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Abstract

Retrieval Augmented Generation (RAG)’s suc-
cess depends on the utility the LLM derives
from the content used for grounding. Quanti-
fying content utility does not have a definitive
specification and existing metrics ignore model-
specific capabilities and/or rely on costly anno-
tations. In this paper, we propose Grounding
Generation Utility (GROGU), a model-specific
and reference-free metric that defines utility
as a function of the downstream LLM’s gen-
eration confidence based on entropy. Despite
having no annotation requirements, GROGU is
largely consistent with ground-truth relevance
annotations in distinguishing ground-truth doc-
uments while capturing nuances ignored by
LLM-agnostic metrics. We apply GROGU to
train a query-rewriter for RAG by identifying
high-utility preference data for Direct Prefer-
ence Optimization. Experiments show improve-
ments by up to 18.2 points in Mean Reciprocal
Rank and up to 9.4 points in answer accuracy.

1 Introduction

Retrieval Augmented Generation (RAG) is the
dominant approach for providing Large Language
Models (LLMs) with knowledge not present in
their training data. The basic approach to RAG
is straightforward: the user question is sent to a re-
triever that returns documents from an index. The
documents are then combined with the original in-
put and sent to a downstream LLM (the generator)
to generate a response. In practice, however, a
RAG system typically has many sub-components
that must be carefully tuned to achieve strong per-
formance. For example, a query-rewriter (Mo et al.,
2023) is often needed to reformulate a question in a
conversational interaction, which otherwise omits
key information (example in Appendix A). The re-
formulated queries retrieve more useful grounding
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documents for the downstream LLM, thus improv-
ing the corresponding response quality.

Tuning a RAG system is nontrivial and typically
involves making changes to individual RAG com-
ponents. In practice, such tuning is usually guided
by metrics that rely on annotated labels as refer-
ences. Examples include the rank of gold passages
among retrieved documents or comparing the gen-
erated answers with gold ones to compute accuracy.
Reference annotations have been used to improve
components such as the query-rewriter (e.g., Yoon
et al., 2025; Lai et al., 2025) or a re-ranker (e.g.,
Sun et al., 2025), to provide more useful grounding
documents to the generator. An important limi-
tation of such previous works is the need for an-
notated labels, which limits their adoption to tune
RAG systems and extension to new domains.

These limitations would be resolved if we can
measure the utility of retrieved documents without
requiring reference labels. One naive option is to
use the relevance scores assigned by a retriever, i.e.,
an LLM-agnostic relation between a query and a
document. In practice, such relevance scores are
not used for model training due to reasons such as
their noisiness (i.e., a document with a high rele-
vance score may have less actual relevance than a
lower scored one) (Luan et al., 2021; Wang et al.,
2023b; Yoran et al., 2024). We elaborate on other
practical issues in Section 2. In this paper, we ar-
gue that relevance scores are inherently flawed as
an estimation of the utility of documents in a RAG
setting due to their LLM-agnostic nature. Even
an ideal relevance scorer will ignore important nu-
ances in how much utility an LLM can derive from
the grounding documents.

We refer to this utility of grounding documents
as Grounding Generation Utility (GROGU). In this
paper, we define GROGU as a reference-free metric
that captures how useful the documents are to a spe-
cific LLM. We define GROGU based on the LLM’s
generation confidence and propose a specific for-
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mulation that modifies the standard token entropy
calculation for more robust performance, without
relying on any annotations. Intuitively, a useful
grounding context supplies the LLM with the in-
formation it needs to answer the question, which
sharpens the LLM’s distribution over the answer
tokens relative to generating without a grounding
context or with a less useful context. GROGU mea-
sures the change in generation confidence on a sub-
set of generated tokens that carry the substantive
content of the answer (which we call key tokens),
so the score is not biased by scaffolding phrases or
tokens copied from the question (Section 3.2).

We first evaluate GROGU on its own, with no
training involved. These experiments confirm that
GROGU recovers the distinctions that gold anno-
tations provide (Section 4.1), and they show two
insights that an LLM-agnostic relevance scorer can-
not express: relevance is not the same as utility
(Section 4.2), and the same document can bring
different levels of utility to different models (Sec-
tion 4.3). This evaluation also yields a training-
free application of GROGU: among several candi-
date grounding contexts for a query, we send the
one with the highest GROGU score to the gener-
ator (Appendix D.3). We then use GROGU as a
training signal, identifying preference data without
any manual annotation1 to train a query-rewriter
for RAG with Direct Preference Optimization
(DPO) (Rafailov et al., 2023). We test this method
with both sparse and dense retrievers, showing
consistent improvements in retrieval performance,
by up to 18.2 points in Mean Reciprocal Rank
(MRR), as well as in the downstream generator
performance, with improvements by up to 9.4 per-
centage points in accuracy. Our code is available at
https://github.com/yilun-hua/GroGU.git.

2 Motivation and Background

Existing methods for tuning components of a RAG
system primarily use annotated gold passages or
gold answers as references: these are often costly
and need to be re-executed for every domain. More-
over, this approach does not work well in domains
where it is difficult to define a “correct” answer
or a gold passage (Anantha et al., 2021). One so-
lution is to use a reference-free metric, such as
retriever relevance scores. However, these scores

1The only annotation GROGU needs is a small calibration
set, used once to set hyper-parameters when applied to a new
model (Appendix E). Afterwards, GROGU applies directly to
other datasets without further annotation or re-tuning.

have not served as good training signals to improve
RAG components (e.g., query-rewriter, reranker)
for several reasons. First, retrievers are typically
optimized for recall over precision in document
relevance ranking. Luan et al. (2021) and Yu et al.
(2024) also point out challenges in using embed-
dings to accurately match queries to documents. As
a result, the retrievers are noisy: given any two doc-
uments, the one ranked higher by a retriever may
actually have lower relevance than the other (Luan
et al., 2021; Wang et al., 2023b; Yoran et al., 2024).
A second issue stems from the retriever’s role in a
RAG pipeline: (1) retriever’s relevance scores are
produced before the document reranking step, thus
not reflecting the quality of the reranker or provid-
ing reward signals to improve the reranker and (2)
for query-rewriter, relevance scores are produced
based on rewritten queries but scores of different
rewritten queries are not comparable. One that
misinterprets the user intent (e.g., asks a different
question) may still have documents of higher rele-
vance in the corpus than a correct rewritten query.

Finally, in this paper, we further claim that rele-
vance is fundamentally insufficient for measuring
the usefulness of grounding documents because it
is LLM-agnostic and thus does not consider how a
particular document will be utilized by a particular
LLM. We present scenarios where even an ideal
relevance scorer would fail, demonstrating the need
to distinguish between the generation utility of doc-
uments and their retrieval relevance.

Same Document But Different Utility: An
LLM-agnostic relevance scorer will assign the
same score to a document irrespective of which
LLM will utilize the document. However, different
models often derive different levels of utility from
the same document. Figure 1 shows that two LLMs
initially fail to answer a question (using parametric
knowledge). When conditioning on the same doc-
ument, only one of them gives the correct answer.
We further show this phenomenon in Section 4.3.

Less Relevance But More Utility: Recently, Cu-
conasu et al. (2024) reported the counterintuitive
finding that adding irrelevant documents to an
LLM’s context improves the correctness of the
final response (given the context also includes a
document with the correct answer). Moreover, the
degree to which noise improves response quality
depends on the LLM used to generate the response.
This result runs counter to the intuition of relevance
scores, which always assign low scores to random
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Question: Who lives in the blue house in Balamory?
Answer: Edie McCredie

Document:
(Title: Balamory) Character Actor Job House Song (s)
Miss Hoolie Julie Wilson Nimmo Nursery teacher Green
houseNursery ... Edie McCredie Juliet Cadzow Bus driver
Blue garage / house When I Honk My Horn ( Series 1 - 4 )
Let Me TakeYou on a Journey ( Series 3 — 4 ) PC Plum
Andrew Agnew ...

Qwen-2-1.5b-it (1.5B):
Ungrounded: The character named “Bella” ✗
Grounded: The Blue House is owned by Mr. and Mrs.
Green ✗

Phi-4 (14B):
Ungrounded: The blue house is home to Mr. Bloom. ✗
Grounded: Edie McCredie, played by Juliet Cadzow. ✓

Figure 1: The same document may have different LLM-
specific utility. The weaker model (Qwen2-1.5b-it) can-
not utilize this document likely due to its challenging for-
mat. Both models are sampled 50 times under Qwen’s
default sampling configuration, with consistent results.

documents, while these random documents may
have high generation utility. We show further evi-
dence of this phenomenon in Section 4.2.

We address these issues by proposing Ground-
ing Generation Utility (GROGU), an LLM-specific
metric that directly inspects the downstream LLM’s
generation confidence, rather than relying on LLM-
agnostic relevance scorers or annotated labels. Be-
cause GROGU is computed with the same model
that will consume the grounding context, it captures
both LLM-specific preferences (Section 4.3) and
cases where less relevant documents actually offer
more utility to a model (Section 4.2). GROGU can
significantly automate the fine-tuning of a RAG
system by avoiding human annotations while also
capturing nuances that relevance scores ignore.

3 Grounding Utility

We design GROGU using the LLM’s generation
confidence. In particular, we propose to measure
the change in confidence of an LLM when condi-
tioned (and not conditioned) on documents. We
focus on the scenario where the ground-truth an-
swer is unknown and evaluation must be done with-
out any reference to ground-truth annotations. Al-
though this approach does not fully replace rele-
vance scores or annotation-based evaluation, we
show that it complements existing paradigms.

3.1 Preliminaries
At a high level, GROGU answers the question:
given a grounding context, how much more con-
fident is the LLM in its answer than without the
context? If the context contains the information
the LLM needs, the model’s distribution over the
answer tokens sharpens, reducing entropy. We de-
sign an algorithm to restrict the entropy calcula-
tion to tokens that carry the substantive content of
the answer (key tokens), making the entropy-based
measure better reflect the model’s confidence.

Formally, we define GROGU such that it de-
pends on the specific language model θ, a question
q, and a list of retrieved documents Dr placed in
the context window of the model (or the “ground-
ing context” for short). We want to quantify the
utility of Dr for the model θ to generate a response
to the question q, that is, GROGUθ(q,Dr).

3.2 Confidence Difference as Utility
We define the utility of the grounding context as
the change in the model’s generation confidence, γ,
with and without conditioning on this context.

GROGUθ(q,Dr) = γ(yg | q,Dr)− γ(yu | q) (1)

where yu and yg are sequences generated when
not conditioning/conditioning on the grounding
documents, respectively. We explore several for-
mulations for the confidence measure. The most
straightforward confidence measure can be derived
by taking the negative values of the average per-
plexity or average entropy of the generated tokens.
Both are well-established practices, which we dis-
cuss further in Appendix C.7.

Key-token Confidence: When an LLM gen-
erates an answer, many tokens can be high-
confidence regardless of the grounding context:
scaffolding phrases (e.g., “My answer is ...”), parts
copied from the question, stop words, or sub-words
that always follow other sub-words. These tokens
skew the confidence score and hurt the reliability
of GROGU (example in Figure 4, Appendix B).

We propose to compute confidence over only a
subset of the generated tokens, which we call key
tokens. Our key tokens selection algorithm applies
to different confidence measures and we explain
it using entropy as an example. For explanation
purposes only, we assume Dr contains a single
document (Dr) to simplify the notation.2

2The definitions based on perplexity and multiple docu-
ments are straightforward extensions.
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We start by computing the KeyEntropy for the
grounded generation, i.e., KeyEntropy(yg | q,Dr),
serving as the first term in Equation 1. We obtain
the grounded generation yg via greedy decoding
conditioned on Dr and q, then compute token dis-
tributions for the same yg conditioning only on q.
A token yi in yg is a key token if

|Hθ (yi | q,Dr, y0,...,i−1)−Hθ (yi | q, y0,...,i−1)| > α

where α is a threshold chosen based on a calibra-
tion set and H is the token-level entropy.3 The
intuition is that tokens unrelated to the core of the
answer (e.g., those copied from the query) typically
show little change in entropy with and without the
grounding context, so this procedure filters them
out. If no token’s entropy change exceeds α, we
fall back to the top K% of tokens with the highest
entropy. This is based on our observation that when
all tokens have small entropy changes, using the
token entropy directly gives slightly more robust
performance than using the entropy changes. Fi-
nally, KeyEntropy is the average entropy of the key
tokens. Figure 5 in Appendix B shows an example.

How our design addresses potential confounders
A natural concern is that low entropy may arise
from factors unrelated to the usefulness of a doc-
ument. Our formulation is designed to address
exactly this, in two ways: we measure the change
in entropy induced by the grounding context rather
than its absolute level, and we restrict the com-
putation to key tokens. Consider three such con-
founders. First, memorized knowledge: if the
model’s parametric knowledge already suffices to
answer the query confidently, then adding a ground-
ing context produces a smaller entropy reduction.
This is the intended behavior, not an error, because
under our model-specific definition a document that
tells the model something it already knows does
have less utility to that model. Second, prompt
regularity: the phrasing of a prompt can raise or
lower generation entropy overall, but the prompt
is held identical in the grounded and ungrounded
conditions, so it cancels in the difference and any
change is attributable to the grounding documents.
Third, specific lexical patterns: key-token selection
is designed precisely to filter tokens whose confi-

3We use the standard definition. For the i-th token, H =
−∑

j∈V pj log(pj), where pj is the probability for token j
in the vocabulary to be the i-th token, conditioned on the
previous tokens in the sequence.

dence is driven by lexical regularity rather than by
the answer content (Figure 5).

Simplified calculation in practice The KeyEn-
tropy defined above does not directly apply to un-
grounded generations. This does not matter in prac-
tice: we are only interested in comparing different
grounding contexts’ utility given a specific query,
so the ungrounded utility in Equation 1 always cor-
responds to the same query and is a common term
that cancels exactly when two contexts are com-
pared (we can just compare the KeyEntropy(yg |
q,Dr) for different contexts). Discarding this term
is therefore a mathematically exact simplification
for ranking rather than a change of metric, and it
leaves the interpretation of GROGU as a confidence
gain from grounding intact; we give the derivation
in Appendix C.1. Thus, we don’t need to generate
the ungrounded answer yu, and can save inference
cost. Scoring a candidate grounding context is effi-
cient compared with manual annotations, because
it just requires the model to answer the query con-
ditioned on the grounding context. We report the
cost analysis in Appendix C.6. We also provide a
possible definition of ungrounded KeyEntropy in
Appendix C.2 for completeness, though it does not
affect our experiments.

4 Properties of Grounding Utility

We study GROGU’s properties with three tests,
evaluating whether it distinguishes ground-truth
documents from documents that do not contain
an answer (Section 4.1) and whether the metric
captures relationships ignored by relevance scores
(Section 4.2 and Section 4.3). We follow Cuconasu
et al. (2024) and use the test split of Natural Ques-
tions (Kwiatkowski et al., 2019) (unless otherwise
specified) and Contriever (Izacard et al., 2022) as
our retriever, but only the second test (Section 4.2)
is inspired by Cuconasu et al. (2024).

4.1 Identifying Ground-truth Documents

While GROGU is designed to capture utility be-
yond relevance for a specific LLM, we want it to
reflect some of the relationships based on ground-
truth annotations. This is to check that GROGU
preserves the basic relevance ordering before we
test it in Section 4.2 and Section 4.3, where a good
metric must not be just a relevance signal. We apply
this basic check to the SQuAD dataset (Rajpurkar
et al., 2016) and Natural Questions (Kwiatkowski
et al., 2019) for quick confirmation, and use more
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NQ SQuAD

Model Metric
Gold/
Dist

Gold/
Rand

Gold/
Dist

Gold/
Rand

Phi
PPL 71.3 72.7 87.1 89.3
KeyPPL 76.9 83.6 89.7 94.5
Entropy 74.7 76.2 89.2 91.5
KeyEntropy 77.9** 83.2** 90.7** 95.8**

Qwen
PPL 79.8 85.2 82.5 90.6
KeyPPL 80.2 87.1 83.2 91.2
Entropy 81.6 87.2 84.5 91.0
KeyEntropy 82.4* 88.8** 84.3 91.0

Table 1: Win rates of gold vs. distractor/random
with different metrics on Natural Questions (NQ) and
SQuAD (Rajpurkar et al., 2016). We report statistical
significance between Entropy and KeyEntropy (* and **
indicate p<0.1 and p<0.05 significance, respectively).

complicated datasets in the later experiments (Sec-
tion 5).

In order to measure this aspect, we create spe-
cific tests by leveraging existing datasets having
annotations of the gold document that answers
a query. In particular, we want to test whether
GROGU assigns a higher utility to a gold docu-
ment (Dgt) that contains the answer and a lower
utility to other documents. For each query, we
curate a set of “distractor” (Ddst) and “random”
(Drnd) documents. Ddst is the document with the
highest retriever-assigned relevance but does not
contain the answer. For each query q, we compute
the utilities of Dgt, Ddst, and Drnd under differ-
ent GROGU formulations: i) PPL and KeyPPL,
which use the perplexity of all tokens vs. key-
tokens; ii) Entropy and KeyEntropy, which use
the entropy and key-token entropy. We report the
win-rates of the gold document according to each
GROGU formulation, e.g., if GROGUθ(q,Dgt) >
GROGUθ(q,Ddst), the ‘gold’ wins over the ‘dis-
tractor.’ An effective metric should lead to high
win-rates for the gold document.

Result Table 1 reports the win rates of the gold
document against the distractor and the random
document when tested with two LLMs: Phi-4-
14B (Phi) and Qwen-2.5-7B-Instruct (Qwen). We
present additional experiments on two larger mod-
els in Appendix F, which show similar trends.

We observe that the entropy-based metrics over-
all assign higher scores to gold passages than the
perplexity-based counterparts. Key-token selection
substantially increases the performance of both per-
plexity and entropy, and KeyEntropy overall leads

to higher win rates. We use the sign test to mea-
sure whether the KeyEntropy method meaningfully
improves over the simpler Entropy approach (rows
corresponding to these methods are highlighted in
green). We find that the key-token selection often
leads to statistically significant improvements in 6
of 8 comparisons (in the other two comparisons the
differences are not statistically significant).

4.2 Less Relevance But More Utility

In order to further understand how relevance and
utility differ in RAG, we use the same setting
as in Cuconasu et al. (2024)’s experiments with
recent LLMs. In particular, we test the setting
of using a mixture of one gold document with
four random/retrieved documents and measure how
GROGU metrics capture the utility. Similarly
to Cuconasu et al. (2024), we find that contexts
with 1 gold document and 4 random documents
(with-rand) achieve a higher accuracy than a mix-
ture of 1 gold document and the top 4 documents
returned by a retriever (with-retr). Exact accura-
cies are reported in Appendix C.5. Closer analy-
sis reveals that though the two types of ground-
ing contexts often lead to the same correctness
for a query (‘ties’ in Table 2), there are many
queries where conditioning on the with-retr con-
text gives an incorrect answer while conditioning
on the with-rand context gives a correct one (the
‘with-rand wins’ row in the table). This suggests
that a pure relevance-based metric would fail to
reflect the utility of the documents.

Phi Qwen
with-retr wins 58 93
with-rand wins 186 321
ties 2645 2475

Table 2: Counts of queries where the with-retr and
with-rand contexts lead to different accuracies. The
exact accuracies are reported in Table 6 (Appendix C.5).

A good grounding utility metric should pre-
dict this counter-intuitive result. To evaluate our
GROGU, we extract test instances from Cuconasu
et al. (2024) where with-rand generates a correct
answer and with-retr generates an incorrect an-
swer (or vice versa). For a query, we define the
utility scores as concordant if the grounding con-
text (with-rand or with-retr) that generates the
correct answer has higher utility. Similarly, dis-
cordant is defined as the grounding context that
generates the incorrect answer has higher utility.
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Let C and D be the counts of concordant and dis-
cordant cases respectively. We apply the formula
of Kendall’s tau correlation τ = (C−D)/(C+D).
This gives a rank correlation between -1 and 1. Intu-
itively, this reflects how much the observed impact
of random documents agrees with the “less than” or
“greater than” relationship of the confidence values.

As an additional measure of the relationship be-
tween GROGU and correctness, we predict which
of two grounding contexts will generate the correct
answer by comparing the GROGU scores. We re-
port the binary classification performance of this
classifier. Intuitively, the higher the classification
performance, the better the grounding utility metric
reflects the impact of the documents.

Result As shown in Table 3, all utility metrics
have a positive correlation with the generation per-
formance. KeyEntropy outperforms all the other
formulations, achieving a correlation (τ ) of 0.320
for Phi and 0.377 for Qwen. This suggests that
while there exist other factors not reflected in the
utility scores that contribute to generation accu-
racy, KeyEntropy can indeed explain part of the
performance differences between with-rand and
with-retr. On the other hand, the relevance-based
metric (mean relevance score of grounding docu-
ments) has a negative correlation by always as-
signing a lower score to the with-rand context,
completely failing to reveal its positive impact. In-
tuitively, documents that are relevant but not ac-
tually useful distract the model and raise the like-
lihood of alternative, not necessarily correct, an-
swers. This increases the model’s generation en-
tropy, so GROGU detects such documents as low-
utility even when a relevance scorer ranks them
highly. This is precisely the regime in which rele-
vance is not the same as utility.

Model Metric τ Acc (%) F1 (%)

Phi

PPL 0.172 58.6 52.3
KeyPPL 0.238 61.9 57.7
Entropy 0.295 64.8 56.6
KeyEntropy 0.320 66.0 59.6
Relevance -0.525 23.8 –

Qwen

PPL 0.266 63.3 55.6
KeyPPL 0.275 63.8 56.8
Entropy 0.348 67.4 58.1
KeyEntropy 0.377 68.8 60.6
Relevance -0.551 22.5 –

Table 3: Simple classifier results and correlation (τ ) be-
tween utility and accuracy. Relevance-based classifiers
always predict the same label so its F1 is undefined.

4.3 Same Document But Different Utility

Different LLMs may derive different levels of util-
ity from the same context, i.e., a document that
helps one model may not be useful for another
one. This is a long-tail problem that occurs less
frequently in datasets but can nonetheless still lead
to statistically significant performance differences.
We instantiate the phenomenon with a controlled
positional variation, which connects it to the or-
der effects and “lost-in-the-middle” behavior doc-
umented in long-context LLMs (Liu et al., 2024).
We construct synthetic contexts that contain the
same information but vary in the physical layout of
that information. We accomplish this by first select-
ing ten documents for each question (including the
gold document and nine retrieved documents) and
then creating three alternative contexts by varying
where the gold document sits among the documents
(first, fifth, or last). Our objective is to demonstrate
that our GROGU scores can select contexts that
improve answer correctness over randomly choos-
ing a gold-containing context and that the prefer-
ences indicated by GROGU scores for one model
do not apply to other models. Figure 2 presents
the test procedure. Notably, the random baseline in
this test would have high performance by construc-
tion: all three candidate contexts contain the gold
passage and differ only in its position within the
prompt. The test measures whether GROGU can
identify the most useful of several already-relevant
contexts for a specific model, targeting the LLM-
specific utility. Given the long-tail nature of this
phenomenon, the improvement margin of GROGU
is expected to be small but statistically significant.

We develop this controlled positional variation
evaluation because it holds the information con-
tent of the context exactly constant, so any differ-
ence in utility is attributable to the model rather
than to the content. This evaluation is narrow by
design: it keeps the comparison controlled while
still showing that GROGU tracks model-specific
utility. Characterizing this phenomenon of “Same
Document But Different Utility” more broadly re-
quires more evaluation scenarios, which we hope
our work will motivate.

Result: Table 4 presents the result. We focus
on grounding utility based on Entropy and KeyEn-
tropy.4 Phi(DPhi) denotes the responses generated
using Phi when given contexts selected by Phi’s

4Other metrics give similar conclusions (Appendix D.1).
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Input: Two LLMs with parameters θi and θj ; a set
of questions Q; k grounding contexts for each q ∈ Q
Procedure:
1. For model LMθi :

(a) For each question q ∈ Q:
i. Compute the utility of each grounding

context with θi.

ii. Select context with highest utility: Dq
θi

.
(b) Construct set of best contexts:

Dθi = {Dq
θi

| q ∈ Q}.
(c) Compute average accuracy: LMθi(Dθi).

2. Repeat for LMθj to obtain Dθj and LMθj (Dθj ).
3. Additionally construct Drand which randomly se-

lects a grounding context for each question.
4. Compute generation accuracy for these scenarios.

(a) Same LLM for utility scoring and answer gen-
eration: LMθi(Dθi), LMθj (Dθj )

(b) Different LLM for utility scoring and answer
generation: LMθi(Dθj ), LMθj (Dθi)

(c) Randomly select grounding context for each
question: LMθi(Drand), LMθj (Drand)

Figure 2: Procedure to test the utility of the same docu-
ment for different LLMs.

Metric

Entropy KeyEntropy Random
Phi(DPhi) 73.3 74.7 72.9Phi(DQwen) 72.1 72.5

Qwen(DQwen) 68.8 69.3 66.0Qwen(DPhi) 66.1 66.3

Table 4: Generation Accuracy for different context sce-
narios. We present the random baselines in the last col-
umn, which correspond to Phi(Drand) and Qwen(Drand).

GROGU scores. Similarly, Phi(DQwen) denotes re-
sponses generated by Phi given contexts selected
by Qwen’s GROGU scores.5 We highlight two
conclusions: i) using GROGU to select which con-
text to use for response generation improves over a
random choice (this aligns with findings in the pre-
vious two experiments); ii) for a given model, using
the best context of another model does not perform
as well as using the best context selected by this
model’s own GROGU scores (all the accuracy gaps
are statistically significant).

This experiment establishes that LLMs can pre-
fer different physical layouts of the same informa-
tion (in this case different gold passage positions)
and that GROGU can help to select the layout that
leads to higher accuracy. We expect that other vari-
ations in how information is expressed (e.g., for-
mat, phrasing, and so on) will also lead to different

5We use similar notation for Qwen rows.

impacts on different models.

5 Query-Rewriter Training

In Section 4, we observed that KeyEntropy
achieves the best performance across the tests, so
we use it as our GROGU metric to train a query-
rewriter. Under this scenario, a user and a RAG
system have a multi-turn conversation. The user’s
questions will be based on past turns and the system
needs to rewrite the query before sending it to the
retriever. Query-rewriting is an important step for
RAG since human interactions with modern LLMs
are highly conversational. Figure 3 in Appendix A
provides an illustration. In this section, we present
our method of training a query-rewriter by using
GROGU without any annotated labels.

5.1 Training Data Creation

Our data preparation and training resemble Yoon
et al. (2025)’s supervised pipeline (RetPO) but
we replace their steps that require gold annota-
tions with GROGU. In the original method, RetPO
prompts GPT-4 with three different strategies to
achieve a diverse sample of 25 rewrites for each
question. It then sends those rewrites to a retriever
and measures the quality of the rewrite based on the
rank of the gold passage in the top 100 passages
the rewrite retrieves. Informed by this retrieval
performance, it selects the best rewrites to con-
struct a dataset for SFT warmup and a preference
dataset for DPO training (by pairing better and
worse rewrites based on their gold passage ranks).

Unlike RetPO, we do not assume access to gold
passage labels: we use GROGU to evaluate re-
trieval success. For each rewrite, we take the top 10
retrieved documents and send them to an LLM gen-
erator to compute GROGU. We take the rewrite cor-
responding to the highest GROGU for SFT warmup
and we pair the rewrites with the highest and lowest
GROGU for DPO. Because we want the preferred
and dispreferred rewrites in our DPO dataset to be
different enough, we filter out 50% of the prefer-
ence pairs based on the GROGU gap between the
preferred and dispreferred (removing those with
smaller gaps). The rest of the procedure and the raw
data follow RetPO. Note that GROGU is used only
to construct the preference data, so its cost is in-
curred once at training time and the trained rewriter
adds no overhead at inference. We further discuss
these implementation details in Appendix E.
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5.2 Training Experiment

We use the same models as before for the main ex-
periments and additionally show our method gener-
alizes to larger models in Appendix F. We discuss
our model choice in Appendix C.3.

The most comparable baseline RetPO uses
llama2-7b-chat. Thus we attempted to use Qwen
and Phi to reproduce their experiments. We repro-
duced half of their experiments (those involving
BM25) because they only released the curated pref-
erence data for these experiments. We observed
similar performance with Qwen and Phi, not outper-
forming the results reported in their paper. Because
of this observation and not having the curated pref-
erence data to reproduce their ANCE experiments,
we use the performance reported in the original
RetPO paper as our main baseline.

We exactly follow Yoon et al. (2025) for our
evaluation. We test our method on the sparse re-
triever BM25 and the dense retriever ANCE (Xiong
et al., 2021). We then benchmark the RAG system
on top of: TopiOCQA (Adlakha et al., 2022) and
QReCC (Anantha et al., 2021). More details about
the setup are provided in Appendix E.

Baselines We compare with major baselines that
use annotations. The most comparable one is
RetPO as we closely follow their pipeline. We
also report additional baselines: ConvGQR (Mo
et al., 2023) uses gold answers and combines query
rewriting with expansion; IterCQR (Jang et al.,
2024) uses gold passages and iterative training;
ADACQR (Lai et al., 2025) uses gold passages and
aligns the rewriter with both the sparse and dense
retrievers. We provide a discussion of other related
but not comparable methods in Appendix G.

Evaluation We use retrieval metrics based on
gold passages (MRR, Recall@K) for retrieval re-
sults. We evaluate the LLM’s answers with a GPT-
4o-mini judge that compares the generated answers
with gold answers based on the judge prompt from
Ni et al. (2024). We also report word overlap met-
rics for LLM’s answers as in Adlakha et al. (2022).

5.3 Training Results

We report the retrieval and generation performance.
In the provided tables, ORIGINAL refers to the un-
trained original models, BASE SFT refers to directly
distilling from randomly sampled GPT-4 rewrites
from the same raw dataset as our method, instead

of doing data selection with GroGU.6 Finally, GroGU
refers to our method described above, i.e., an SFT
warmup followed by a DPO stage. Appendix E
provides details about our training setup.

Retrieval Results Table 5 reports the retrieval
performance of different methods. Overall, we
see consistent improvements on all the retrieval
metrics with our method compared with not using
utility-guided data selection (Base SFT). This trend
is consistent across retrievers, LLMs, and bench-
marks. Under the BM25+QReCC setting, Qwen
(GroGU) outperforms the Base SFT baseline by 13.5
in MRR and Phi (GroGU) outperforms it by 13.7 in
MRR. Compared with Original, GroGU also im-
proves by up to 18.2 (Qwen, BM25+QReCC). Im-
portantly, our method achieves performance close
to or sometimes better than some reference-based
baselines. For BM25+TopiOCQA, Qwen (GroGU)
and Phi (GroGU) are close to the most compara-
ble baseline (RetPO) in all metrics. GroGU also
outperforms RetPO under the ANCE+TopiOCQA
setting. Overall, the results demonstrate the need
to finetune a query rewriter (given the big improve-
ment over ORIGINAL) and our method offers an
easy, annotation-free framework.

Generation Performance Generation metrics
are less informative for conversational query-
rewriting, due to the questions’ free-form, open-
ended nature. Related works (Yoon et al., 2025;
Lai et al., 2025; Zhu et al., 2025) only use retrieval
performance. We provide our trained models’ gen-
eration results in Appendix D.2, while noting that
the retrieval performance is a more reliable mea-
sure. Our method consistently provides statisti-
cally significant improvements in the downstream
LLM’s generation accuracy, by up to 9.4 points.
The improvements are smaller than those with re-
trieval metrics, likely because the accuracy metric
underestimates the actual performance in free-form
QA. Yet, they still show our method’s advantage.

6 Related Work

Prior methods to improve RAG systems have pri-
marily used metrics based on annotated labels.
Some use the rank of the gold passages to quan-
tify retrieval performance (e.g., Jang et al., 2024;

6We also conduct an ablation run with randomly selected
preference pairs for DPO (Appendix D.4). The effects are sim-
ilar to BASE SFT, since both exclude GROGU-based context
selection. We just focus on BASE SFT for result analysis here.
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TopiOCQA QReCC
Type Method MRR R@10 R@20 R@100 MRR R@10 R@20 R@100

Sp
ar

se
(B

M
25

) QWEN - Original 14.6 27.8 35.5 52.7 27.7 43.6 50.7 65.4
Base SFT 17.4 32.8 41.6 60.5 32.4 51.4 60.1 75.5
GroGU 25.7 46.1 54.7 72.0 45.9 67.2 74.9 85.6

PHI - Original 16.6 31.3 39.1 58.0 36.8 53.7 61.9 75.3
Base SFT 15.7 29.0 37.8 55.1 32.1 50.4 58.6 73.5
GroGU 27.2 48.8 58.6 74.8 45.8 66.2 73.7 84.3

RetPO 28.3 48.3 - 73.1 50.0 69.5 - 89.5
ConvGQR 12.4 23.8 - 45.6 44.1 64.4 - 88.0
IterCQR 16.5 29.3 - 54.1 46.7 64.4 - 85.5
ADACQR 28.3 48.9 - 71.2 55.1 76.5 - 93.7

D
en

se
(A

N
C

E
) QWEN - Original 28.1 47.7 54.1 65.1 29.6 45.7 51.0 59.9

Base SFT 33.9 56.8 64.2 76.1 35.2 54.1 61.1 71.2
GroGU 37.8 61.7 68.7 79.8 40.2 60.8 67.5 76.8

PHI - Original 31.6 53.6 60.6 73.1 36.0 54.9 61.3 70.6
Base SFT 29.7 51.3 59.6 72.6 32.9 51.8 58.5 69.4
GroGU 38.1 61.1 68.3 79.6 39.4 59.8 67.1 76.3

RetPO 30.0 49.6 - 68.7 44.0 66.7 - 84.6
ConvGQR 25.6 41.8 - 58.8 42.0 63.5 - 81.8
IterCQR 26.3 42.6 - 62.0 42.9 65.5 - 84.1
ADACQR 38.5 58.4 - 75.0 45.8 67.3 - 83.8

Table 5: Sparse and dense retriever performance on TopiOCQA and QReCC. Results are presented in two groups:
reference-free methods and baselines that require ground truths. The best result in each group is shown in bold.
Baseline models’ performance scores are those reported in their original papers, which do not report Recall@20.

Lai et al., 2025). These metrics have served as re-
ward functions to build DPO training data (Yoon
et al., 2025) or for online RL (Zhu et al., 2025).
Other works send documents to the downstream
LLM and compare the generated answer with the
gold one(s), using metrics such as accuracy, Ex-
act Match, and the likelihood of gold answer (Mo
et al., 2023; Zhang et al., 2024; Sun et al., 2025).
These works also improve an individual compo-
nent of RAG, e.g., the retriever (Salemi and Za-
mani, 2024) or the reranker (Sun et al., 2025). We
focus on an annotation-free metric to improve the
query-rewriter, though it likely applies to these
other components too. Additionally, our metric is
based on the idea of key token extraction, which
is also used in Fang et al. (2025) but they focus
on evaluating language modeling in long-context
settings using the perplexity assigned to reference
sequences. We apply key token selection to mea-
sure generation confidence and design it for the
RAG setting. Our work is also related to scoring
frameworks for RAG outputs (e.g., RAGAS (Vi-
brantLabs, 2024; Es et al., 2024), ARES (Saad-
Falcon et al., 2024), and DIRAS (Ni et al., 2025)),
which address problems orthogonal to ours. We
discuss them in Appendix C.4.

7 Conclusion and Future Directions

We define GROGU, a reference-free metric for
the utility an LLM derives from its grounding
documents for Retrieval-Augmented Generation.
GROGU selects the key tokens of a grounded gener-

ation and measures the change in entropy they con-
tribute, using no gold passages, gold answers, or
per-domain annotation. We propose new evaluation
scenarios that give more insight into retrieval rele-
vance and grounding utility, and show that GROGU
improves LLM performance through better context
selection or by training a query rewriter.

Our experiments demonstrate that retrieval rele-
vance and grounding utility are distinct quantities:
relevance is a property of a document in the con-
text of a query, whereas utility is a property of a
document, query, and the model that uses it. The
same grounding context provides different levels of
utility to different LLMs (Section 4.3), and, coun-
terintuitively, less relevant documents can carry
more utility than higher-ranked ones (Section 4.2).
No LLM-agnostic relevance scorer can express ei-
ther effect, while GROGU captures both. When
applied to model training, GROGU-selected prefer-
ence data trains a query-rewriter that substantially
improves retrieval and answer generation.

We hope future research will apply GROGU to
improve more RAG components that decide what
reaches the LLM generator; for example, training
rerankers with RL rewards based on GROGU in-
stead of ground-truth annotations and expanding
the training data to broader domains where annota-
tions are unavailable. We also hope our work will
motivate more research on the phenomena of “rel-
evance ̸= utility” and “same document, different
utility levels”, studying them in more scenarios and
improving RAG pipelines accordingly.
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Limitations

In this paper, we try to re-think the retrieval qual-
ity evaluation from the perspective of utility to
an LLM in a RAG setting, assuming no access
to any references/labels. To show this, we dedicate
a substantial part of the paper to the motivation and
the analysis of the properties of our utility metric
GROGU with ad-hoc experiments. From a practi-
cal perspective, we then test the metric on a single
task, i.e., query-rewriting, showing robust improve-
ments in both retrieval and generation performance.
We didn’t specifically explore training other RAG
components in this paper, which is already dense
in content, but we expect GROGU to be also appli-
cable to other components of RAG systems, e.g.,
the reranking stage. We do show that GROGU can
potentially be used for a context selection step in a
RAG pipeline (Appendix D.3).

GROGU also requires access to the downstream
LLM’s token-level output distributions, since it
computes entropy over the vocabulary. Many com-
mercial LLM APIs do not expose these distribu-
tions. Some cloud-based models return top-k to-
ken probabilities. Computing GROGU with top-k
token probabilities (rather than over the entire vo-
cabulary) would be a promising alternative, though
it is not the exact metric used in the paper.

As we pointed out throughout the paper, evaluat-
ing open-ended, free-form generation by compar-
ing the generated answer with the gold one(s) can
oftentimes underestimate the actual model perfor-
mance. We still report this evaluation as part of
our results to provide a complete picture but we
dedicate more space to the retrieval performance
as it is more suitable to show the impact of our
method.

Ethics Statement

Any Retrieval Augmented Generation system, re-
gardless of retrieval quality, may still accidentally
include misleading, non-factual, or other inappro-
priate documents that may be used by the down-
stream LLM to produce harmful content. There-
fore, these systems should be deployed with cau-
tion and users should be informed of these limita-
tions. Additionally, for some application scenarios,
external modules may be necessary to detect in-
appropriate contents and prevent them from being
propagated to the LLM’s generation.
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A Additional Illustration

We present additional illustration in Figure 3.

Where does the energy 
from the hoover dam go?

The dam's generators provide power 
for public and private utilities in 
Nevada, Arizona, and California.

In the Black Canyon of the 
Colorado River on the border 

between the U.S. states of 
Nevada and Arizona.

Hoover Dam is a concrete arch-

gravity dam in the Black Canyon 

of the Colorado River, on the 

border between the U.S. states of 

Nevada and Arizona. 
...

…

Query
Reformulation

Off-the-shelf Retriever

Where is it located?
Off-the-shelf Retriever

Off-the-shelf Retriever
Where is Hoover Dam located, a 

dam that provides power for 
public and private utilities in 

Nevada, Arizona, and California?

Figure 3: Query-rewriting illustration from Jang et al.
(2024). The user’s queries are dependent on the conver-
sation history and need to be reformulated into stand-
alone queries for the retriever.

B Examples

We present additional examples in Figure 4 and
Figure 5.

C Additional Discussion

C.1 Simplified GROGU

In Section 3.2 we noted that the ungrounded term
of Equation 1 can be dropped when comparing
grounding contexts. We show here that this is an
exact identity for ranking rather than a change of
metric.

Fix a query q and consider two candidate ground-
ing contexts D1 and D2. Both correspond to the
same ungrounded generation yu, so

GROGUθ(q,D1)− GROGUθ(q,D2)

= [γ(yg | q,D1)− γ(yu | q)]
− [γ(yg | q,D2)− γ(yu | q)]

= γ(yg | q,D1)− γ(yg | q,D2).

The ungrounded term γ(yu | q) is constant across
all candidates for the same query and cancels ex-
actly. Consequently,

argmax
D

GROGUθ(q,D) = argmax
D

γ(yg | q,D),

so ranking candidates by the grounded confidence
alone induces exactly the same ordering as ranking
them by the full GROGU definition. The interpre-
tation of GROGU as the confidence gain caused
by grounding is therefore unaffected by this simpli-
fication: we are still measuring that gain, and we
simply avoid recomputing a term that is identical
for every candidate.

We emphasize the scope of this equivalence. It
holds whenever the compared contexts share the
same query, which is the setting of every appli-
cation in this paper (selecting among grounding
contexts for a query, and constructing preference
pairs among rewrites of the same query). It does
not hold when comparing utilities across different
queries, where the ungrounded terms differ and the
full definition is required.

C.2 Definition of ungrounded generation
confidence

We define the key tokens of the ungrounded gener-
ation to satisfy

Hθ(yi | q, y0,...,i−1) > α,

where y is the ungrounded generation. If no tokens
satisfy this criterion, the top K% tokens in entropy
will be used. Under this definition, tokens with
small entropy will not contribute to our uncertainty
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Question: Who hosted They Think It’s All Over?
Gold Answers: [‘Lee Mack’, ‘Nick Hancock’]

Grounded on a retrieved passage that does not contain the answer

• Generated Answer: Jonathan Ross hosted “They Think It’s All Over.” ✗

• Entropy: 0.466

Grounded on a gold passage

• Generated Answer: Nick Hancock, followed by Lee Mack ✓

• Entropy: 0.569

Entropy by token:

Figure 4: Example showing that non-answer tokens can skew the uncertainty/confidence measure. The model
answers the question correctly when grounded on the gold passage but the average entropy is higher, indicating a
lower confidence. This is because the incorrect answer repeats part of the question which skews down the average
entropy of the generation.

estimation. This helps mitigate the spurious corre-
lations of non-key tokens because we empirically
find that when the LLM is not given a grounding
context, the low-entropy tokens in the generated
answer are mostly non-answer tokens. We note
that this simple definition should only be used for
ungrounded generations because for a grounded
generation, an important answer token may actu-
ally have low entropy due to the presence of the
same/related tokens in the grounding document.

C.3 Model Choices

The models covered in this paper are the main-
stream models that have completely open licenses
(Apache and MIT licenses) and have model sizes
that we can efficiently train with our compute re-
sources. Some other “open models” were not cho-
sen due to the legal constraints of their specific

terms and conditions (e.g., Llama models are only
fully open-sourced to companies that have fewer
than 700 million monthly active users).

C.4 Discussion on RAG Scoring Frameworks

A separate line of work develops scoring frame-
works for RAG outputs. They address problems
distinct from ours and rely on assumptions that
conflict with the reference-free, training-free, cross-
domain setting that motivates GROGU.

RAGAS (VibrantLabs, 2024; Es et al., 2024)
is a representative evaluation library in this area,
but it does not provide a usefulness metric compa-
rable to ours. It either requires annotations (e.g.,
grading notes, gold references) or reports generic
judge-assigned relevance, both of which we want
to avoid. Our paper already compares against sev-
eral other recent methods that rely on annotations
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Question: Who hosted They Think It’s All Over?
Gold Answers: [‘Lee Mack’, ‘Nick Hancock’]
Tokens selected by our KeyEntropy algorithm for calculation are in blue.

Grounded on a retrieved passage that does not contain the answer

• Generated Answer: Jonathan Ross hosted “They Think It’s All Over.” ✗

• Entropy: 0.466

• KeyEntropy: 1.024

Grounded on a gold passage

• Generated Answer: Nick Hancock, followed by Lee Mack ✓

• Entropy: 0.569

• KeyEntropy: 0.569

Entropy by token:

Figure 5: Example showing that KeyEntropy mitigates the issue of non-answer tokens. The model answers
the question correctly when grounded on the gold passage but the average entropy is higher, indicating a lower
confidence. KeyEntropy identifies and omits the tokens in the incorrect answer that repeat part of the question,
which skews the entropy calculation.

(Section 5.2, Section 6).

Other approaches in this area, such as
ARES (Saad-Falcon et al., 2024) and DIRAS (Ni
et al., 2025), focus on domain-specific, fine-tuned
judges, where a separate evaluator LLM is fine-
tuned to produce scores. ARES requires domain-
specific human annotations. DIRAS replaces hu-
man annotations with annotations distilled from
a strong frontier model and then trains an open-
source annotator. In both cases the resulting evalu-
ator is domain-specific: a new round of annotation
collection and a new evaluator must be produced
for each new dataset or domain. This is incompati-
ble with our goal of a single metric that can be ap-
plied across datasets without per-domain training.

Additionally, DIRAS only produces a relevance
score that is independent of the downstream LLM
that will consume the document, so it inherits the
LLM-agnostic limitations identified in Section 2
and demonstrated empirically in Section 4.2 and
Section 4.3.

C.5 Accuracies in the Less Relevance But
More Utility experiment

Table 6 reports the exact accuracies behind the anal-
ysis in Section 4.2, where we compare an LLM’s
accuracy when conditioned on a context of 1 gold
document and 4 random documents (with-rand)
against its accuracy when conditioned on a context
of 1 gold document and the top 4 retrieved docu-
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ments (with-retr). For both Phi and Qwen, the
with-rand context yields higher accuracy than the
with-retr context, replicating the finding of Cu-
conasu et al. (2024) with more recent LLMs and
motivating the per-query concordant/discordant
analysis in the main text.7

Phi Qwen
with-retr Acc (%) 87.0 80.3
with-rand Acc (%) 91.4 88.2
with-retr wins 58 93
with-rand wins 186 321
ties 2645 2475

Table 6: Full version of Table 2 including the exact
LLM accuracies (%) when conditioned on with-retr
and with-rand contexts.

C.6 Computational Cost of GROGU Scoring

GROGU is designed to replace manual annotation,
which requires an annotator to identify at least one
ground-truth document for every query, out of a
large corpus, and which must be repeated for every
new domain. GROGU’s fully automated process is
substantially cheaper. Its main computational over-
head is the same as asking the model to answer the
query. LLM-judge-based approach could be an al-
ternative but is not more efficient: any judge also re-
quires at least one model call per candidate context,
typically with a larger judge model and/or chain-
of-thought decoding in order to be reliable, which
amounts to more computation than a single forward
pass through the downstream LLM. Judges addi-
tionally tend to require annotated references or per-
domain evaluator training (Appendix C.4), which
conflicts with our reference-free, cross-domain set-
ting.

Cost measurement Table 7 reports the average
wall-clock time to compute the GROGU score for a
single candidate grounding context, i.e., the top-10
documents retrieved by one rewrite. The candi-
dates for a query are independent of one another, so
scoring is fully parallelizable and can be optimized
with many inference-acceleration techniques. Ta-
ble 7 just uses the vLLM 0.11.0 library’s default
continuous batching and other default settings and
the A100 GPU. More modern hardware, inference
implementation, and optional dependencies will
likely further reduce the time cost.

7We follow Cuconasu et al. (2024)’s steps to compute
accuracy, which treats the correctness of an answer as binary
(either correct or incorrect).

Downstream LLM TopiOCQA (s) QReCC (s)

Qwen2.5-7B 0.11 0.26
Phi-4 (14B) 0.22 0.49
Qwen2.5-32B 0.26 0.59
Olmo-3.1-32B 0.27 0.60

Table 7: Average wall-clock time in seconds to com-
pute the GROGU score for a single candidate ground-
ing context (the top-10 documents retrieved by one
rewrite). Computed from a randomly sampled 2500
(query, rewrite) pairs from each dataset. Measured on
1×A100 80GB GPU, except for the 32B models, which
use 2×A100 80GB.

One-time cost at training time In our main ap-
plication (Section 5), GROGU is used only to con-
struct preference data and adds zero overhead at
inference time. Because this is a one-time cost, we
extract a single preference pair from a sizable pool
of 25 candidate rewrites, and therefore 25 ground-
ing contexts. This 25-candidate setting is specific
to data collection, where we deliberately score a
large and diverse rewrite pool. A training-free de-
ployment use of GROGU, such as selecting among
the grounding contexts produced by a few different
retrieval pipelines, involves far fewer candidates
per query.

C.7 Further Discussion on Entropy
Entropy as an established confidence measure
Using the token-level entropy of an off-the-shelf
LLM to reflect its generation confidence or un-
certainty is established practice (Xu et al., 2020;
Jiang et al., 2021; Li et al., 2022). We therefore
treat the motivation for entropy itself as well es-
tablished, and focus our contribution on improving
how entropy is applied to the RAG setting through
key-token selection.

Entropy versus Perplexity The two measures
differ in how much of the model’s output distribu-
tion they use. A language model’s perplexity over
a generated sequence y of length t is

PPL(y) = exp

{
−1

t

t∑

i=1

log pθ(yi | y<i)

}
,

which depends only on the probability assigned to
the token that was actually generated, i.e., the most
likely token at each position under greedy decoding.
The token-level entropy we use instead sums over
the entire vocabulary at each position (Section 3.2),
so it also reflects how the remaining probability
mass is distributed. Two grounding contexts can
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therefore yield nearly identical perplexity while
leaving the model with different amounts of un-
certainty, which perplexity cannot distinguish but
entropy can. This difference likely contributes to
the results that the entropy-based formulations con-
sistently outperform their perplexity-based counter-
parts in Section 4.

Relationship to uncertainty calibration
GROGU is designed to work with off-the-shelf
models, so we do not include a calibration stage
that updates model weights, and our approach
already produces strong empirical results. Models
can nonetheless be calibrated through finetuning
so that their generation entropy better tracks the
correctness of their output (Jiang et al., 2021), and
we would expect a better-calibrated model to yield
a sharper GROGU signal. We leave training-time
interventions for such calibration to future work.

D Additional Results

D.1 Same Document But Different Utility

Table 8 presents additional results on the Same
Document But Different Utility experiment intro-
duced in Section 4.3. The same analysis with
entropy-based metrics from Section 4.3 still ap-
ply to the perplexity-based metrics. We see that
the perplexity-based utility metrics can also help
identifying the contexts that give higher perfor-
mance than the random baseline and an LLM gen-
erator achieves the best performance if the utility
scorer is the same model (e.g., Phi(DPhi) instead
of Phi(DQwen)). This further supports our analysis
in Section 4.3. In general, using KeyPPL to select
grounding contexts gives the higher performance
than just standard perplexity, further indicating the
benefits of key token selection. We also note that
when Phi is used as both the generator and utility
scorer, KeyPPL leads to slightly better performance
than the corresponding KeyEntropy from Table 4
(75.3 vs. 74.7) but this difference is not statisti-
cally significant and KeyEntropy still outperforms
KeyPPL most of the time across the tasks.

D.2 Downstream Generator Performance

We measure the performance of the downstream
LLM that uses the documents retrieved by the
rewrites. Because word-overlap-based metrics (Pre-
cision, Recall, F1 and Exact Match) are problem-
atic for evaluating free-form generation (Risch

Utility Metric

PPL KeyPPL Random
Phi(DPhi) 74.0 75.3 72.9Phi(DQwen) 71.9 72.4

Qwen(DQwen) 68.4 69.2 66.0Qwen(DPhi) 65.8 66.5

Table 8: Generation accuracy for different scenarios
of the Same Document But Different Utility test for
perplexity-based utility metrics

et al., 2021),8 we focus on the accuracy judged
by the LLM judge. We adapt the LLM-judge for
QA tasks from Ni et al. (2024) to evaluate the gen-
erator’s answers. We use GPT-4o-mini as the judge
and prompt it to produce a binary label for each
of the generator’s answer. An answer is consid-
ered correct as long as the LLM judge matches
any of the gold answers. The LLM judge’s out-
put is reported as accuracies (“acc”) in Table 9.
The LLM judge is more suitable for the free-form,
open-ended setting than the word-overlap metrics,
though it would still underestimate the generation
performance when there are multiple semantically
different correct answers but the provided gold an-
swers are limited.

As presented in Table 9, we observe that our
method is able to consistently provide statistically
significant improvements in the downstream LLM
accuracy.9 For example, GROGU trained models
are able to improve the accuracy of Qwen from
48.8% (Original) to 56.2% for TopiOCQA and
from 51.4% to 60.5% for QReCC when using a
BM25 retriever. We observe similar outcomes for
the Phi model. When using the ANCE retriever the
improvements are smaller in magnitude, as they
start from a higher baseline, e.g., Phi improves
from 66.7% to 70.1% in TopiOCQA. Notably, we
notice that our method is improving also with re-
spect to the BaseSFT approach, with gains around
4-8 points in the BM25 setting and .5-4 points with
ANCE. The magnitude of changes is smaller than
those with the retrieval results, likely a result of the
accuracy metric underestimating the actual perfor-
mance in free-form QA. Yet, they still show that

8The evaluation of free-form, open-ended questions is dif-
ficult because they often have many correct answers (Anantha
et al., 2021) while the benchmarks come with only one or few
gold answers. Thus it can under-estimate the LLM’s accuracy.
LLM judge mitigates this by better recognizing semantically
equivalent answers but does not solve the issue fully.

9The previous works we used in retrieval evaluation do
not report the downstream LLM performance, so we are only
comparing the untrained models vs. the models we trained.
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TopiOCQA QReCC
Type Method. EM f1* prec* recall* Acc EM f1* prec* recall* Acc

B
M

25
QWEN - Original 17.7 39.8 47.5 46.3 48.8 1.0 28.8 23.8 49.3 51.4

Base SFT 19.0 42.5 50.3 48.7 52.4 1.1 30.8 25.7 51.6 56.0
GroGU 20.3 44.7 52.6 51.3 56.2 1.2 32.3 26.8 53.9 60.5

PHI - Original 5.7 32.3 27.0 63.6 56.4 0.4 32.9 25.7 54.2 59.2
Base SFT 5.5 32.2 26.8 63.7 57.2 0.2 31.9 24.8 53.0 58.1
GroGU 6.6 35.9 30.0 69.8 65.8 0.4 34.1 26.5 56.5 62.6

A
N

C
E

QWEN - Original 19.2 43.1 50.5 50.5 54.3 0.9 27.9 22.9 48.7 50.4
Base SFT 20.9 46.7 54.0 55.1 60.2 1.1 30.1 24.7 51.6 55.7
GroGU 20.8 46.9 54.6 54.7 60.7 1.1 31.1 25.6 52.9 58.3

PHI - Original 6.2 36.0 29.8 70.2 66.7 0.4 32.0 24.8 53.3 57.6
Base SFT 6.2 36.1 29.9 70.5 66.2 0.3 31.5 24.4 52.6 57.5
GroGU 7.0 37.7 31.2 73.1 70.1 0.4 33.0 25.6 55.0 60.1

Table 9: Downstream LLM performance on TopiOCQA and QReCC. We calculate the word overlap metrics f1*,
prec*, recall* based on the method from Adlakha et al. (2022). A test instance (a query) may have more than one
gold answers. For each model answer, we compute f1, precision, and recall with respect to every gold answer. We
then take the mean of the maximum f1, precision, and recall values for each answer.

our annotation-free method can provide sizable im-
provements in generation accuracy.

D.3 Additional Context Selection Results

Besides training a query-rewriter, GROGU can also
be applied directly as a context selection step to
improve the quality of the grounding contexts sent
to the downstream LLM. Section 4.3 provides pre-
liminary evidence by showing that GROGU iden-
tifies the more useful context among marginally
different candidates. More direct evidence comes
from our preference data construction process it-
self: GROGU identifies the more useful grounding
contexts, and the rewritten query that produced
them is labeled as the preferred data.

This context selection application can also be un-
derstood via a related training-free scenario. Sup-
pose we cannot train a query-rewriter but can use
GPT-4 to generate a diverse set of rewritten queries
per instance as we did for preference data construc-
tion. Each rewritten query yields a potentially dif-
ferent group of grounding documents, and GROGU
can select the group most useful for the down-
stream LLM. Because this scenario is effectively
a byproduct of our preference data construction,
we observed that the contexts selected by GROGU
consistently achieved higher MRR and Recall@K
than the average across all contexts. Since the re-
sult is consistent and largely a consequence of the
same mechanism that drives our main training re-
sults (Section 5), we report a single representative
example in Table 10 rather than for every possible
combination.

MRR Recall@10 Recall@20

GROGU selection 48.6 77.9 84.0
No selection 37.5 59.7 68.5

Table 10: GROGU context selection application.
‘GROGU selection’ represents choosing the group of
contexts that received the highest GROGU score for
each instance. ‘No selection’ represents the average
of all grounding contexts (retrieved by all 25 GPT4-
generated queries per instance).

D.4 DPO with Randomly Paired Preferences
As a quick additional ablation, we construct the
DPO preference pairs by sampling two rewrites ran-
domly from the same 25-candidate pool for each
query, without GROGU scoring, and train with the
same pipeline otherwise. Table 11 reports the re-
sult. Performance is close to the Base SFT baseline
on both benchmarks and well below GROGU. Ran-
dom pairs carry no utility signal, so the DPO stage
adds little over the SFT. The gap between random
pairing and GROGU therefore reflects the contri-
bution of the utility signal rather than of the DPO
stage itself.

E Additional Implementation Details

E.1 Experiment Implementation
Grounding Utility Hyperparameters We tune
the α and K hyperparameters for KeyEntropy with
the test from Section 4.1. We tune them on a small
calibration set (100 questions) from the train split
of the SQuAD dataset (Rajpurkar et al., 2016),
which is disjoint with any of the data we use in
this paper. For α, We search over a range between
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TopiOCQA QReCC
Method MRR R@10 R@20 R@100 MRR R@10 R@20 R@100

Base SFT 17.4 32.8 41.6 60.5 32.4 51.4 60.1 75.5
Random DPO 16.9 32.5 41.7 60.2 32.0 50.7 59.0 74.6
GroGU 25.7 46.1 54.7 72.0 45.9 67.2 74.9 85.6

Table 11: Retrieval performance when the DPO preference pairs are formed at random (Random DPO). The model is
Qwen and the retriever is BM25. Base SFT and GroGU rows are repeated from Table 5 for reference. As expected,
the Random DPO performance is similar to Base SFT.

0 and 0.5 with a step size of 0.05. For K, we search
over a range between 0 and 1 with a step size of
0.1. We use α = 0.05 and K = 0.1 for both
Qwen-2.5-7b-instruct and Phi-4 in our paper. For
larger LLMs, we noticed that increasing α beyond
0.05 consistently hurt KeyEntropy’s performance
and made KeyEntropy underperform the standard
entropy. This observation led us to additionally
search over the α range (0.01, 0.05) for the two
32B LLMs at a step size of 0.01. As a result, we use
α = 0.02 for Qwen-2.5-32b-instruct and α = 0.01
for Olmo-3.1-32B-Instruct. While this means that
different models potentially require different hyper-
parameters, it is not an issue in practice. We just
need to apply hyperparameter tuning on a small
calibration set for each model. All our experiments
in the paper use the same hyperparameter values
for a given model, showing that the hyperparam-
eters generalize across datasets and task settings
once tuned. We note that this tuning step does not
conflict with our reference-free claim: it is a one-
time step per model, the 100 calibration labels it
uses already exist in a public dataset, and so no
new annotation is collected. Once tuned, applying
GROGU to a new domain, dataset, or task requires
no reference labels, which is the sense in which
GROGU is reference-free throughout this paper.

Training Data We randomly sample 15555
queries from RetPO’s raw TopiOCQA dataset and
13238 queries for its raw QReCC dataset. These are
about half the size of the data RetPO used for their
data preparation and training pipeline. We choose
these dataset sizes to save training compute. We
take the 25 GPT-4 generated rewrites for each query
from RetPO. There are some queries that RetPO
only generated 15 queries, we followed their proce-
dure and generated the remaining 10 queries using
GPT-4. For our main experiments, we use the same
LLM for producing GROGU and query-rewriting
and use the same retriever for training and eval-
uation. For experiments with larger models, we
use a smaller model as the query-rewriter and use

the larger models to assign GROGU scores (further
explained in Appendix F.2).

Utility Scoring The downstream LLM assigns
the GROGU score by taking the top 10 documents
retrieved by the rewritten query. This corresponds
to how the downstream LLM would use the docu-
ments in a simple RAG pipeline, where no reranker
is involved and the downstream LLM just takes the
top 10 documents.

Though not a focus of this paper, this approach
can be easily extended to optimizing a rewriter
while assuming access to a common reranker that
re-ranks the top 100 retrieved documents and sends
K documents to the downstream LLM (e.g., 5 or
10 documents). In this case, we would utilize the
GroGU of the top-K documents after the reranker
as the training signal. In either case, the way we
use GroGU perfectly matches how the downstream
LLM would use the documents. The LLM would
see the same K documents we measure the GroGU
for, which is a feature of our method instead of
a compromise. Because this is an initial paper to
propose the new paradigm of using reference-free
metrics for RAG, we focus on the simpler setup
without a reranker, which already strongly supports
our paradigm with the significant improvements
in retrieval performance (e.g., Recall@10, 20, and
100). We expect the second setup with reranker to
produce similar results given that our method also
substantially improves Recall@100, which would
directly affect the quality of the documents after
reranking.

Hyperparameters for Training We use the
same values from RetPO (Yoon et al., 2025) for
all hyperparameters, except for the learning rates.
We use 2.0e-5 for SFT warmup following (Yoon
et al., 2025). We search over the learning rates
{5.0e − 7, 5.0e − 6, 5.0e − 5} for DPO training.
Table 12 present the full table of learning rates
for DPO training. Similar to RetPO, we train our
models for up to 3 epochs for SFT warmup and 3
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Phi

TopiOCQA QReCC
BM25 5e-6 5e-7
ANCE 5e-7 5e-6

Qwen

TopiOCQA QReCC
BM25 5e-6 5e-6
ANCE 5e-7 5e-6

Table 12: Learning rates for different experiment sce-
narios.

epochs for DPO. For our SFT baseline (Base SFT),
we train it for up to 6 epochs. We take the check-
point with the smallest validation loss. A single
experiment run (SFT+DPO) takes about 2.5 hours
with 8 A100 80GB GPUs.

Statistical Test We use the sign test for all statisti-
cal testing. We use p<0.05 as criterion for statistical
significance unless otherwise specified.

E.2 Softwares Used

• transformers==4.48.2 (BSD-3 license)

• pyserini==0.22.1 (Apache-2.0 license)

• torch==2.7.1 (BSD-3 license)

• vLLM==0.11.0 (Apache-2.0 license)

• Open-sourced codebase of Cuconasu et al.
(2024) https://github.com/florin-git/
The-Power-of-Noise

• Open-sourced codebase of Yoon et al.
(2025). https://github.com/dmis-lab/
RetPO?tab=readme-ov-file

• GPT-4 (gpt-4-0125-preview) and GPT-4o-
mini (gpt-4o-mini-2024-07-18) https://
platform.openai.com/docs/models

AI assistance: We used AI assistants for ques-
tions about LaTeX commands and to polish the
language of the paper. All content and claims are
the authors’ own and were verified by the authors.
Our use of all softwares is consistent with their
intended use.

F Additional Results With Larger LLMs

We present additional results on 32B LLMs, which
largely follow the trends of our main experiments
with the 7B and 14B models. The models tested

are Qwen-2.5-32B-Instruct and Olmo-3.1-32B-
Instruct. We choose these models for the same
consideration explained in Appendix C.3.

F.1 Inference-only Experiments
Table 13 reports the win rates of the gold document
against the distractor and the random document, as
defined in Section 4.1 “Identifying Ground-truth
Documents”. We observe that all metrics give non-
trivial performance in identifying the gold docu-
ments, much greater than random guess (50%).
The entropy-based metrics still overall achieve bet-
ter performance than their perplexity-based coun-
terparts. KeyEntropy also still achieves the best
performance on average, though Entropy’s perfor-
mance is close to KeyEntropy’s.

Table 14 is also consistent with the findings in
Section 4.2, where all the utility metrics show a pos-
itive correlation with the generation performance,
with KeyEntropy significantly outperforming all
the other formulations.

Finally, Table 15 shows the results from the
Same Document But Different Utility experiments
(defined in Section 4.3). It shows that both the
32B models still display some level of order ef-
fects bias and our metric can help identify the order
of documents that’s most useful to a model, in-
creasing Olmo’s performance from 63.8 (random
baseline) to 66.2 and Qwen’s performance from
83.8 (random baseline) to 84.7. We notice that the
documents assigned higher utility by Qwen (i.e.,
DQwen) also lead to a slightly higher accuracy for
Olmo (64.9), though they are still not as effective as
those assigned high utility by Olmo itself (DOlmo),
which gives an accuracy of 66.2.

F.2 Training Experiments
Setup Due to the constraints of our computa-
tional resources, our experiments with larger mod-
els do not use every combination of experiment
conditions that we used in our main experiments.
Nonetheless, the experiments we conducted still
demonstrate that our metric generalizes well to
larger models. Specifically, we use the Qwen-2.5-
7B-instruct model as the backbone of the query-
rewriter and use a larger 32B model as the down-
stream LLM that assigns the utility scores. It’s dif-
ferent from our main experiments’ setting, where
we used the same small model as both the query-
rewriter and the downstream LLM. This new set-
ting actually represents a realistic scenario where
the query-rewriter is a relatively small model and
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the downstream LLM is larger. In our previous
main experiments, we used the same retriever for
training data construction and evaluation. For large
model experiments, we only use the BM25 retriever
when constructing the training datasets but we also
evaluate the final trained rewriter with ANCE.

Results As presented in Table 16, we see consis-
tent, substantial improvement over the off-the-shelf
model and Base SFT, a trend similar to our main re-
sults in Table 5. Additionally, even though we only
used BM25 as the retriever to construct the training
data, we still see large improvements when evaluat-
ing with the ANCE retriever. This means that the
query-rewriter trained with one retriever general-
izes well to another retriever, which is consistent
with the findings in the original RetPO paper (Yoon
et al., 2025).
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NQ SQuAD

Model Metric Gold/ Gold/ Gold/ Gold/ Avg
Dist Rand Dist Rand

Qwen

PPL 77.2 79.3 81.8 87.9 81.6
KeyPPL 79.0 82.8 82.4 89.9 83.5
Entropy 79.8 82.9 85.3 90.9 84.7
KeyEntropy 79.9 84.0 84.3 91.7 85.0

Olmo

PPL 72.0 75.7 80.1 85.9 78.4
KeyPPL 71.6 77.6 80.0 87.0 79.1
Entropy 76.6 81.3 84.8 90.3 83.3
KeyEntropy 75.9 83.2 85.5 91.4 84.0

Table 13: 32B models’ win rates of gold vs. distractor/random with different metrics on Natural Questions (NQ)
and SQuAD.

Model Metric τ Acc (%) F1 (%)

Qwen

PPL 0.189 59.4 53.4
KeyPPL 0.246 62.3 54.4
Entropy 0.246 62.3 55.3
KeyEntropy 0.288 64.4 57.5

Olmo

PPL 0.068 53.4 52.8
KeyPPL 0.107 55.4 54.9
Entropy 0.160 58.0 57.1
KeyEntropy 0.186 59.3 58.7

Table 14: Simple classifier performance and the correlation between utility and accuracy (τ ) for 32B models.

Metric

PPL KeyPPL Entropy KeyEntropy Random
Olmo(DOlmo) 64.4 65.2 65.7 66.2

63.8
Olmo(DQwen) 65.1 64.8 64.8 64.9
Qwen(DQwen) 84.0 84.2 84.5 84.7

83.8
Qwen(DOlmo) 83.1 84.3 83.1 83.5

Table 15: Generation Accuracy for different contexts scenario for 32B models. We present the random baselines in
the last column, which correspond to Olmo(Drand) and Qwen(Drand).
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TopiOCQA QReCC
Type Method MRR R@10 R@20 R@100 MRR R@10 R@20 R@100

Sp
ar

se
(B

M
25

) Before Post-training 14.6 27.8 35.5 52.7 27.7 43.6 50.7 65.4
Base SFT 17.4 32.8 41.6 60.5 32.4 51.4 60.1 75.5
GroGU (Qwen-32b) 27.2 49.8 59.3 74.5 47.0 67.4 75.2 85.6
GroGU (Olmo-32b) 26.8 48.1 57.4 74.3 45.1 65.9 73.6 84.8

RetPO 28.3 48.3 - 73.1 50.0 69.5 - 89.5
ConvGQR 12.4 23.8 - 45.6 44.1 64.4 - 88.0
IterCQR 16.5 29.3 - 54.1 46.7 64.4 - 85.5
ADACQR 28.3 48.9 - 71.2 55.1 76.5 - 93.7

D
en

se
(A

N
C

E
) Before Post-training 28.1 47.7 54.1 65.1 29.6 45.7 51.0 59.9

Base SFT 33.9 56.8 64.2 76.1 35.2 54.1 61.1 71.2
GroGU (Qwen-32b) 41.1 63.3 70.8 81.7 40.7 60.8 67.4 76.5
GroGU (Olmo-32b) 39.6 63.0 69.9 80.1 40.6 60.8 67.5 76.7

RetPO 30.0 49.6 - 68.7 44.0 66.7 - 84.6
ConvGQR 25.6 41.8 - 58.8 42.0 63.5 - 81.8
IterCQR 26.3 42.6 - 62.0 42.9 65.5 - 84.1
ADACQR 38.5 58.4 - 75.0 45.8 67.3 - 83.8

Table 16: Sparse and dense retriever performance on TopiOCQA and QReCC. Results are presented in two groups:
reference-free methods and baselines that require ground-truth annotations. The best result in each group is shown
in bold. GroGU (Qwen-32b) and GroGU (Olmo-32b) represent experiments where the preference data are produced
by the utility scores assigned by the 32B models, showing that our metric generalizes well to larger models. Baseline
models’ performance scores are those reported in their original papers, which do not report Recall@20.
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G Related But Not Comparable Methods

We report the performance of the methods that are
related but not comparable with ours in Table 17.
Promptriever (Weller et al., 2025) is based on a
versatile LLM and designed to understand any in-
put instruction/text to retrieve relevant documents.
One may expect it to understand the conversational
context and the instruction to find documents that
answer the last question without any training. How-
ever, we empirically find that it performs much
worse than our method or the comparable baseline
RetPO, which are finetuned for the conversational
query-rewriting task.

Query2Doc (Wang et al., 2023a) uses few-shot
examples to prompt an LLM to write a pseudo-
document that answers the given question. Given
the LLM’s parametric knowledge of what may be
relevant and the longer query (a passage rather
than a question), one may expect this method to be
applicable to conversational query-rewriting. We
find that it still performs worse than our method
or other baselines, despite incurring substantially
higher generation costs. It only performs on par
with or better than our method in a small number
of scenarios (such as with Phi-4 on the QReCC
dataset).

ConvSearch-R1 (Zhu et al., 2025) requires gold
labels and is thus not a fair baseline to compare
with ours. It also uses reasoning chains and on-
line RL training, which require substantially more
compute for both training and inference than our
method and other baselines. Because of this, it is
not surprising that ConvSearch-R1 overall outper-
forms the comparable baseline, RetPO. However,
the high demand for inference-time compute makes
it less suitable for practical applications, where the
retrieval process needs to be done efficiently to
minimize latency and compute cost. Additionally,
ConvSearch-R1’s benefits become notably smaller
at Recall@100, so in practical retrieval pipelines
where a reranker would be applied to the top-100
documents, the performance gap would have even
less impact on the final grounding documents’ qual-
ity.

Finally, we expect that our metric can replace
ConvSearch-R1’s training reward that is based on
gold passage labels, and leave this study to future
work. For this paper, we choose RetPO as the
framework to test our metric because ConvSearch-
R1 requires too much resource to train (beyond
our current capacity) and it is not suitable for ef-

ficient practical applications due to the high infer-
ence cost.
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TopiOCQA QReCC
Type Method MRR R@10 R@20 R@100 MRR R@10 R@20 R@100

B
M

25

GroGU - QWEN 25.7 46.1 54.7 72.0 45.9 67.2 74.9 85.6
GroGU - PHI 27.2 48.8 58.6 74.8 45.8 66.2 73.7 84.3
RetPO 28.3 48.3 - 73.1 50.0 69.5 - 89.5
Query2Doc - Qwen 16.7 29.2 35.0 47.7 38.5 54.4 60.7 70.7
Query2Doc - Phi 24.5 42.2 49.9 66.2 48.6 67.6 73.8 82.5
ConvSearch-R1 - 59.6 - 80.1 - 77.2 - 89.0

A
N

C
E

GroGU - QWEN 37.8 61.7 68.7 79.8 40.2 60.8 67.5 76.8
GroGU - PHI 38.1 61.1 68.3 79.6 39.4 59.8 67.1 76.3
RetPO 30.0 49.6 - 68.7 44.0 66.7 - 84.6
Query2Doc - Qwen 35.7 56.2 63.2 74.5 40.5 59.5 66.3 74.6
Query2Doc - Phi 36.5 58.5 65.6 77.6 43.6 64.1 70.9 78.7
ConvSearch-R1 - 72.0 - 86.3 - 70.6 - 82.8
Promptriever 7.4 12.8 15.4 22.6 11.4 19.9 24.9 32.1

Table 17: Performance of other not comparable methods. “-” indicates values not reported in the method’s paper.
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