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Abstract

Traditional Information Retrieval (IR) met-
rics, such as nDCG, MAP, and MRR, assume
that human users sequentially examine doc-
uments with diminishing attention to lower
ranks. This assumption breaks down in Re-
trieval Augmented Generation (RAG) systems,
where search results are consumed by Large
Language Models (LLMs), which, unlike hu-
mans, process all retrieved documents as a
whole rather than sequentially. Additionally,
traditional IR metrics do not account for related
but irrelevant documents that actively degrade
generation quality, rather than merely being ig-
nored. Due to these two major misalignments,
namely human vs. machine position discount
and human relevance vs. machine utility, clas-
sical IR metrics do not accurately predict RAG
performance. We introduce a utility-based an-
notation schema that quantifies both the posi-
tive contribution of relevant passages and the
negative impact of distracting ones. Building
on this foundation, we propose UDCG (Util-
ity and Distraction-aware Cumulative Gain), a
metric using an LLM-oriented positional dis-
count to directly optimize the correlation with
the end-to-end answer accuracy. Experiments
on five datasets and six LLMs demonstrate that
UDCG improves correlation by up to 36% com-
pared to traditional metrics. Our work provides
a critical step toward aligning IR evaluation
with LLM consumers and enables more reli-
able assessment of RAG components1.

1 Introduction

The emergence of Retrieval Augmented Genera-
tion (RAG) systems has fundamentally transformed
how we approach knowledge-intensive natural lan-
guage processing tasks (Gao et al., 2024). By
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combining the parametric knowledge of Large
Language Models (LLMs) with the dynamic re-
trieval of relevant information from external cor-
pora, RAG systems have demonstrated remarkable
capabilities across diverse applications, including
question answering (Lewis et al., 2020; Izacard
and Grave, 2021) and fact-checking (Khaliq et al.,
2024) and beyond. However, as these systems have
gained prominence, a critical gap has emerged be-
tween the evaluation methodologies inherited from
traditional information retrieval (IR) and the unique
characteristics of LLM-based retrieval consumers.

Traditional offline IR evaluation metrics, in-
cluding Normalized Discounted Cumulative Gain
(nDCG) (Järvelin and Kekäläinen, 2002), Mean
Average Precision (MAP), and Mean Reciprocal
Rank (MRR), were developed with human users in
mind (Manning et al., 2008). In other words, they
assume that the ultimate judge of the quality of the
results is a human. These assumptions cause two
major limitations in the generative AI and agentic
AI eras, when LLMs or more generally machines
consume the search results.
Human vs. Machine Position Discount. Hu-
mans sequentially examine retrieved documents;
therefore, human-centric IR metrics assign mono-
tonically decreasing weights to lower-ranked doc-
uments, reflecting the intuitive notion that doc-
uments appearing further down the list are less
likely to be examined and therefore less valuable to
the user. Conversely, in the case of RAG systems,
LLMs process all retrieved documents as a whole
within their input context. Recent research has
revealed that LLMs exhibit systematic positional
biases when processing prompts that include multi-
ple documents (Liu et al., 2024; Hutter et al., 2025).
These biases can manifest in various patterns de-
pending on the model and context, potentially caus-
ing LLMs to attend differently to information based
on its position in the prompt. This suggests that
the monotonic position-based discount embedded

8359

https://github.com/GiovanniTRA/UDCG


in classical IR metrics may not accurately reflect
how LLMs leverage retrieved content, and how it
should be valued.
Human Relevance vs. Machine Utility. A second
limitation is that traditional IR metrics operate un-
der a simplistic binary (relevant vs. irrelevant) or
ordinal (e.g., 0-5 relevance scale) relevance frame-
work, treating all non-relevant documents as equiv-
alent. This assumption fails to capture two crucial
aspects of the RAG setting: (i) LLMs might fail to
use relevant passages (e.g., because they are con-
voluted); and (ii) irrelevant documents not only do
not contribute value, they actually have a negative
impact as they act as distractors that can mislead
the LLM and degrade the system performance (Cu-
conasu et al., 2024; Jin et al., 2025). The heteroge-
neous nature of these distracting effects means that
different irrelevant documents can have vastly dif-
ferent impacts on the quality of the final generation
(Amiraz et al., 2025). Yet, current metrics provide
no mechanism to distinguish between them.

These two limitations of existing IR relevance
metrics extend beyond theoretical concerns. They
have practical implications for RAG system devel-
opment and deployment, since IR components are
optimized using these metrics, which may actually
harm end-to-end system performance. We argue
here that RAG systems face today a fundamental
challenge: how can they be reliably evaluated and
improved, when their retrieval component is opti-
mized for metrics designed for an entirely differ-
ent use case? This paper addresses this challenge
through both empirical analysis and methodologi-
cal innovation.

We begin by providing concrete demonstrations
of how traditional IR metrics fail to predict RAG
performance, using constructed examples that high-
light the disconnect between metric scores and
actual system effectiveness. To address this dis-
connect, we propose a novel passage annotation
strategy that fundamentally reconceptualizes rele-
vance assessment for LLM consumers. Rather than
relying on discrete relevance judgments designed
for human interpretation, we introduce a continu-
ous utility scoring framework that captures both
the beneficial impact of relevant passages on LLM
generation quality and the distracting effects of ir-
relevant passages that can mislead the model. This
dual consideration of utility and distraction enables
a more nuanced understanding of how individual
passages contribute to or detract from end-to-end
system performance. We demonstrate the practical

value of this annotation approach by showing that
ranking retrieved passages according to our utility
scores and selecting the top-k results yields signifi-
cantly better LLM accuracy compared to selection
based on traditional relevance annotations. This
finding provides empirical evidence that optimiz-
ing for utility-aware rankings directly translates to
improved RAG system performance.

Building on these utility-based annotations, we
introduce a novel evaluation metric specifically de-
signed for RAG systems that we refer to as Utility
and Distraction-aware Cumulative Gain (UDCG).
UDCG leverages our continuous scoring frame-
work to substitute human relevance with machine
utility. Moreover, it applies an LLM-oriented po-
sitional discount that directly optimizes the corre-
lation between the IR metric and the end-to-end
answer accuracy. Through comprehensive experi-
ments across six different LLMs and five diverse
benchmarks, we demonstrate that UDCG exhibits
substantially stronger correlation with end-to-end
RAG accuracy than traditional IR metrics, with in-
crements up to 36%. These results establish UDCG
as a more reliable indicator of retrieval component
quality for RAG systems, enabling practitioners to
optimize their systems toward metrics that actually
predict downstream performance.

2 Related Work

2.1 Retrieval Augmented Generation

Recently, RAG has emerged as a new application
of IR systems: LLMs by accessing information
retrieved with IR systems can incorporate exter-
nal knowledge into their outputs, improving the
response quality (Lewis et al., 2020; Gao et al.,
2024; Fan et al., 2024). This approach addresses
critical limitations of standalone language models,
particularly their tendency toward hallucination and
their inability to access information beyond their
training cutoff dates. When operating in the RAG
setting, LLMs have two major limitations related
to their ability to capitalize on the input context.
First, the effect of irrelevant documents, defined
in Cuconasu et al. (2024) as documents not con-
taining the answer to the question. Humans are not
really confused by their presence in the result list
since they can quickly skim and dismiss them. On
the contrary, for LLMs in RAG systems, irrelevant
documents pose a more serious problem: they act
as noise that can dilute attention, trigger hallucina-
tions, or cause the model to synthesize incorrect
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information by attempting to find connections be-
tween the query and unrelated content. Cuconasu
et al. (2024) show that while random passages un-
related to the question do not affect answer quality,
distracting passages, i.e., passages semantically re-
lated to the query but not containing the answer,
do. Attempts to improve the LLM’s robustness
mitigate but do not fully solve the LLM’s suscep-
tibility to irrelevant content (Amiraz et al., 2025;
Jin et al., 2025; Lin et al., 2024; Yoran et al., 2024;
Yu et al., 2024; D’Erasmo et al., 2025). Amiraz
et al. (2025) expand this line of research and pro-
pose a continuous score to measure the distracting
effect of irrelevant passages. Formally, they com-
pute the distracting effect DEq(p) of an irrelevant
passage p for question q as the probability of the
LLM not abstaining when receiving only passage
p and question q in its prompt:

DEq(p) = 1− pLLM(NO-RESPONSE|q, p) (1)

In our paper, we will include this formulation as a
core component of our proposed metric for evalu-
ating IR systems serving the RAG scenario2.

A second limitation of the LLM’s reading pro-
cess is the positional bias: the capability of identi-
fying relevant content depends on its location in the
prompt. In particular, Liu et al. (2024) discovered
the lost-in-the-middle effect, where the LLMs tend
to ignore information in the middle of the prompt,
and Hutter et al. (2025) demonstrate that different
LLMs exhibit distinct positional bias patterns. Cu-
conasu et al. (2025) extend this work by showing
how the positional bias also affects the impact of
distracting documents.

2.2 IR Evaluation for RAG
Most works in the RAG literature evaluate the IR
components jointly with the generation compo-
nents, by assessing the quality of the RAG end-
to-end response (Yu et al., 2025). This approach,
in addition to obscuring the retrieval’s distinct con-
tribution, is computationally demanding since it
requires generating a response for each new tested
context, including contexts that contain the same
passages but in a different order.

When focusing on specifically evaluating the
retrieved content, most practitioners still rely on
traditional IR metrics, including Precision (Prec),
HITS, Mean Average Precision (MAP), Mean Re-
ciprocal Rank (MRR), and normalized Discounted

2In Appendix C, we also tested the log-likelihood of the
correct answer as an estimator, obtaining worse results overall.

Cumulative Gain (nDCG)3. These metrics have
been designed for human users, and have relevance
as a central notion, which represents the degree to
which a retrieved document satisfies a user’s infor-
mation need. Also, they generally apply a discount
function to reduce the contribution of documents at
lower ranks, reflecting the realistic assumption that
users are less likely to examine documents further
down in the ranking.

A few papers propose IR evaluation strategies
directly designed for the RAG setting. Salemi and
Zamani (2024) propose eRAG: they score each doc-
ument based on the quality of the LLM’s response
when receiving only that document as a context
in a RAG setting; then they show that using these
scores instead of standard relevance labeling inside
traditional IR metrics (e.g., MAP, MRR, nDCG) im-
proves their correlation with the end-to-end RAG
performance. Dai et al. (2025) propose Semantic
Perplexity, a metric that captures the LLM’s inter-
nal belief about the correctness of the generated
answer, by quantifying the variation of perplexity
in the LLM response when answering with and
without the retrieved content. The intuition is that
useful content leads to increased confidence in the
LLM answer.

Similarly to these approaches, in this paper, we
employ an LLM-oriented definition of relevance,
which we integrate with the notion of distracting ef-
fect into a holistic IR metric for the RAG scenario.

3 Flaws of Traditional IR Metrics in RAG

Traditional IR systems and evaluation metrics have
been fundamentally designed with human users
as the primary consumers of retrieved informa-
tion, reflecting assumptions about human cogni-
tive processes, information processing capabilities,
and search behaviors. These metrics inherently
assume that users will manually examine ranked
result lists, with higher-ranked documents receiv-
ing greater attention–a design philosophy rooted
in human browsing patterns (Granka et al., 2004;
Cutrell and Guan, 2007).

When the consumers of IR results are LLMs in-
stead of humans, many of these assumptions do not
hold. First, the human-centric notion of document
relevance does not necessarily align with the doc-
ument utility in enabling an LLM to successfully
execute its task (Tian et al., 2025).

Moreover, there is a fundamental difference in
3A detailed description of these metrics is in Appendix A.

8361



Model Rel in WD Rel in HD ∆ (WD - HD)

Llama 3B 81.11 75.56 5.55
Llama 8B 89.44 82.22 7.22
Llama 70B 90.32 83.50 6.82
Gemma 4B 84.00 78.89 5.11
Mistral 7B 88.33 82.00 6.33
Qwen 7B 87.78 78.67 9.11

Table 1: Answer accuracy of LLMs prompted with
one relevant passage and four Weak Distractors (WD,
DE<0.2) or Hard Distractors (HD, DE>0.8). All differ-
ences are statistically significant (Wilcoxon, p < 0.05).

how humans and LLMs handle irrelevant docu-
ments, as LLMs lack the intuitive filtering mecha-
nisms that allow humans to cleanly separate signal
from noise. Jin et al. (2025) provide evidence of
this by showing that irrelevant passages retrieved
by high-performing retrieval systems are more dis-
tracting, and therefore they cause more harm, than
irrelevant passages retrieved by weaker retrieval
systems. Consequently, we argue here that IR sys-
tems that are trained and evaluated over traditional
IR metrics are likely to optimize for the wrong ob-
jective when the consumer of results is an LLM, a
machine, rather than a human.

Table 1 exemplifies this flaw by comparing the
average answer accuracy on NQ4 of several LLMs
when prompted with a single relevant passage sur-
rounded by only weakly or only hardly distracting
passages. All traditional IR metrics5 would score
these two scenarios equally, although their end-
to-end accuracy changes significantly, exhibiting
differences of up to 9 accuracy points.

Another aspect to consider when evaluating IR
systems for the RAG scenario is that, unlike hu-
mans who sequentially scan through retrieved doc-
uments one by one until finding relevant informa-
tion or abandoning their search, LLMs process the
entire prompt holistically, consuming all retrieved
documents as a whole. Furthermore, the LLMs’
ability to leverage the input context is affected by
the positional bias. This contradicts the human-
centric reward schema characterizing traditional
IR metrics such as MRR, nDCG, or MAP, where
relevant documents provide a contribution that de-
creases with their position in the ranking.

Figure 1 illustrates this in a controlled exper-
iment where a single relevant passage is moved
in a context of irrelevant ones. Experiments use

4Refer to Section 6 for details on LLMs, benchmarks, and
answer evaluation.

5Henceforth, we assume all metrics have a cutoff at k.
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Figure 1: Misalignment between traditional IR metrics
(blue) and LLM answer accuracy (red) when a single
relevant passage is shifted among irrelevant passages.

Qwen 7B on 500 questions from PopQA, NQ, and
TriviaQA. LLM accuracy exhibits the U-shaped
lost-in-the-middle effect, while nDCG, MAP, and
MRR decrease monotonically6; Precision, being
position-unaware, remains constant.

4 An LLM-oriented Annotation Schema

Building on the discussion in the previous sec-
tion, we propose a novel RAG-oriented annotation
schema that replaces the human-centric notion of
passage relevance with passage utility for an LLM.
Similarly to how the distracting effect is computed,
we assess the utility of a passage p for a question q
as the probability of the LLM not abstaining when
receiving that passage. If the passage is relevant,
i.e., if it contains the answer, we interpret this prob-
ability as the likelihood that the LLM infers such
an answer from the passage7. When the passage
is irrelevant, the non-abstention probability corre-
sponds to the distracting effect (Eq. 1) formalized
in Amiraz et al. (2025), and we interpret it as a
negative utility. More formally, given a question q
and a passage p, the passage utility u is defined as:

u(q, p) = R(q, p)

(
1− pLLM(NO-RESPONSE|q, p)

)
(2)

Where R(q, p) is 1 if the passage p is relevant to the
question q, -1 otherwise. Such a relevance label can
be human-annotated or machine-generated using
the LLM-as-a-judge approach.

6With one relevant passage, MRR equals MAP.
7We assume that relevant passages do not include distract-

ing information. Therefore, when prompted with a lone rel-
evant passage, the LLM either answers correctly or abstains,
and never produces wrong answers. Although potentially pos-
sible, we never observed this case in preliminary experiments.
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Note that for a ranked list of k passages, obtain-
ing utility scores for the k individual passages is
computationally cheaper than applying an end-to-
end evaluation, i.e., running the LLM generator
on the entire list and assessing the quality of its
response. This is because the runtime cost of a
vanilla transformer (Vaswani et al., 2017) scales
quadratically with its input length. Consequently, if
we assume that each passage has an average length
of w tokens, and each answer consists on average
of g tokens, generating the LLM answer using the
full list would cost O(gk2w2); conversely, to ob-
tain the utility of each passage8, we would need
to invoke k times the LLM with a shorter input
and only generate the probability distribution of
the first token, for a total cost of O(kw2).

5 Defining a RAG-tailored Metric

Given a question q, the k retrieved passages C =
[p1, . . . , pk] and their utilities ui = u(q, pi) to an
LLM, we formalize Utility and Distraction-aware
Cumulative Gain (UDCG), a metric to score how
the entire context C is expected to help the LLM to
answer q. We propose two variants of this metric.
The former is a learnable version (UDCGθ) that
holistically accounts for the concepts of passage
relevance, distracting effect, and LLM positional
bias and is defined as follows:

UDCGθ(q, C) = σ

( k∑

i=1

αiu
+
i +

k∑

i=1

βiu
−
i

)
(3)

where u+ and u− are the positive and negative
parts of u, respectively, and isolate the relevance
and distracting effect of the passages; αi and βi are
positional weights associated with the relevance
and the distracting effect of the passages, respec-
tively; finally σ(x) = 1

1+e−x is the sigmoid func-
tion, which is used to bound the range of the metric
in [0, 1] and facilitates the average across multiple
questions. In short, UDCGθ calculates a weighted
sum of the relevance and the distracting effect of
the passages, where the weights take into account
the LLM positional bias. For contexts having k
passages, the metric has 2k parameters, i.e., the
α1, . . . αk and the β1, . . . βk, which can be learned
using a linear model on feature vectors contain-
ing [u+1 , . . . u

+
k , u

−
1 , . . . u

−
k ] trained to predict the

end-to-end answer accuracy.
8We assume passage relevance annotations are provided

(common in IR datasets). Otherwise, they can be computed via
LLM-as-a-judge at a similar cost to the abstention probability.

UDCGθ has two drawbacks: (i) it requires a
training process to learn its 2k parameters; and
(ii) it strictly depends on the number of retrieved
passages k, which means that each value of k re-
quires a dedicated training process. To facilitate the
metric applicability, we propose its training-free
version, named just UDCG for simplicity:

UDCG(q, C) = σ

(
1

k

k∑

i=1

u+i +
γ

k

k∑

i=1

u−i

)
(4)

This version neglects the LLM’s positional bias
and performs a linear combination of the average
passage relevance and the average distracting effect.
There is a single hyperparameter γ ∈ [0, 1] that
balances the contribution of these two terms. It can
be tuned for each scenario, but in our experiments,
we show that γ = 1/3 provides good results on
multiple LLMs and datasets9.

6 Experimental Setting

6.1 Datasets and Models

We run experiments using five question-answering
datasets spanning general knowledge and special-
ized domains. For general knowledge evaluation,
we use PopQA (Mallen et al., 2023), the English
subset of NoMIRACL (Thakur et al., 2024), and
the KILT versions (Petroni et al., 2021) of Nat-
ural Questions (NQ) (Kwiatkowski et al., 2019)
and TriviaQA (Joshi et al., 2017). To evaluate per-
formance in specialized domains, we additionally
include the factoid subset of BioASQ (Tsatsaro-
nis et al., 2015) for biomedical question answer-
ing. For the Wikipedia-based datasets, we use the
KILT corpus10; for BioASQ, we use PubMed11.
We index the corpora using BGE-large-en-v1.5
embedding model (Chen et al., 2024a), with the
only exception of NoMIRACL, which provides
pre-retrieved passages with relevance annotations.

As LLMs for answer generation, we use the
instruction-tuned versions of Llama-3.2-3B (L-
3B), Llama-3.1-8B (L-8B), Llama-3.3-70B (L-
70B) (Grattafiori et al., 2024), Mistral-7B (M-7B)
(Jiang et al., 2023), Gemma-3-4B (G-4B) (Team
et al., 2025), and Qwen-2.5-7B (Q-7B) (Yang et al.,

9We also experimented with neural network architectures
to model inter-document relationships, but their performance
was comparable to UDCGθ while requiring substantially more
computational overhead.

10https://huggingface.co/datasets/facebook/kilt_wikipedia
11https://pubmed.ncbi.nlm.nih.gov/
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2025), spanning different model sizes and fam-
ilies12. We employ greedy decoding for repro-
ducibility.

6.2 Evaluation Strategy

Following established practices in RAG evaluation
(Zheng et al., 2023; Gu et al., 2025; Rahmani et al.,
2024), we assess passage relevance and answer
quality using the LLM-as-a-judge approach. For
passage relevance annotation, we use Claude 3.7
Sonnet via AWS Bedrock to classify each retrieved
passage as relevant or irrelevant by providing both
the query and the reference answer to the model
(see Figure 5). We consider a passage relevant only
if it contains the necessary information to answer
the query. For NoMIRACL, we utilize the rele-
vance annotations directly provided in the dataset.
We then apply our utility-based scoring mechanism
to quantify the effects of different passages on LLM
effectiveness, as described in Section 4.

For the quality evaluation of the responses, we
follow previous work on the evaluation of high-
fidelity RAG (Thakur et al., 2024; Chen et al.,
2024b) and adopt the setting where LLMs are ex-
plicitly asked to abstain when sufficient informa-
tion is not present in the input context (see Figure
4). In this framework a response is completely cor-
rect only if the input context to the LLM contains
at least a relevant passage and its response matches
the reference answer, otherwise is just partially
correct (see Figure 6); we evaluate the semantic
equivalence of the answer with Gemini 2.0 Flash.

This abstention requirement serves multiple pur-
poses: it aligns with real-world deployment sce-
narios where RAG systems must balance informa-
tiveness with reliability, particularly in high-stakes
domains (e.g., biomedicine) where incorrect re-
sponses can be more harmful than acknowledged
uncertainty (Sun et al., 2025); it ensures that re-
sponses are only provided when supported by the
retrieved content, thereby enhancing faithfulness
and user transparency (Wallat et al., 2025); and it
provides clearer attribution of effectiveness to the
retrieval component by preventing LLMs from re-
lying solely on their parametric knowledge when
retrieved context is insufficient (Xu et al., 2024).

12For brevity, we omit version numbers when referring to
models (e.g., Qwen 7B refers to Qwen-2.5-7B).

7 Experimental Results

7.1 Ideal Rankings of Different Annotations

To show the potential of our annotation schema, we
sample 1000 questions from each dataset and re-
trieve the top 25 passages using BGE-large-en-v1.5.
Then we annotate them using (i) binary relevance
labeling, (ii) the eRAG approach (Salemi and Za-
mani, 2024), which assigns a utility score to each
passage by computing the ROUGE-L (Lin, 2004)
similarity between the reference answer and the
answer generated by the LLM when prompted only
with that passage, and (iii) our utility-based annota-
tion schema according to Eq. 2. For each schema,
we assume to have an oracle re-ranker that selects
the best five passages based on their annotations13

and prompt the LLM to generate the response based
on such passages.

For 87% of the queries across the five bench-
marks, there is at least a relevant passage among
the 25 we retrieved; by selecting passages based
on the binary relevance labeling or based on our
annotation schema, relevant passages are always
ranked better than irrelevant ones; therefore, a per-
fect LLM would provide 87% correct responses
and abstain in the remaining 13% of the cases.
Conversely, the passage selection according to the
eRAG annotation schema sometimes favors irrele-
vant passages over relevant ones, resulting in only
71% to 77% of the contexts that include at least a
relevant passage among the selected five, depend-
ing on the LLM; this significantly lowers the upper-
bound answer correctness achievable with eRAG.

Binary Rel. eRAG Our Method

Model C↑ A W↓ C↑ A W↓ C↑ A W↓
Llama 3B 71.6 13.4 15.0 60.5 23.0 16.5 72.9 19.0 8.2
Llama 8B 73.5 15.9 10.6 64.4 23.6 12.0 75.1 20.0 4.9
Llama 70B 78.4 12.1 9.5 65.9 23.7 10.3 80.2 16.7 3.0
Gemma 4B 74.2 7.6 18.2 66.6 11.7 21.7 76.0 13.1 10.9
Mistral 7B 76.2 10.5 13.3 62.7 20.8 16.4 76.9 16.5 6.6
Qwen 7B 72.1 18.5 9.4 62.1 26.3 11.5 73.5 21.8 4.8

Table 2: Percentage of correct (C) answers, abstentions
(A), and wrong (W) answers when LLMs are prompted
with 5 ideal passages based on Binary Relevance, eRAG,
and our utility-based annotations. Results averaged
across all tested datasets. All differences are statisti-
cally significant (Wilcoxon, p < 0.05). Detailed results
in Appendix E.

13For traditional relevance labeling, we order the passages
based on their binary relevance labels, with relevant passages
appearing before irrelevant ones. For passages sharing the
same relevance status (either all relevant or all irrelevant), we
applied secondary sorting based on their retrieval scores.
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Llama 3B Llama 8B Llama 70B

Method NQ Trivia PopQA BioASQ NoMIR NQ Trivia PopQA BioASQ NoMIR NQ Trivia PopQA BioASQ NoMIR

NDCG 0.458 0.545 0.438 0.618 0.326 0.515 0.623 0.499 0.699 0.332 0.560 0.708 0.669 0.752 0.509
MRR 0.452 0.543 0.436 0.617 0.315 0.510 0.619 0.501 0.698 0.323 0.560 0.704 0.667 0.751 0.503
MAP 0.454 0.543 0.438 0.617 0.320 0.513 0.620 0.499 0.697 0.329 0.558 0.707 0.667 0.751 0.506
PREC 0.482 0.600 0.462 0.631 0.373 0.546 0.671 0.532 0.714 0.369 0.591 0.734 0.682 0.769 0.539
HITS 0.411 0.559 0.444 0.590 0.358 0.509 0.638 0.514 0.716 0.359 0.570 0.741 0.662 0.804 0.550
eRAG 0.324 0.219 -0.022 0.290 0.017 0.356 0.265 0.007 0.300 0.031 0.308 0.140 0.010 0.306 -0.053

UDCG 0.536 0.641 0.525 0.665 0.482 0.611 0.711 0.599 0.718 0.503 0.665 0.803 0.707 0.802 0.662
UDCGθ 0.532 0.641 0.512 0.668 0.487 0.615 0.713 0.610 0.743 0.503 0.661 0.806 0.714 0.811 0.653

Gemma 4B Mistral 7B Qwen 7B

Method NQ Trivia PopQA BioASQ NoMIR NQ Trivia PopQA BioASQ NoMIR NQ Trivia PopQA BioASQ NoMIR

NDCG 0.557 0.572 0.514 0.728 0.531 0.548 0.720 0.438 0.734 0.567 0.471 0.478 0.236 0.665 0.292
MRR 0.558 0.575 0.518 0.732 0.524 0.546 0.721 0.440 0.735 0.560 0.475 0.474 0.231 0.668 0.283
MAP 0.555 0.570 0.513 0.728 0.527 0.544 0.718 0.437 0.733 0.564 0.469 0.474 0.232 0.663 0.288
PREC 0.572 0.595 0.560 0.759 0.561 0.589 0.752 0.503 0.754 0.600 0.510 0.552 0.296 0.699 0.329
HITS 0.554 0.592 0.524 0.758 0.576 0.542 0.742 0.456 0.768 0.606 0.463 0.459 0.201 0.689 0.305
eRAG 0.408 0.316 -0.130 0.444 0.023 0.361 0.318 -0.039 0.321 0.017 0.316 0.226 -0.046 0.343 -0.027

UDCG 0.587 0.681 0.607 0.776 0.626 0.629 0.786 0.542 0.767 0.609 0.605 0.649 0.397 0.752 0.562
UDCGθ 0.593 0.682 0.598 0.793 0.618 0.634 0.783 0.556 0.777 0.632 0.601 0.650 0.406 0.755 0.550

Table 3: Spearman correlation between IR metrics and end-to-end RAG accuracy. Bold indicates best per model-
dataset combination. UDCG improvements are statistically significant (bootstrap, p < 0.05).

Table 2 reports the average results across the
five benchmarks. Our annotation schema always
improves results significantly, demonstrating that
achieving perfect traditional IR metrics is insuffi-
cient for optimal RAG performance, calling for the
development of new evaluation frameworks that
better align with the objectives of modern retrieval-
augmented generation systems. In particular, our
annotation schema, by selecting all possible rele-
vant passages and completing the context with the
irrelevant ones that minimize the distracting effect,
facilitates the LLM task of inferring the right an-
swer when present in the passage context, leading
to up to 2% more correct answers than the binary
relevance labeling. Additionally, when no relevant
passage is present, the absence of hard distracting
passages helps the LLM to abstain, reducing by
half the wrong answers. The improvement w.r.t.
eRAG is even more evident, and we argue that
the main reasons for this difference are (i) eRAG
neglects the damaging impact of distracting doc-
uments, and (ii) eRAG uses ROUGE-L, which is
a weak estimator of the answer quality, as other
token-level answer equivalence measures (Bulian
et al., 2022).

7.2 Correlation between IR Metrics and
Answer Accuracy

To validate the effectiveness of our proposed met-
rics, we conducted comprehensive experiments ex-
amining their correlation with the end-to-end an-
swer accuracy of the RAG system. Specifically,

given a question q, we create 10 different contexts
C1, . . . , C10, each one containing 5 passages, which
we use to generate the corresponding LLM answers
a1, . . . , a10. Then we assess the correctness of each
answer and sort the contexts so that contexts lead-
ing to correct answers are positioned first, followed
by contexts leading to abstation, followed by con-
texts leading to wrong answers. We compare this
ideal context ranking with the one induced by a
metric and compute their Spearman correlation.
We create contexts by randomly sampling passages
from the top-25 retrieved ones. We balanced the
resulting examples so that 50% of the contexts con-
tain at least a relevant passage, while the remaining
50% contain only irrelevant passages.

To learn the θ = {α1, . . . αk, β1, . . . βk} param-
eters of UDCGθ, we use a linear SVMrank model
(Joachims, 2002) with default hyperparameters14.
As a training set, we use 1200 query-context ex-
amples derived from NQ, and tested on 500 query-
context examples extracted from a disjoint set of
NQ questions. Furthermore, we assess whether
the learned metric generalizes to other datasets, by
testing on 500 query-context samples of TriviaQA,
PopQA, NoMIRACL, and BioASQ.

Table 3 reports the results of different LLMs.
Our proposed metrics, UDCGθ and its training-free
version UDCG, consistently achieve the best cor-
relation with the end-to-end RAG accuracy, across
all LLMs and benchmarks, with UDCGθ achiev-

14https://www.cs.cornell.edu/people/tj/svm_
light/svm_rank.html
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Metric L-3B L-8B L-70B G-4B M-7B Q-7B

UDCGθ 0.532 0.615 0.661 0.593 0.634 0.601
(rel-only) 0.508 0.594 0.625 0.567 0.607 0.553
(binary) 0.473 0.542 0.589 0.554 0.584 0.498

UDCG 0.536 0.611 0.665 0.587 0.629 0.605
(rel-only) 0.515 0.599 0.638 0.572 0.606 0.553

Table 4: Ablation study. Spearman correlation with
RAG accuracy. UDCG consistently outperforms
relevance-only baselines.

ing a 36% (+10pts) increase in terms of Spearman
correlation when compared to NDCG (averaging
across all considered LLMs and datasets). UDCGθ,
although trained only on NQ, maintains competi-
tive results on all benchmarks, demonstrating its
generalized applicability.

Surprisingly, the difference between UDCG and
UDCGθ is minor; conversely to UDCG, UDCGθ

accounts for the passage positions in the prompt,
but we argue that this information is not very im-
portant to estimate the end-to-end accuracy. Indeed,
as observed by Cuconasu et al. (2025), the effect
of positional bias, which is often amplified in con-
trolled settings, is marginal in real scenarios.

7.3 Ablation Study for UDCG

We examine the contribution of each component in
our proposed metrics through an ablation study on
the NQ dataset across all LLMs. Table 4 reports
the Spearman correlation between metric scores
and end-to-end RAG accuracy under different con-
figurations. For UDCGθ, we train three variants
independently: the full model (see Eq. 3) incor-
porating both relevance utility features (u+i ) and
distracting effect features (u−i ); a relevance-only
version, where we disable the distracting effect fea-
tures; and a binary version where we additionally
constrain the relevance utility features u+i = 1 to
be binary values reflecting the traditional binary
relevance labeling. Removing the distracting ef-
fect (rel-only) causes consistent degradation across
all models, with correlation drops ranging from
3.4% to 8%. The binary variant shows even larger
degradation, with drops of up to 17%, highlight-
ing the importance of our fine-grained utility-based
annotations over binary relevance judgments. For
the training-free version of UDCG, we compare
the full model (see Eq. 4) against a relevance-only
version (γ = 0), which completely removes the

1 2 3 4 5 6 7 8 9 10
Number of retrieved documents (k)

0.3

0.4

0.5

0.6

0.7

Sp
ea

rm
an

 c
or

re
la

tio
n

NDCG
PREC
UDCG
UDCG

Figure 2: IR metric robustness across context sizes for
Qwen 7B. UDCG maintains a stable correlation with
RAG accuracy for all k.

contribution of distracting passages15. Consistent
with UDCGθ, removing distracting effects leads to
an average correlation decrease of 4%. These re-
sults confirm that our utility-based scoring, which
includes the distracting effects, is essential for ac-
curately predicting RAG system effectiveness.

7.4 Sensitivity to Context Length

We evaluate whether our proposed metrics maintain
consistent predictive power as the number of re-
trieved documents k varies. We conduct this study
using Qwen 7B on NQ, systematically varying k
from 1 to 10 passages. We limit our analysis to
k ≤ 10 because additional documents at lower
ranks would likely consist of distractors with a neg-
ative impact on the generation quality (Cuconasu
et al., 2025). Figure 2 presents the results. UDCG
demonstrates remarkable stability across different
context sizes, maintaining correlations between
0.554 and 0.704, while consistently outperform-
ing all baseline metrics across all values of k. In
contrast, traditional IR metrics show substantially
more volatility, with NDCG and Precision exhibit-
ing standard deviations that are respectively 1.6 and
1.38 times higher than UDCG16. Extended results
are presented in Appendix F.

8 Conclusions

This paper addresses a fundamental misalignment
between traditional information retrieval evalua-
tion metrics and the requirements of modern RAG
systems. We demonstrated that classical IR met-
rics like nDCG, MAP, and MRR fail to adequately
predict RAG performance because they assume

15Note that further substituting continuous utility with bi-
nary relevance yields Precision (see Table 3).

16UDCGθ shows similar stability but requires training for
each k, making it less practical for dynamic context sizes.
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monotonically decreasing document utility with
rank position and ignore the heterogeneous dis-
tracting effects of irrelevant documents on LLM
generation quality. To address these limitations, we
proposed a novel RAG-oriented annotation schema
that replaces the human-centric notion of passage
relevance with positive or negative passage util-
ity for an LLM. Building on this foundation, we
defined UDCG, a metric using an LLM-oriented
positional discount to directly optimize the correla-
tion with the end-to-end answer accuracy. Notably,
we have shown that removing positional discount-
ing entirely achieves nearly identical performance.
Our extensive experiments on five QA datasets and
six LLMs demonstrate that both metrics consis-
tently outperform traditional IR metrics and exist-
ing RAG-oriented approaches in predicting end-to-
end system performance by up to 36%.

Limitations

Our work has some limitations that suggest direc-
tions for future research. First, our experiments fo-
cus on the question-answering task where queries
have specific and verifiable answers. The applica-
bility of our metrics to other tasks, such as multi-
hop question answering or fact verification, re-
mains unexplored. Second, our utility-based an-
notation schema requires access to the LLM’s out-
put probabilities to compute abstention likelihood.
This requirement limits our approach to settings
where logit access is available, excluding black-
box commercial APIs that only return generated
text. We discussed counterstrategies in Appendix
D. Third, our evaluation is conducted exclusively
on English-language datasets. The effectiveness
of our utility-based scoring and the UDCG metric
in multilingual or cross-lingual RAG settings re-
mains to be investigated, as language-specific char-
acteristics may influence both passage utility and
distracting effects. Our experiments rely on BGE-
large-en-v1.5 as the embedding model for passage
retrieval, as it offered strong baseline performance
across our benchmarks. However, we have not
systematically evaluated how our utility-based an-
notation schema and UDCG metric perform with
other retrieval systems, such as sparse retrievers or
alternative dense retrievers.
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A Traditional IR Metrics

The offline evaluation of information retrieval sys-
tems relies heavily on a well-established set of met-
rics that measure different aspects of retrieval per-
formance. These traditional metrics have relevance
as a central notion, which represents the degree to
which a retrieved document satisfies a user’s infor-
mation need. The conventional approach to rele-
vance in IR has been predominantly binary, where
documents are classified as either relevant or non-
relevant to a given query. The IR metrics proposed
in the literature mostly differ in how they account
for the presence and positioning of relevant docu-
ments in the retrieved document rank.

Precision and Recall serve as the foundational
metrics in IR evaluation. Precision measures the
fraction of retrieved documents that are relevant,
while recall measures the fraction of relevant docu-
ments that are successfully retrieved. For mod-
ern (web-scale) information retrieval, recall is
no longer a meaningful metric, as many queries
have thousands of relevant documents, and few
users will be interested in reading all of them.
Precision@k (P@k), by measuring precision at
fixed cutoff points, reflects practical constraints
where users typically examine only the top-k re-
sults.

Mean Average Precision (MAP) extends previ-
ous metrics by incorporating ranking information.
MAP computes the average precision at each rel-
evant document position and then averages across
all queries in a test collection. This metric ef-
fectively rewards systems that rank relevant docu-
ments higher in the result list, making it particularly

suitable for evaluating systems where users exam-
ine results sequentially. More formally:

MAP =
1

|Q|
∑

q∈Q

1

Rq

n∑

k=1

P@k × r(k)

where Q is the set of test queries, Rq is the number
of existing relevant documents for query q, n is
the number of retrieved documents, and r(k) is an
indicator function equaling 1 if the item at rank k
is a relevant document, zero otherwise.

Mean Reciprocal Rank (MRR) focuses specifi-
cally on the rank position of the first relevant docu-
ment, making it particularly appropriate for naviga-
tional queries where users seek a single correct an-
swer. MRR computes the reciprocal of the rank at
which the first relevant document appears, namely
ranki, and averages this value across all queries:

MRR =
1

|Q|
∑

q∈Q

1

ranki

Normalized Discounted Cumulative Gain
(nDCG) enables the usage of graded relevance
judgments rather than binary values. nDCG
recognizes that documents can have varying
degrees of relevance and that highly relevant
documents should contribute more to the overall
evaluation score. The metric applies a logarithmic
discount function to reduce the contribution of
documents at lower ranks, reflecting the realistic
assumption that users are less likely to examine
documents further down in the ranking. The DCG
accumulated at a particular rank position p is
defined as:

DCGp =

p∑

i=1

reli
log2(i+ 1)

where reli is the graded relevance of the result at
position i retrieved for the query q. This value
is typically normalized to facilitate comparison
across queries with different numbers of relevant
documents. To this end, we sort documents of a
result list by relevance, producing an ideal DCG at
position p (IDCGp), and use this value as a normal-
ization factor:

nDCGp =
DCGp

IDCGp

The nDCG values for all queries can be averaged
to obtain a measure of the average performance of
a search engine’s ranking algorithm.

Finally, HITS measures whether there is at least
a relevant passage in the top-k retrieved ones.
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B Open-source Alternative for Relevance

In Section 6.2, we describe our method to compute
the relevance of a passage with an LLM-as-a-Judge
approach. In our analysis, we used Claude 3.7
Sonnet; however, we also tested Llama-3.3-70B
Instruct as a strong open-source alternative for our
evaluation tasks. We sampled 300 queries from our
datasets and evaluated relevance decisions for the
top-5 passages retrieved by BGE using both mod-
els, analyzing a total of 1500 passages. For passage
relevance assessment, the Cohen’s Kappa coeffi-
cient between Claude and Llama yielded a score
of 0.85, indicating substantial agreement according
to standard interpretation guidelines (Landis and
Koch, 1977). These results suggest that Llama-3.3-
70B Instruct can serve as a reliable open-source al-
ternative for passage relevance assessment in RAG
experiments.

C Log-Likelihood as an estimator

We conducted additional experiments comparing
our p(NO-RESPONSE) approach (UDCG) with
the log-likelihood of the correct answer as the util-
ity estimator (ANSWER_PROB). We tested both
methods on NQ using Llama 3B, Llama 8B, and
Qwen 7B as seen in Table 5.

Method Llama 3B Llama 8B Qwen 7B

NDCG 0.458 0.515 0.471
PREC 0.482 0.546 0.510
eRAG 0.324 0.356 0.316
ANSWER_PROB 0.227 0.233 0.212
UDCG 0.536 0.611 0.605
UDCGθ 0.532 0.615 0.601

Table 5: Spearman correlation between IR metrics and
end-to-end RAG accuracy on NQ dataset. Bold indi-
cates best per model.

Our UDCG metric consistently outperforms the
log-likelihood approach across all models. This
superiority arises from two key advantages:

• p(NO-RESPONSE) naturally captures the dis-
tracting effect of irrelevant passages: when an
irrelevant passage is distracting, the model
fails to abstain and produces an incorrect re-
sponse. In contrast, the log-likelihood ap-
proach cannot quantify this negative utility
since irrelevant passages do not contain the
correct answer.

• The log-likelihood method introduces signifi-
cant noise when expected answers are long or

when models are prone to generate seman-
tically equivalent but lexically different re-
sponses, making it unreliable for measuring
passage utility.

These limitations also affect eRAG, which uses
ROUGE-L scores and similarly cannot distinguish
between weakly and strongly distracting passages,
explaining why both alternatives lag significantly
behind UDCG. Beyond our results, the robustness
of p(NO-RESPONSE) is further validated by prior
work (Amiraz et al., 2025), which demonstrates its
effectiveness in quantifying the distracting impact
of irrelevant passages in RAG systems.

D Black-Box Models

Black-Box Models common in API LLMs may not
provide odds for p(NO-RESPONSE). However,
we note:

• Log probabilities are available in some
commercial APIs. For example, OpenAI’s
API exposes logprobs (https://platform.
openai.com/docs/api-reference/chat/
create#chat-create-logprobs), and
Gemini’s API provides a similar func-
tionality (https://ai.google.dev/api/
generate-content).

• For completely black-box cases, we can em-
ploy a Monte Carlo approach. For APIs
that provide only sampled text, a practical
workaround is to generate multiple answers
(e.g., n=10-20) with high temperature and es-
timate the abstention probability as the fre-
quency of abstention responses. While this
increases cost linearly with the number of
samples, it remains more efficient than full
end-to-end evaluation, which requires gener-
ating answers for complete passage sets rather
than individual passages.

• Many production RAG systems use open-
weight models (Llama, Mistral, Qwen, etc.)
where logits are directly accessible, making
our approach immediately applicable to a
large segment of real-world deployments.

E Expanded Results for Evaluation of
Annotation Schema

Table 6 presents detailed results from Table 2,
showing the percentage of correct (C), absten-
tions (A), and wrong (W) answers when LLMs
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Dataset LLM Binary Rel. eRAG Our Method

C↑ A W↓ C↑ A W↓ C↑ A W↓

BioASQ

Llama 3B 83.1 7.5 9.4 78.0 12.9 9.1 84.7 9.5 5.8
Llama 8B 87.0 7.1 5.9 81.8 11.1 7.1 88.2 8.2 3.6
Llama 70B 89.3 3.7 7.0 86.1 7.0 6.9 91.3 5.8 2.9
Gemma 4B 84.9 2.6 12.5 84.5 4.4 11.1 86.2 5.8 8.0
Mistral 7B 88.6 2.9 8.5 86.7 3.9 9.4 89.1 6.5 4.4
Qwen 7B 87.2 6.2 6.6 84.9 7.6 7.5 88.1 7.6 4.3

NoMIRACL

Llama 3B 65.9 21.9 12.2 44.4 36.8 18.8 66.1 27.5 6.4
Llama 8B 67.7 24.7 7.6 47.7 40.8 11.5 66.6 29.1 4.3
Llama 70B 71.1 20.8 8.1 49.9 37.8 12.3 71.8 25.8 2.4
Gemma 4B 69.2 13.7 17.1 50.3 23.3 26.4 69.3 19.1 11.6
Mistral 7B 70.0 15.9 14.1 47.2 28.9 23.9 69.8 21.0 9.2
Qwen 7B 66.9 24.6 8.5 45.0 41.1 13.9 67.1 28.7 4.2

NQ

Llama 3B 70.8 12.4 16.8 69.9 13.2 16.9 72.3 16.7 11.0
Llama 8B 71.7 15.0 13.3 72.5 14.8 12.7 75.6 17.3 7.1
Llama 70B 79.3 9.7 11.0 78.5 10.6 10.9 81.8 14.0 4.2
Gemma 4B 74.6 6.2 19.2 73.8 7.5 18.7 76.6 10.2 13.2
Mistral 7B 76.1 9.4 14.5 75.2 8.6 16.2 78.1 14.1 7.8
Qwen 7B 74.3 13.7 12.0 73.3 14.2 12.5 75.5 17.7 6.8

PopQA

Llama 3B 55.6 16.6 27.8 29.8 41.6 28.6 59.4 29.8 10.8
Llama 8B 55.5 23.7 20.8 37.1 40.0 22.9 60.3 34.1 5.6
Llama 70B 64.5 18.3 17.2 32.3 50.5 17.2 67.4 29.0 3.6
Gemma 4B 58.7 7.2 34.1 40.2 14.8 45.0 63.6 20.5 15.9
Mistral 7B 58.4 19.9 21.7 17.9 57.8 24.3 59.2 33.7 7.1
Qwen 7B 49.8 36.0 14.2 26.3 54.8 18.9 53.9 40.8 5.3

TriviaQA

Llama 3B 82.5 8.6 8.9 80.5 10.5 9.0 81.8 11.3 6.9
Llama 8B 85.6 8.9 5.5 82.9 11.3 5.8 85.0 11.3 3.7
Llama 70B 87.8 8.0 4.2 82.9 12.7 4.4 88.9 9.0 2.1
Gemma 4B 83.5 8.3 8.2 84.2 8.5 7.3 84.1 10.0 5.9
Mistral 7B 88.0 4.4 7.6 86.7 5.0 8.3 88.1 7.4 4.5
Qwen 7B 82.5 11.8 5.7 81.2 14.0 4.8 82.8 14.0 3.2

Table 6: Percentage of correct (C) answers, abstentions (A), and wrong (W) answers when LLMs are prompted ideal
passages based on Binary Relevance, eRAG, and our utility-based annotations. Results across all tested datasets.
Bold indicates best performance (lowest W).

are prompted with oracle-selected passages based
on three annotation methods: Binary Relevance,
eRAG, and our utility-based approach. Our ap-
proach achieves consistent improvements over
baselines across all six LLMs and five datasets.

F Extended Results for Sensitivity to
Context Length

In Figure 3 we extend the analysis of Section 7.4
to 3 datasets and 3 models.
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Figure 3: IR metric robustness across context sizes for three LLMs (Qwen 7B, Llama 8B, Llama 3B) on three
datasets (NQ, BioASQ, PopQA). UDCG maintains stable correlation with RAG accuracy across all values of k,
consistently outperforming traditional metrics.

You are given a question and you must respond based on the provided documents. Respond directly
without providing any premise or explanation. If none of the documents contain the answer, please
respond with NO-RESPONSE. Do not try to respond based on your own knowledge.

Documents:
<document>

Question:
<question>

Answer:

Figure 4: Prompt for evaluating the utility of a document and for answer generation.
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Determine if a document is RELEVANT or IRRELEVANT for answering a question. A document is
RELEVANT if it contains information that directly supports at least one acceptable answer.

RELEVANT examples:
- Q: "where does the story the great gatsby take place" | Answers: ['Long Island of 1922']
Doc: "The Great Gatsby...follows characters living in West Egg on Long Island in summer of 1922"
→ Contains the exact answer

- Q: "when did korn's follow the leader come out" | Answers: ['August 18, 1998', 'Summer 1998']
Doc: "Follow the Leader...was released on August 18, 1998"
→ Contains the exact release date

IRRELEVANT examples:
- Q: "where does the story the great gatsby take place" | Answers: ['Long Island of 1922']

Doc: "While Long Island features prominently in American literature, the socioeconomic
dynamics..."
→ Mentions Long Island but not as the story's setting

- Q: "who played bobby byrd in get on up" | Answers: ['Nelsan Ellis']
Doc: "Critics praised the casting of Bobby Byrd and the chemistry between the main characters...
→ Discusses casting but doesn't name the specific actor

Evaluation steps:
1. Find the specific information needed to match an acceptable answer. Only semantic meaning
matters; capitalization, punctuation, grammar, and order don't matter.
2. Check if the document contains this information directly or through clear inference
3. Check for these common errors:

- The document contains similar keywords/themes but not the actual answer
- The document contains partial information that would need to be combined with external
knowledge
- The document discusses related topics but doesn't specifically answer the question

Here is a new example. Don't apologize or correct yourself if there was a mistake; we are just
trying to evaluate the relevance of the document.
```
Question: {question}
Acceptable answers list: {answers}
Document: {document}
```

Evaluate the document for this new question as one of:
A: RELEVANT
B: IRRELEVANT

Return a JSON object with the following format:
{

"motivation": "Brief explanation (max 2 sentences)",
"grade": "A" or "B"

}

Figure 5: Prompt template for document relevance assessment using Claude 3.7 Sonnet as judge.
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Your job is to grade a predicted answer as CORRECT, INCORRECT, or ABSTAINED against a list of acceptable answers.

## Grading Rules

A predicted answer is CORRECT if:
- It contains the essential information from at least one acceptable answer
- It contains no contradictory information
- When the acceptable answer is a list, at least one item from that list is present

A predicted answer is INCORRECT if:
- It contradicts any acceptable answer
- It contains factually wrong information (even with hedging like "I think" or "possibly")

A predicted answer is ABSTAINED if:
- It explicitly refuses to answer or states uncertainty without providing substantive information
- It contains phrases like "I don't know", "I'm not sure", "I cannot answer", "NO-RESPONSE", "I'm uncertain"

## Examples

**CORRECT answers:**
```
Question: What are Barack Obama's children's names?
Acceptable: ['Malia Obama and Sasha Obama', 'Natasha Marian and Malia Ann']
"Malia and Sasha" (essential info present)
"I believe it's Malia and Sasha Obama" (hedging with correct info)
```

**INCORRECT answers:**
```
Question: What are Barack Obama's children's names?
Acceptable: ['Malia Obama and Sasha Obama']
"Only Malia" (incomplete when both required)
"Malia, Sasha, and Susan" (contains wrong info)
"He has no children" (contradicts acceptable answer)
```

**ABSTAINED answers:**
```
Question: What are Barack Obama's children's names?
"I don't know the names of his children"
"I'm not sure about this information"
"I cannot provide that information"
"I'm uncertain and don't want to guess"
"NO-RESPONSE"
```

## Important Notes
- Ignore capitalization, punctuation, grammar, and order.
- Don't penalize omitted information that's clearly inferred from the question.
- Don't penalize minor typos in names.
- Grade using only the question and acceptable answers provided, even if you know the answer is factually wrong.

---

Here is a new example. Don't apologize or correct yourself if there was a mistake; we are just trying to grade the answer.
```
Question: {question}
Acceptable answers list: {target}
Predicted answer: {predicted_answer}
```

Grade the predicted answer of this new question as one of:
A: CORRECT
B: INCORRECT
C: ABSTAINED

Return a JSON object with the following format:
{
"motivation": "Your concise motivation for the grade here. Use maximum 2 sentences.",
"grade": "A", "B", or "C"

}

Figure 6: Prompt template for answer correctness assessment using Gemini 2.0 Flash as judge.
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