.104/ 1.200 0.050/ 1.082 0.010/ 1.015 0.016/ 1.022 0.090/ 1.209

LLaMA-3-8B 0.209/ 2.566 0.172/ 1.384 0.095/ 1.183 0.056/ 1.091 0.020/ 1.028 0.033/ 1.047 0.088/ 1.203

LLaMA-3.3-70B 0.275/ 2.949 0.253/ 1.567 0.146/ 1.276 0.089/ 1.144 0.042/ 1.061 0.058/ 1.081 0.134/ 1.290

TREC DL 2020

FLAN-T5-large 0.009/ 1.293 0.159/ 1.464 0.073/ 1.149 0.006/ 1.009 0.001/ 1.001 0.001/ 1.002 0.055/ 1.137

LLaMA-3-8B 0.006/ 1.293 0.196/ 1.464 0.094/ 1.149 0.094/ 1.014 -0.004/ 0.994 0.004/ 1.005 0.068/ 1.157

LLaMA-3.3-70B 0.008/ 1.253 0.308/ 1.855 0.196/ 1.385 0.080/ 1.123 0.042/ 1.060 0.026/ 1.035 0.145/ 1.303

TREC DL 2023

FLAN-T5-large 0.087/ 1.604 0.104/ 1.502 0.098/ 1.273 0.079/ 1.179 0.032/ 1.062 0.032/ 1.054 0.078/ 1.247

LLaMA-3-8B 0.094/ 1.656 0.100/ 1.467 0.132/ 1.368 0.094/ 1.213 0.045/ 1.087 0.022/ 1.038 0.091/ 1.277

LLaMA-3.3-70B 0.111/ 1.761 0.147/ 1.696 0.144/ 1.401 0.127/ 1.286 0.060/ 1.116 0.033/ 1.056 0.118/ 1.359

Table 3: Dataset Statistics

Manual Relevance Label Statistics
Systems Queries 0 1 2 3

DL 2019 36 43 5158 1601 1804 697
DL 2020 59 54 7780 1940 1020 646
DL 2023 35 25 2005 1233 808 377

knowledge of held-out queries, preventing test-data contamina-
tion. At test time, fold-specific models rerank only their respective
held-out queries; results are concatenated to produce a single cross-
validated reranked list for unbiased evaluation.

Features are Z-score normalized using mean and standard devia-
tion computed solely from the training queries of each fold (with
the same statistics applied to held-out queries during prediction),
accommodating varying score scales across retrieval systems and
LLM models. We employ mini-batches of size 100 along with 10
random restarts for robust convergence.

The graded TREC relevance judgments (0–3) are binarized prior
to training, as RankLips optimizes MAP and therefore requires bi-
nary labels. For each system run, the training set consists of all
retrieved query–document pairs from the training queries. The orig-
inal retrieval score (OrigScore) is included as a feature alongside
the four Multi-Criteria LLM-Judge features. Documents without
manual relevance labels are assigned a default value of −99 for all
Multi-Criteria LLM-Judge features. During training, they are as-
signed a NotRelevant label. The resulting ranked lists are evaluated
with trec_eval, which restricts metric computation to documents
with manual relevance judgments.

Multi-Criteria-L2R treatment evaluation. We measure the rank-
ing quality improvements introduced by our treatment, applying
Multi-Criteria-L2R reranking to each existing IR system run, con-
sidering both absolute and relative improvements in the evalua-
tion metric NDCG@20. For each system run 𝑠 ∈ 𝑆 , we compare
the original IR system’s ranking quality, denoted NDCG@20orig𝑠 ,
with the ranking quality after applying Multi-Criteria-L2R, denoted
NDCG@20Multi-Criteria-L2R

𝑠 .
The absolute gain is defined as

Δ𝑠 = NDCG@20Multi-Criteria-L2R
𝑠 − NDCG@20orig𝑠 ,

and the gain ratio as

𝐺𝑠 =
NDCG@20Multi-Criteria-L2R

𝑠

NDCG@20orig𝑠

.

To aggregate relative improvements across heterogeneous IR sys-
tems, we report the geometric mean gain ratio:

𝐺 NDCG@20 = exp

(
1
|𝑆 |

∑︁
𝑠∈𝑆

log𝐺𝑠

)
,

together with the mean absolute gain

Δ NDCG@20 =
1
|𝑆 |

∑︁
𝑠∈𝑆

Δ𝑠 .

Compared methods. We compare each original IR system run
against its Multi-Criteria-L2R reranked counterpart produced by
our proposed treatment. The goal is to quantify how reranking with
Multi-Criteria LLM-Judge features improves the original system.

We expect some systems to have already included an LLM-Judge
reranking approach as part of their system (e.g., run Naverloo
from h2oloo [24]). Such systems will likely not benefit from an
additional LLM-Judge re-ranking as much as other systems.
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To gain insights into which systems benefit most, e.g., low-
ranked vs high-ranked, we categorize IR systems into percentile
ranges based on their original performance: 0–5%, 5–25%, 25–50%
(lower inter-quartile range), 50–75% (upper inter-quartile range),
75–95%, 95–100%, and 0–100% (full range).

4.2 Reranking Performance
We evaluate the effectiveness of Multi-Criteria-L2R across three
dimensions. First, we assess overall reranking improvements (Sec-
tion 4.2.1). Second, we analyze how gains vary across different IR
system performance levels and datasets (Section 4.2.2). Finally, we
examine the impact of LLM model choice and the relative impor-
tance of different features (Section 4.2.3).

4.2.1 Reranking Improvement with Multi-Criteria LLM-Judge Anno-
tations. Table 2 reports NDCG@20 improvements on three TREC
datasets, including both the absolute gain (Δ = 𝐴 − 𝐵) and the gain
ratio (𝐺 = 𝐴

𝐵
) under our treatment for each IR system. Relative

improvements are aggregated using the geometric mean gain ratio
(𝐺 NDCG@20).

The results show that treating input IR systems with our Multi-
Criteria-L2R consistently improves ranking performance. As shown
in the last column of Table 2 and in Figure 2, nearly all models yield
positive gains across datasets, with𝐺 NDCG@20 values ranging from
1.14 to 1.36, corresponding to 14% to 36% relative improvement in
NDCG@20.

When the original system retrieves a high-recall set of docu-
ments, Multi-Criteria-L2R can substantially refine their ordering,
including for already strong IR systems. A small number of mid-tier
systems in DL 2019 and weak systems in DL 2020 exhibit little to
no change after reranking. In these cases, the original systems did
not retrieve many of the relevant documents, and the re-ranker
could not reconcile this shortcoming. Even already strong systems
(75% to 100% range) improve with our approach. Except for one
case, no system performs worse when our treatment is applied,
demonstrating that Multi-Criteria LLM-Judge grades are valuable
ranking features for improving systems’ ranking performance.

4.2.2 Effectiveness of Multi-Criteria Reranking Across IR System
Performance Levels and Datasets.

System Performance improvements. Ranking quality improve-
ments vary significantly with the original performance of the IR
system across datasets. Table 2 shows systems in the bottom quar-
tile (0% to 25% range) obtain the largest relative improvements, with
geometric mean gain ratios (𝐺 NDCG@20) corresponding to roughly
+25% to +195% across collections. The weaker models consistently
exhibit greater headroom for improvement at lower performance
levels: IR systems in the 25% to 50% range typically see noticeable
improvements (about +15% to +40%), while higher-performing IR
systems (50% to 95% range) experience modest gains (up to +12%).
For the strongest IR systems (95% to 100% range), improvements
are naturally small but consistent (up to +8%). These trends arise
because Multi-Criteria-L2R can only reorder documents retrieved
by the original IR system. If the first-stage retrieval fails to retrieve
enough relevant documents, reranking has a limited opportunity
to improve the ranking. In contrast, systems with reasonable recall

but weak initial ordering benefit most, since relevant documents
already present at lower ranks can be moved upward.

Overall, Multi-Criteria LLM-Judge features provide information
that is complementary to the original system’s retrieval scores, and
hence manifests in significant across-the-board system improve-
ments via our treatment.

Dataset differences. To compare datasets under comparable
conditions, we focus on mid-tier IR systems, where rankings are
neither dominated by weak initial retrieval nor saturated by near-
optimal performance, leaving meaningful headroom for additional
gains from reranking.

On DL 2019, Multi-Criteria-L2R delivers moderate, steady gains
(+20 to +30% for lower mid-tier systems) that taper smoothly but
remain positive even for stronger systems. The treatment on DL
2020 shows the most dramatic improvements; lower mid-tier sys-
tems benefit substantially. After applying Multi-Criteria-L2R on
DL 2023 IR systems, there are sustained gains of +20-40% across all
mid-tier systems with noticeable benefits even for the strongest IR
systems, proving Multi-Criteria-L2R’s effectiveness across varying
performance levels on this challenging collection.

4.2.3 LLM Model Impact and Feature Importance in Multi-Criteria-
L2R.

Which LLM model produces the most effective grades for
reranking? Figure 2 shows that grades derived from LLaMA-3.3-
70B consistently yield higher gains across all three datasets. This
indicates that largermodels tend to producemore informativeMulti-
Criteria LLM-Judge grades for reranking. Compared to the smaller
models FLAN-T5-large and LLaMA-3-8B, LLaMA-3.3-70B achieves
the highest geometric mean gain ratios (𝐺 NDCG@20), suggesting
that its annotations better complement the retrieval scores of input
IR systems.

How important are Multi-Criteria LLM-Judge grades com-
pared to the retrieval score? According to Figure 4, the original
system’s retrieval score (OrigScore) dominates in the high perfor-
mance bracket (75% to 100% range ). Despite OrigScore being the
most influential feature for already strong systems, incorporating
the Multi-Criteria LLM-Judge grades as ranking features still im-
proves NDCG@20 by up to 12% for strong systems (75% to 100%
range) across datasets and models.

At lower performance levels (0% to 50% range), Multi-Criteria
features become most influential. This suggests that weaker IR
systems can be much improved with Multi-Criteria-L2R treatment.

Even high-performing systems (Figure 4) improve noticeably
with the Multi-Criteria-L2R treatment, revealing that these features
provide valuable ranking information that strong systems do not
fully exploit on their own. This pattern is consistent across model
architectures and sizes, from FLAN-T5-large through LLaMA-3-
8B to LLaMA-3.3-70B. This demonstrates that the effect of these
features in ranking is robust across models.

How does the choice of LLM model affect which criterion
gradesmattermost? Figure 3 illustrates distinct feature-importance
patterns across the three LLM models. With FLAN-T5-large, the
original system retrieval score (OrigScore) dominates across nearly
all performance percentiles, especially for top-performing systems
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Figure 2: NDCG@20 before and after Multi-Criteria-L2R reranking across IR systems on TREC DL 2019, DL 2020, and DL
2023. Blue bars show the original systems’ ranking performances, while red, green, and orange bars show the NDCG@20 of
reranked results using Multi-Criteria LLM-Judge grades as ranking features derived from FLAN-T5-large, LLaMA-3-8B, and
LLaMA-3.3-70B. Systems are ordered by original performance. Reranking improves ranking quality for the vast majority of IR
systems across performance levels.

(95% to 100% range). The Multi-Criteria LLM-Judge features (Ex-
actness, Coverage, Topicality, Contextual Fit) play supplementary
but limited roles, demonstrating moderate importance primarily in
mid-tier systems.

LLaMA-3-8B yields more balanced feature utilization. In particu-
lar, the Contextual Fit criterion becomes the most influential feature

for low- to mid-performing systems. Although the original system’s
retrieval score (OrigScore) remains dominant for strong systems,
the Multi-Criteria LLM-Judge features obtained with LLaMA-3-8B
are more helpful than those obtained with FLAN-T5-large.

LLaMA-3.3-70B exhibits the most varied feature importance
distribution. Exactness plays a strong role for weak and mid-tier
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Figure 3: Frequency of features being the most important across performance percentiles, averaged for each model. Each
subplot represents a single model, and bars show the percentage of fold-level models (from 5-fold cross-validation) in which
a feature was the top contributor within systems of that model. Systems are grouped by performance percentile based on
NDCG@20, and values are averaged across all datasets for that model.

systems, while the original system’s retrieval score (OrigScore) is
less dominant thanwith FLAN-T5-large. Criterion grades contribute
varyingly as ranking features across performance ranges, indicating
richer and less redundant signals.

Overall, these patterns suggest that larger and more capable LLM
judges generate Multi-Criteria annotations that provide essential
information complementary to the system’s retrieval score. These
model-specific patterns align with the aggregate performance met-
rics in Table 2, where LLaMA-3.3-70B consistently achieves the
highest geometric mean gain ratios across all datasets and perfor-
mance ranges.

4.3 Ablation Study: Contribution of Individual
Multi-Criteria LLM-Judge Grades

The ablation results in Table 4 confirm that using all four Multi-
Criteria LLM-Judge features along with the retrieval score is the
most robust configuration, remaining strictly positive across all nine
dataset–model combinations and achieving the highest ΔNDCG@20
almost all cases. Leave-one-out configurations are generally ro-
bust. Removing any single criterion grade from features causes
only marginal degradation, typically within 0.01–0.02 in ΔNDCG@20,
demonstrating that the four Multi-Criteria LLM-Judge features pro-
vide complementary signals. Real performance drops occur only
when the feature set is reduced to one or two criteria, particu-
larly with smaller models on DL 2020 (T_only with LLaMA-3-8B:
Δ=-0.134), confirming that considering all four Multi-Criteria LLM-
Judge features is especially critical when the LLM judge model is
smaller or less capable. Model size mediates feature robustness.
With LLaMA-3.3-70B, even single-criterion configurations mostly

yield positive gains, whereas FLAN-T5-large and LLaMA-3-8B re-
quire the full combination to avoid degradation, confirming that
smaller judges produce noisier individual criterion-level grades.
This further motivates the all-four setting as the safest practical
choice across model sizes.

Performance sensitivity is strongest on DL 2020, where many
reduced-feature settings become negative, whereas DL 2019 and DL
2023 remain mostly positive. Model size also mediates robustness,
with LLaMA-3.3-70B, even single-criterion settings are usually ben-
eficial, while FLAN-T5-large and LLaMA-3-8B depend more heavily
on combining all four Multi-Criteria LLM-Judge features.

Among individual features, single-criterion settings are gen-
erally unreliable, with Topicality in isolation being particularly
inconsistent across datasets and models. Minor reversals between
ΔNDCG@20 and 𝐺NDCG@20 occur because they capture absolute ver-
sus proportional gains, respectively. A configuration with higher
mean score gains can still have a slightly lower geometric gain
ratio when those gains occur mainly on already strong baseline
systems, where equal absolute improvements correspond to smaller
relative changes. An example is T_CFwith LLaMA-3-8B on DL 2023
(0.088/1.278 vs. all-4’s 0.091/1.277). The all-4 leads in absolute gain
while T_CF leads marginally in geometric gain ratio, reflecting that
𝐺NDCG@20 amplifies proportional gains on weaker baseline systems
while ΔNDCG@20 captures absolute improvement across all systems.

4.4 Efficiency and Runtime
In addition to effectiveness, we report on runtime to assess practical
feasibility, separating the cost of learning-to-rank (L2R) training
and the inference required for criterion-grade generation. Across
DL 2023 systems, L2R training required on average 12.1 seconds
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Figure 4: This heatmap shows the most frequently dominant feature for each model–dataset combination across performance
percentiles. Each cell lists the feature name and the percentage of cross-validation folds (out of five) in which it was the most
important, providing a summary of feature dominance trends. Colors indicate the percentage (cooler = lower, warmer = higher).
Percentiles are on the x-axis, and model–dataset pairs are on the y-axis. Dominance shifts from criteria (low perf.) to OrigScore
(high perf.), consistent across models/datasets.

(min: 5.0 s, max: 18.0 s), and reranking took 11.7 seconds on av-
erage (min: 6.0 s, max: 17.0 s). Overall, the L2R process (training
+ reranking) averaged 23.8 seconds per system (range: 11 to 35
s), making reranking itself computationally lightweight with the
high-performance RankLips implementation.

In our current LLM implementation that uses LLM-prompts on
a commercial endpoint, Multi-Criteria annotation takes approxi-
mately 0.24 seconds per query–document pair on average. Impor-
tantly, annotation is performed once and cached for reuse across
folds and input systems, amortizing the cost over all experiments.
We emphasize that the goal of this work is not to minimize an-
notation latency, but to demonstrate the extent to which richer
LLM-based relevance signals can improve original IR systems when
integrated into listwise L2R model. We note the increased preva-
lence of massive LLM-based applications, with LLM-controlled
agentic pipelines that utilize large context windows. Hence, we
anticipate that the costs/time for prompting will only improve with
the advent of inference accelerators. This would make our approach
viable for deployment, at least for top-𝑘 re-ranking.

5 Constraints on Evaluation with LLM Judges
An important consideration in our design is that folding an LLM-
judge into the system pipeline introduces a degree of circular-
ity, a vulnerability discussed in prior work on LLM-based eval-
uation [6, 15, 16, 18]. Once judge-derived signals become part of
the ranking pipeline, that same judge family should not be reused
as an external evaluator, as this would compromise independence
and could overstate gains. We view this as a methodological con-
straint rather than a limitation of the approach itself: evaluation
components repurposed as system components must be paired with
external, independently constructed test protocols.

For this reason, all results in this study are reported against
manual TREC relevance judgments, ensuring that our empirical
findings remain independent of the judge signals used inside the
reranking model. More broadly, this setting exemplifies a form of
judge–system entanglement, in which the boundary between evalu-
ation machinery and system logic becomes porous. This highlights
the need for evaluation frameworks that explicitly account for such
entanglement [22], and for benchmarks that remain robust even
when judge-style components are internalized into retrieval and
generation systems.
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Table 4: Mean absolute gain (ΔNDCG@20) and geometric mean gain ratios (𝐺NDCG@20) for the ablation study. Each configuration
uses the original retrieval score (OrigScore) along with the indicated subset of Multi-Criteria LLM-Judge features: All 4 uses
all criteria; no_X removes feature X; X_only uses only X; pair labels (e.g., E + CF) use only those two features. Values are
reported across TREC DL 2019, DL 2020, and DL 2023 for three judge models. Higher ΔNDCG@20 is better;𝐺NDCG@20 > 1 indicates
improvement. E = Exactness, C = Coverage, T = Topicality, CF = Contextual Fit.

Δ NDCG@20 / 𝐺 NDCG@20

Features
DL 2019 DL 2020 DL 2023

FLAN-T5-
large

LLaMA-3-8B LLaMA-3.3-
70B

FLAN-T5-
large

LLaMA-3-8B LLaMA-3.3-
70B

FLAN-T5-
large

LLaMA-3-8B LLaMA-3.3-
70B

All 4 0.090/1.209 0.088/1.203 0.134/1.290 0.055/1.137 0.068/1.157 0.145/1.303 0.078/1.247 0.091/1.277 0.118/1.359

no_E 0.028/1.097 0.021/1.083 0.093/1.216 −0.068/0.913 −0.017/1.005 0.074/1.185 0.046/1.168 0.083/1.266 0.113/1.348
no_C 0.043/1.125 0.039/1.116 0.106/1.240 −0.057/0.935 −0.013/1.017 0.116/1.251 0.059/1.202 0.086/1.272 0.118/1.360
no_T 0.008/1.060 0.030/1.100 0.114/1.255 −0.079/0.892 −0.012/1.014 0.116/1.252 0.060/1.204 0.082/1.261 0.125/1.378
no_CF 0.029/1.099 0.024/1.090 0.114/1.255 −0.056/0.937 −0.025/0.997 0.107/1.243 0.061/1.210 0.082/1.260 0.114/1.352

E_only −0.020/1.008 −0.010/1.025 0.084/1.199 −0.089/0.877 −0.070/0.912 0.089/1.210 0.057/1.200 0.070/1.231 0.105/1.326
C_only −0.021/1.006 −0.030/0.990 0.058/1.152 −0.102/0.852 −0.064/0.925 0.045/1.131 0.051/1.185 0.065/1.215 0.102/1.321
T_only 0.006/1.055 −0.060/0.933 0.015/1.073 −0.079/0.896 −0.134/0.792 −0.006/1.036 0.045/1.171 0.052/1.180 0.077/1.251
CF_only −0.036/0.977 0.007/1.057 0.068/1.169 −0.124/0.810 −0.036/0.977 0.056/1.150 0.045/1.169 0.082/1.259 0.102/1.318

E + C 0.002/1.049 0.012/1.066 0.109/1.246 −0.076/0.901 −0.037/0.976 0.105/1.234 0.065/1.220 0.077/1.249 0.121/1.369
E + T 0.038/1.115 0.011/1.065 0.101/1.231 −0.050/0.949 −0.045/0.959 0.097/1.222 0.059/1.205 0.080/1.255 0.109/1.337
E + CF −0.005/1.036 0.033/1.104 0.104/1.236 −0.092/0.870 −0.017/1.009 0.114/1.248 0.060/1.205 0.080/1.254 0.119/1.361
C + T 0.017/1.077 −0.008/1.030 0.071/1.175 −0.071/0.910 −0.050/0.950 0.051/1.142 0.047/1.178 0.074/1.241 0.105/1.332
C + CF 0.004/1.053 0.013/1.068 0.089/1.207 −0.090/0.871 −0.020/1.001 0.074/1.184 0.047/1.173 0.080/1.258 0.117/1.361
T + CF 0.033/1.107 0.013/1.067 0.077/1.187 −0.067/0.918 −0.031/0.983 0.063/1.164 0.050/1.183 0.088/1.278 0.100/1.315

Limitations. Our evaluation is conducted on TREC DL 2019, 2022,
and 2023 system runs, which reflect the retrieval landscape of that
period. These collections include many traditional systems such as
BM25 and keyword-based models, as well as early neural rankers,
but are missing many more recent LLM-enabled retrieval systems.
It is possible that systems which already incorporate LLM-based
reranking as part of their pipeline would benefit less from our treat-
ment, since the complementary Multi-Criteria LLM-Judge features
may already be partially captured by their existing components.
The generalizability of our findings to more recent, LLM-heavy
system landscapes remains an open question.

6 Conclusion
We introduce Multi-Criteria-L2R, a treatment for improving the
quality of any input IR system. Our approach builds on a successful
implementation of the Multi-Criteria LLM-Judge, previously vali-
dated in the LLM-Judge Challenge [20]. Rather than confining the
LLM-judge to the evaluation side—its original purpose—we incor-
porate it directly into the IR system itself. Concretely, we propose a
re-ranking framework in which criterion grades are used as ranking
features alongside the original system’s retrieval score, inspired by
Clarke and Dietz [6].

Across three TREC benchmarks, we show that the vast majority
of IR systems benefit from this treatment, often with substantial im-
provements ranging from +14% to +36% relative gains in NDCG@20
as measured against manual relevance judgments.

Our findings show that Multi-Criteria LLM-Judge ideas can di-
rectly improve IR systems, not merely to generate training data [35].
This marks a paradigm shift in which evaluation methods are ele-
vated into core system components rather than remaining external
scoring tools. By re-purposing evaluation machinery as part of
the retrieval and generation pipeline, these methods lend their
strengths directly to the system and translate into immediate, tan-
gible benefits for users.
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A Appendix
A.1 MAP@20 Results
To provide a fair comparison with NDCG@20, we also evaluate
improvements using MAP@20 (Mean Average Precision at rank
20). While NDCG@20 uses logarithmic discounting and graded rel-
evance, MAP@20 treats relevance as binary and computes average
precision within the top 20 positions. Both metrics evaluate the
same ranking depth.

Table 5 presents both metrics side-by-side, using the same eval-
uation methodology (absolute gain Δ, gain ratio 𝐺 , and geometric
mean gain ratio 𝐺) as defined in Section 4. The patterns are con-
sistent: MAP@20 improvements mirror NDCG@20, with largest
gains in lower-performing systems (0% to 25% range) diminishing
as system quality increases. Similar geometric mean gain ratios
in the 0% to 100% range confirm that Multi-Criteria-L2R improves
retrieval systems across both graded relevance (NDCG@20) and
binary precision-based (MAP@20) evaluation frameworks.
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Table 5: Mean absolute gain (ΔMAP@20) and geometric mean gain ratios (𝐺 MAP@20) of MAP@20 for systems in which the
learning-to-rank model (L2R) combines all Multi-Criteria LLM-Judge grades as ranking features (exactness, coverage, topicality,
contextual fit) with the original system retrieval score. This table parallels Table 2 but evaluates using MAP@20 instead of
NDCG@20. Results are across three datasets and grouped by base performance percentiles. For ΔMAP@20, higher values indicate
greater improvement. For 𝐺 MAP@20, values above 1.0 indicate improvement, equal to 1.0 indicates no change, and values below
1.0 indicate a decrease in performance.

Model
System Δ MAP@20 / 𝐺 MAP@20

0–5% 5–25% 25–50% 50–75% 75–95% 95–100% 0–100%

TREC DL 2019

FLAN-T5-large 0.108/ 4.124 0.105/ 1.626 0.056/ 1.261 0.028/ 1.104 0.005/ 1.017 0.012/ 1.035 0.051/ 1.306

LLaMA-3-8B 0.102/ 3.907 0.102/ 1.611 0.053/ 1.242 0.036/ 1.134 0.019/ 1.060 0.025/ 1.078 0.054/ 1.316

LLaMA-3.3-70B 0.131/ 4.516 0.152/ 1.906 0.085/ 1.386 0.059/ 1.218 0.035/ 1.111 0.054/ 1.164 0.084/ 1.455

TREC DL 2020

FLAN-T5-large 0.002/ 1.241 0.107/ 1.585 0.047/ 1.172 -0.001/ 0.997 0.002/ 1.004 -0.004/ 0.992 0.034/ 1.156

LLaMA-3-8B 0.002/ 1.160 0.133/ 1.720 0.061/ 1.219 0.001/ 1.002 -0.000/ 1.000 -0.001/ 0.997 0.043/ 1.184

LLaMA-3.3-70B 0.001/ 1.136 0.246/ 2.322 0.151/ 1.531 0.062/ 1.156 0.031/ 1.073 0.009/ 1.019 0.111/ 1.402

TREC DL 2023

FLAN-T5-large 0.023/ 1.613 0.035/ 1.583 0.033/ 1.286 0.032/ 1.190 0.011/ 1.054 0.011/ 1.044 0.028/ 1.272

LLaMA-3-8B 0.026/ 1.687 0.026/ 1.354 0.055/ 1.469 0.043/ 1.258 0.011/ 1.054 0.005/ 1.019 0.035/ 1.296

LLaMA-3.3-70B 0.033/ 1.871 0.060/ 1.947 0.062/ 1.515 0.063/ 1.370 0.023/ 1.119 0.002/ 1.008 0.051/ 1.462
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