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Abstract

Retrieval-Augmented Generation (RAG) systems increasingly rely
on retrieved documents to ground large language model outputs,
yet evaluating whether those documents are truly useful for gen-
eration remains an open challenge. Recent work has shown that
retrieval quality measured by conventional relevance-based metrics
does not necessarily align with end-to-end RAG performance: a
document judged relevant to a query may not help the model an-
swer correctly, while an irrelevant document may actively distract
generation[6, 18, 24]. Existing utility-aware evaluation methods
address this limitation by estimating the utility of retrieved doc-
uments through isolated document-level probes. However, these
approaches estimate document utility independently of the rea-
soning process. We argue that a document is useful not because
it can answer a question in isolation, but because it contributes to
the reasoning process that produces the final answer. To capture
this behavior, we introduce Trace Utility Gain (TUG), a family of
retrieval evaluation metrics that estimate document utility directly
from chain-of-thought (CoT) reasoning traces generated over the
full retrieval context. Specifically, TUG measures utility through
three complementary signals: citation behavior, semantic alignment
between retrieved documents and reasoning traces, and model self-
assessment of document reliance. By estimating utility from the
model’s observed reasoning process, TUG captures how retrieved
evidence contributes to answer generation rather than how useful it
appears in isolation. We evaluate TUG on five question-answering
benchmarks using three instruction-tuned large language models.
Results show that TUG consistently achieves stronger correlation
with end-to-end answer correctness than both traditional retrieval
metrics and prior utility-aware approaches.
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1 Introduction

Retrieval-Augmented Generation (RAG) has become a standard par-
adigm for knowledge-intensive Natural Language Processing (NLP),
combining a retriever with a large language model (LLM) to provide
external evidence during generation [5, 12, 13].While retrieval often
improves factuality and access to up-to-date information, assessing
the quality of the retrieved context remains challenging. Traditional
retrieval evaluation relies on relevance judgments and rank-based
metrics. However, recent studies have shown that retrieval effec-
tiveness measured by these metrics correlates only weakly with
end-to-end RAG performance [21, 23]. A document judged relevant
by a human assessor may contribute little to the generated answer,
while another document may substantially support the model’s
reasoning process.

End-to-end evaluation, which directly measures generated an-
swer quality against reference outputs [17], provides a more faithful
assessment of the final RAG output but offers limited information
about how individual retrieved documents contribute to genera-
tion. This motivates retrieval evaluation methods that estimate not
only whether a document is relevant to the question, but whether
and how it is useful to the generator. The deeper issue is a mis-
match between how classical Information Retrieval (IR) metrics
characterize retrieval quality and how an LLM utilizes retrieved
information. Metrics such as nDCG, MAP, and MRR were designed
for human users who examine ranked results with diminishing
attention toward lower-ranked documents [4, 8, 16]. In contrast, an
LLM processes the retrieved context jointly and exhibits different
sensitivity to document ordering and positional effects [14]. Rele-
vance and generation utility are not equivalent. A document judged
relevant by a human assessor may contribute little to generation,
for example when its information is already available to the model
or when the model does not rely on it during reasoning. Conversely,
a document with modest relevance may provide evidence that is
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particularly useful for producing the answer. Therefore, relevance
does not necessarily imply utility for an LLM [1, 7].

Moreover, non-supporting documents are not always harmless.
Retrieved documents introduce distracting or conflicting evidence
that alters the model’s reasoning and degrades answer quality, with
different distractors producing substantially different levels of harm
[3, 9]. A useful RAG retrieval metric should capture the contribu-
tion of retrieved documents to the generation process rather than
treating retrieval quality as a function of human relevance alone.

Recent work has begun to move toward utility-oriented retrieval
evaluation. eRAG [2, 19] evaluates each query-document pair in-
dependently by conditioning the generator on a single retrieved
document and measuring the quality of the resulting answer. These
per-document answer-quality scores are then treated as generator-
oriented utility signals and aggregated across the retrieved list using
the ranking-based formulation proposed in eRAG. UDCG [3] also
operates at the query-document level, but estimates utility from two
components: an LLM-based relevance judgment for the document
and the model’s probability of producing an answer rather than ab-
staining when conditioned on that document. These per-document
signals are then combined to form the final UDCG score for the
retrieved context. Together, these approaches illustrate a shift from
purely human-relevance-based evaluation toward signals that more
directly reflect the behavior of the generator.

Our key observation is that a reasoning trace generated over
the full retrieved context already reveals how the model uses its
evidence. It indicates which documents are cited, which reason-
ing steps they support, and whether some documents are rejected
as non-supporting. We therefore introduce trace-derived utility, a
framework for estimating document utility from a single reasoning
rollout over the complete retrieved context. We instantiate this
idea through several complementary signals. TUG-Cite derives
utility from citation behavior while incorporating abstention and
answer confidence. TUG-Role additionally models how documents
participate in the reasoning process by distinguishing supporting,
background, and non-supporting evidence and using citation polar-
ity to identify distracting documents. We further study TUG-Sem,
which measures semantic correspondence between each document
and the reasoning trace, and TUG-Self, which directly assesses the
model’s reliance on each document. Unlike document-wise probing
approaches, these signals are derived from the model’s behavior
when processing the retrieved context jointly. This allows utility
estimation to reflect the realized reasoning process while requiring
only a single full-context generation for citation-based variants.
The resulting document-level signals are then aggregated into a
context-level score that can be used to evaluate retrieval quality
independently of the final answer correctness label.

The main contributions of this paper are as follows:
• We introduce trace-derived utility, a standalone framework for
estimating the contribution of retrieved documents from a single
reasoning trace generated over the complete RAG context.

• We propose two primary trace-based utility estimators: TUG-
Cite, which derives utility from citation, abstention, and confi-
dence signals, and TUG-Role, which models whether retrieved
documents support, provide background for, or fail to support
the generated reasoning. We additionally study TUG-Sem and

TUG-Self as complementary semantic- and self-assessment-
based utility signals.

• Across multiple datasets and generator models, we show that
trace-derived utility provides a stronger indicator of end-to-
end answer quality than conventional relevance-based retrieval
metrics and existing utility-oriented baselines.

2 Methodology

Given a question 𝑞 and a retrieved context𝐶 = {𝑑1, . . . , 𝑑𝑘 } consist-
ing of𝑘 documents, our goal is to estimate the quality of the retrieval
context before evaluating the final generated answer. Recent work
has shown that traditional IR metrics are weak predictors of RAG
performance because they assume that all relevant documents con-
tribute equally to generation quality and ignore how documents
are actually utilized by the language model during reasoning.

Utility-based metrics such as UDCG address this limitation by
replacing relevance with document utility. However, existing utility
estimation approaches evaluate documents independently, typically
by probing the model with a single document at a time. Such es-
timates ignore the reasoning process occurring when the model
receives the full retrieved context. We define document utility in
terms of observed contribution to the model’s reasoning trace. To
capture this behavior, we propose a family of trace-based utility
signals that estimate document utility directly from CoT reasoning
traces generated over the complete retrieval context.

2.1 Trace-Based Utility Estimation

Given the question 𝑞 and retrieved context 𝐶 , we prompt an LLM
to generate a reasoning trace 𝑇 and a final answer 𝑎. Documents
are presented with identifiers [1], [2], . . . , [𝑘] that allow the model
to explicitly reference supporting evidence during reasoning.

For each document 𝑑𝑖 , we estimate a utility score 𝜏𝑖 ∈ [0, 1]
representing its contribution to the reasoning process. We estimate
the utility of each document directly from the generated reasoning
trace. Let

𝑐𝑖 =

{
1, if document 𝑑𝑖 is cited in the reasoning trace,
0, otherwise,

(1)

We further introduce an abstention-aware gate 𝑔 that modulates
citation-based utility according to the model’s response behavior.
The gate suppresses citation credit when the model determines
that the retrieved context does not provide sufficient evidence to
produce an answer, preventing citations made during abstention or
evidence rejection from being interpreted as positive utility.

Cite-Abstention (CA). A citation alone does not necessarily in-
dicate that a document contributes positively to the generated
answer. For example, a model may cite documents while explain-
ing that the available evidence is insufficient. We therefore define
Cite-Abstention as

𝑈 CA
𝑖 = 𝑔 𝑐𝑖 . (2)

This formulation retains the citation signal when the model pro-
duces an evidence-supported response, while reducing or suppress-
ing utility when the generation indicates insufficient support.
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2.2 Role-Based Utility Estimation

We estimate the utility of each retrieved document from how it is
used in the reasoning trace. The role-based prompt distinguishes
documents that Support the answer, provide Background infor-
mation, or are Irrelevant. We also use citation polarity to separate
citations that support the reasoning from those used to reject or
dismiss a document.

We decompose the trace into reasoning steps {𝑠1, . . . , 𝑠𝑚}. A
citation is treated as positive when the cited document contributes
evidence to a reasoning step and as negative when the step indicates
that the document does not provide the required evidence. Since not
all positive citations contribute equally to the final answer, each step
is assigned an answer-linkage scoreℎ(𝑠) ∈ [0, 1] based on its lexical
overlap with the generated answer. Steps more closely connected to
the answer therefore receive larger weights. The positive citation
signal for document 𝑑𝑖 is then

𝐶+
𝑖 =

∑︁
𝑠 :𝑑𝑖 ∈C+ (𝑠 )

ℎ(𝑠), (3)

where C+ (𝑠) denotes the documents positively cited in step 𝑠 . Sim-
ilarly, we define the negative citation signal as

𝐶−
𝑖 =

𝑚∑︁
𝑠=1

I [𝑑𝑖 ∈ C− (𝑠)] , (4)

where C− (𝑠) denotes citations appearing in steps that reject the
document as supporting evidence.

Citation-based evidence is more informative when the generated
answer is actually supported by the cited documents. We therefore
use a grounding-aware gate 𝜂 that combines the model’s response
behavior with the support between the generated answer and its
positively cited evidence. The gate suppresses utility when the
model abstains and down-weights utility when the answer has
weak support in the cited documents. For answered queries, the
grounding signal is based on the strongest answer-support score
among the positively cited documents:

𝐺 = max
𝑖:𝐶+

𝑖
>0

𝐸 (𝑑𝑖 , 𝑎), (5)

where 𝐸 (𝑑𝑖 , 𝑎) ∈ [0, 1] measures how strongly document 𝑑𝑖 sup-
ports the generated answer 𝑎. The answer-support score 𝐸 (𝑑𝑖 , 𝑎) is
computed as the lexical overlap between the generated answer and
document 𝑑𝑖 , measuring the fraction of answer content tokens that
also appear in the document.The gate assigns higher weight when
the generated answer is better supported by the cited documents,
preserving a small minimum weight for non-abstaining responses.

The Role-Based Utility estimates document utility directly from
citation behavior in the reasoning trace. Positive, answer-linked ci-
tations increase utility, whereas citations used to reject a document
decrease it:

𝑈 Parse
𝑖 = 𝜂max

(
0, 𝜆cite𝐶+

𝑖 − 𝛽𝐶−
𝑖

)
, (6)

where 𝜆cite controls the contribution of positive citations and 𝛽

controls the penalty assigned to negative citations. This formulation
avoids treating every cited document as useful, since a document
can also be cited when the model explains why it does not support
the answer.

2.3 Semantic Trace Utility

Explicit citations may not always be available. As a citation-free
alternative, we estimate utility using semantic similarity between
the generated reasoning trace and each retrieved document.

Let 𝑒 (·) denote a sentence embeddingmodel. The semantic utility
of document 𝑑𝑖 is defined as

𝜏Sem𝑖 =
cos (𝑒 (𝑇 ), 𝑒 (𝑑𝑖 )) + 1

2
. (7)

This signal measures the extent to which the content of a docu-
ment is reflected in the generated reasoning process.

2.4 Self-Assessed Utility

Our final utility estimator directly asks the LLM to assess its reliance
on each retrieved document after generating the trace. Given the
question, retrieved context, generated reasoning trace, and final
answer, the model assigns a utility score

𝜏 self𝑖 ∈ [0, 1] (8)
to every document.
Unlike citation-based utility, self-assessed utility can capture im-

plicit dependencies that may not appear explicitly in the reasoning
trace and does not require citation generation.

2.5 Context-Level Aggregation

To obtain a single context-level score, we aggregate the document-
level utilities using a simple signed average. Let 𝜏𝑖 denote the esti-
mated utility of document 𝑑𝑖 . We define

𝑆 (𝑞,𝐶) = 1
𝑘

𝑘∑︁
𝑖=1

𝑤𝑖𝜏𝑖 , (9)

where the weight 𝑤𝑖 reflects the role of the document in the
generated reasoning.

This aggregation rewards contexts containing evidence that con-
tributes to the generated reasoning while mildly penalizing docu-
ments that are explicitly identified as non-supporting. The same
aggregation is used across utility estimators, allowing differences in
performance to primarily reflect the document-level utility signal
rather than the aggregation strategy.

2.6 Computational Complexity

A practical advantage of trace-based utility estimation is efficiency.
Original UDCG estimates document utility through independent
document-level probes, requiring an additional model invocation
for each retrieved document. Consequently, evaluating a context of
𝑘 documents requires 𝑂 (𝑘) utility estimation calls.

In contrast, our citation-based and semantic utility estimators
reuse a single reasoning trace generated over the full retrieval con-
text. Utility extraction is performed as a lightweight post-processing
step without additional generation cost. The self-assessment vari-
ant requires only one additional model call per query, resulting in
complexity independent of the number of retrieved documents.

Therefore, trace-based utility estimation provides a computa-
tionally efficient alternative while leveraging information already
produced during answer generation.
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Table 1: Spearman correlation between retrieval metrics and end-to-end RAG answer correctness. Results are reported across

five datasets and three LLMs. Bold indicates the best metric for each model-dataset combination.

Llama-3.1-8B Mistral-7B Gemma-3-4B

Metric PopQA Trivia NQ BioASQ NoMIRACL PopQA Trivia NQ BioASQ NoMIRACL PopQA Trivia NQ BioASQ NoMIRACL

NDCG 0.559 0.336 0.404 0.364 0.388 0.502 0.312 0.373 0.367 0.281 0.575 0.336 0.376 0.309 0.217
MAP 0.556 0.337 0.403 0.366 0.384 0.501 0.310 0.373 0.366 0.277 0.572 0.336 0.376 0.309 0.215
MRR 0.617 0.407 0.456 0.377 0.385 0.503 0.402 0.320 0.382 0.283 0.630 0.416 0.437 0.309 0.218
eRAG 0.047 0.373 0.430 0.290 0.116 0.062 0.371 0.366 0.269 0.033 0.017 0.411 0.415 0.235 0.005
UDCG 0.593 0.416 0.432 0.372 0.425 0.453 0.397 0.337 0.335 0.221 0.597 0.424 0.404 0.293 0.235

TUG-Sem 0.622 0.415 0.455 0.372 0.404 0.539 0.413 0.396 0.382 0.322 0.608 0.426 0.448 0.312 0.236
TUG-Self 0.661 0.426 0.465 0.401 0.460 0.516 0.384 0.376 0.388 0.337 0.630 0.435 0.455 0.316 0.276
TUG-Cite 0.830 0.634 0.562 0.539 0.638 0.634 0.538 0.538 0.578 0.704 0.734 0.659 0.503 0.421 0.683

TUG-Role 0.783 0.530 0.602 0.534 0.741 0.595 0.468 0.443 0.296 0.510 0.710 0.569 0.504 0.413 0.640

3 Experiments

3.1 Experimental Setup

Datasets. We evaluate on five question-answering benchmarks
spanning diverse domains and retrieval settings: PopQA [15], Trivi-
aQA [10], Natural Questions (NQ) [11, 17], BioASQ[22], and NoMir-
acl [20]. Following prior work, each query is associated with a set
of retrieved documents and binary relevance annotations. We use
the top-10 retrieved documents for context construction and metric
computation.

Models. To assess the robustness of our approach across model
families, we evaluate three open-source instruction-tuned LLMs:
Llama-3.1-8B-Instruct1, Mistral-7B-Instruct-v0.32, and Gemma-3-
4B-Instruct3. The same model is used for answer generation, CoT
generation, and self-evaluation. All models are served using vLLM
with greedy decoding (𝑇 = 0).

Baselines. We compare our trace-derived utility metrics against
classical retrieval metrics including nDCG, MAP, and MRR, as well
as retrieval-aware metrics designed for RAG, namely eRAG and
UDCG. Classical metrics rely exclusively on retrieval rankings
and relevance labels. eRAG and UDCG estimate document util-
ity through isolated per-passage probing. In contrast, our methods
derive utility directly from reasoning traces generated over the
complete retrieval context.

Trace generation strategies. We consider two single-rollout trace
generation strategies. In the citation-based setting, the generator
reasons step by step over the retrieved context and cites the sup-
porting document for each reasoning step. If the context does not
provide sufficient evidence, it returns NO-RESPONSE. This produces
a lightweight attribution signal that reveals which documents are
used during generation. The role-based strategy augments the trace
with an explicit assessment of each document. After generating the
reasoning and answer, the model assigns every document one of
three roles: Support, when the answer depends on its evidence;
Background, when it is related but not required; or Irrelevant,
when it does not contribute useful evidence. This provides a richer

1https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
2https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.3
3https://huggingface.co/google/gemma-3-4b-it

signal than citation alone by distinguishing supporting evidence
from related or unused documents. Both strategies use the same
retrieved context, allow abstention, and do not expose the gold
answer.

Evaluation Protocol. For each query, we compute the score as-
signed by each retrieval metric and generate an answer using the
corresponding retrieval context. Answers are graded against the
reference answer set using an LLM judge and converted into bi-
nary correctness labels. Following Cuconasu et al. [3], we evaluate
retrieval metrics by measuring their Spearman correlation with
answer correctness. Spearman is the appropriate choice because a
useful retrieval metric must rank contexts consistently with down-
stream accuracy rather than reproduce its exact value: it captures
any monotonic association, while remaining robust to outliers and
directly comparable to the rank correlations reported by eRAG and
UDCG. Higher correlation indicates stronger alignment between
retrieval quality estimates and end-to-end RAG performance.4

3.2 Correlation with End-to-End Accuracy

Table 1 reports the Spearman correlation between retrieval metrics
and end-to-end answer correctness across three LLMs and five
datasets.

Overall, the trace-derived utility metrics achieve the strongest
correlation with answer quality across all fifteen model dataset
combinations. In particular, either TUG-Cite or TUG-Role obtains
the best result in every setting. TUG-Cite is the strongest individual
method, achieving the highest correlation in twelve of the fifteen
settings, while TUG-Role performs best in the remaining three.

The strongest improvements are observed for Llama-3.1-8B.
TUG-Cite achieves an average correlation of 0.641, closely fol-
lowed by TUG-Role at 0.638, compared with 0.448 for MRR and
0.448 for UDCG. TUG-Cite obtains particularly strong results on
PopQA (0.830), TriviaQA (0.634), and BioASQ (0.539), while TUG-
Role performs best on NQ (0.602) and NoMIRACL (0.741).

A similar pattern is observed for Mistral-7B, where TUG-Cite
achieves the best result on all five datasets and obtains an average
correlation of 0.598. This substantially exceeds the strongest clas-
sical baseline, MRR (0.378), as well as UDCG (0.349). TUG-Role
4Code, data, and experimental artifacts are available at: https://github.com/
Saleminezhad/CoTRAG-eval.

https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.3
https://huggingface.co/google/gemma-3-4b-it
https://github.com/Saleminezhad/CoTRAG-eval
https://github.com/Saleminezhad/CoTRAG-eval
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Figure 1: Distribution of cited documents by retrieval rank

for CoT-RAG and CoT-Role across five datasets. Rank 1 de-

notes the highest-ranked retrieved document.

remains competitive with an average correlation of 0.462, although
its performance varies more across datasets.

For Gemma-3-4B, TUG-Cite achieves the strongest average cor-
relation (0.600), followed by TUG-Role (0.567). TUG-Cite performs
best on four of five datasets, while TUG-Role is strongest on NQ
(0.504); both substantially outperform UDCG (0.391 average). TUG-
Sem and TUG-Self remain competitive with conventional retrieval
metrics but consistently trail TUG-Cite and TUG-Role, suggesting
that explicitly modeling document use in the reasoning process
provides a stronger signal of downstream generation quality. eRAG
performs considerably weaker overall, with average correlations of
0.251, 0.220, and 0.217 for Llama-3.1-8B, Mistral-7B, and Gemma-3-
4B, respectively. These results further indicate that utility signals
derived from full-context reasoning are more closely aligned with
final answer correctness.

3.3 Trace Citation Behavior

To better understand how role-based prompting changes evidence
use, we compare the citation patterns of CoT-RAG and CoT-Role
using 1,000 examples per dataset. Cited documents are mapped
to their retrieval rank, with repeated citations within a response
counted once and distributions normalized separately for each
prompting strategy.

As shown in Figure 1, CoT-Role produces a more top-heavy cita-
tion distribution. Rank 1 accounts for 33.0% of CoT-Role citations
versus 26.5% for CoT-RAG, while the top two ranks account for
55.1% versus 47.5%. In contrast, rank 5 contributes 15.0% of CoT-
RAG citations but only 11.4% of CoT-Role citations. This indicates
that role-based prompting concentrates evidence use more strongly
on higher-ranked documents.

We also examine whether CoT-Role citations agree with the
assigned document roles. Among cited documents, 84.4% are la-
beled Support, 12.4% are labeled Background or Irrelevant, and
3.2% remain unclassified because of incomplete role parsing. This
shows that citation alone does not always imply evidential support.
Overall, role-based prompting leads to more selective and support-
oriented citation behavior, although this analysis does not by itself
establish higher answer accuracy.

Figure 2: Effect of the number of retrieved documents 𝑘 on

the Spearman correlation between TUG-Cite and end-to-end

answer correctness.

3.4 Effect of Context Size

We further analyze the sensitivity of TUG-Cite to the number of
retrieved documents 𝑘 . As shown in Figure 2, performance is gen-
erally strongest for moderate context sizes. NQ and PopQA achieve
their highest correlations at 𝑘 = 3 (0.620 and 0.873, respectively),
while TriviaQA, BioASQ, and NoMIRACL peak at𝑘 = 5 (0.634, 0.539,
and 0.638). Beyond this range, correlation generally decreases as
additional documents are introduced, with the largest degradation
observed at 𝑘 = 9. These results suggest that TUG-Cite benefits
from sufficient supporting evidence, while excessively large con-
texts may introduce distracting or weakly useful documents that
make the trace-derived utility signal less reliable.

4 Conclusion

We revisited document utility estimation for RAG retrieval evalua-
tion and showed that useful utility signals can be extracted directly
from the model’s reasoning over the full retrieved context. Unlike
approaches that evaluate query-document pairs independently, our
framework estimates utility from a single full-context reasoning
trace, better reflecting how documents are jointly used during gen-
eration. Our strongest variants, TUG-Cite and TUG-Role, derive
utility from citation behavior and document roles in the reason-
ing process, while TUG-Sem and TUG-Self provide complemen-
tary semantic and self-assessment signals. Across three LLMs and
five datasets, either TUG-Cite or TUG-Role achieves the highest
correlation with end-to-end answer correctness in all evaluated
model-dataset settings.

The proposed framework is also efficient: citation, role, and
semantic-based utility require only a single full-context rollout,
while TUG-Self requires one additional model call per query. Over-
all, our results show that reasoning traces provide a strong and in-
expensive signal for evaluating how retrieved evidence contributes
to RAG generation. Future work can further investigate causal doc-
ument contribution, contradictory evidence, and robustness across
broader retrieval and reasoning settings.
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GenAI Usage Disclosure

Generative artificial intelligence (GenAI) tools were used exclu-
sively to improve the readability, clarity, and grammatical correct-
ness of the final manuscript.No GenAI tools were used to generate
research ideas, formulate hypotheses, design experiments, analyze
results. The intellectual contributions, analyses, and conclusions
presented in this paper are entirely those of the authors, who take
full responsibility for the content of this work.
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