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Failing Forward: UnderstandingQuery Failure in Retrieval,
Generation, and Judgment

Abstract
Modern information retrieval is increasingly implemented as a
pipeline in which a retriever selects documents, an LLM synthesizes
an answer grounded in the retrieved documents, and an LLM-based
judge scores relevance or quality. In this setting, a poor outcome
is hard to attribute because failure may originate in retrieval, gen-
eration, or judgment, and these failures are typically analyzed in
isolation. This paper studies query failure across these three tasks
through a unified operationalization of hard queries per task. Using
four years of TREC Deep Learning benchmarks from 2019 to 2022,
we define hard-to-retrieve, hard-to-generate, and hard-to-judge query
sets, and analyze their overlap, their robustness across retrievers,
generators, and judging setups, and the query characteristics as-
sociated with each failure. We find that hard queries overlap only
weakly across tasks, indicating that difficulty does not transfer reli-
ably between retrieval, generation, and judgment. At the same time,
while the specific hard queries vary by model, the overlap struc-
ture is stable across system choices, suggesting that difficulty is
driven more by query characteristics interacting with task-specific
constraints than by model-specific effects. We further induce a data-
driven typology of roots of failure (difficulty cues) and show that
they can be used to improve system behavior. We further demon-
strate that conditioning generation on task-relevant difficulty cues
yields consistent gains in answer quality.

1 Introduction
Modern information retrieval systems no longer operate as single-
stage retrieval methods. Instead, they are increasingly structured as
multi-stage pipelines in which retrieved documents condition large
language model (LLM) generation, and generated content is itself
evaluated by automated judges, often LLMs trained to approximate
human relevance assessments [22, 46]. While this evolution has
expanded system capabilities, it has also introduced new and quali-
tatively distinct modes of failure. A query may retrieve seemingly
relevant documents yet yield an incorrect or misleading generated
answer. Conversely, a generated response may appear fluent while
relying on weak or misaligned evidence. In addition, automatic
judges may diverge from human assessments even when retrieval
and generation appear successful. In such pipelines, failure is no
longer localized to a single component but emerges across stages,
with consequences that propagate to downstream tasks.

Despite decades of research on query difficulty prediction in
information retrieval, the field lacks a unified understanding of how
and why queries fail across these modern heterogeneous stages of
the pipeline. Traditional notions of failure have largely been task-
bound. Retrieval research has focused on queries that yield poor
rankings and low effectiveness [6, 23]. More recent work on large
language models has examined hallucination, factual inconsistency,
and prompt sensitivity in generation [25, 47]. In parallel, a growing
body of work has investigated the reliability of LLMs as automatic
judges of relevance and quality [9, 19]. These lines of work have
largely progressed independently, implicitly assuming that failure

in each task can be understood and mitigated in isolation. What
remains unclear is whether difficulty is a transferable property of
the query itself, whether failures in one stage predict failures in
others, or whether different tasks fail for fundamentally different
reasons even when exposed to the same query.

This gap has become increasingly consequential as IR pipelines
incorporate multiple forms of prediction and evaluation. Query
Performance Prediction (QPP) methods estimate whether a query is
likely to retrieve relevant documents [5, 32]. More recently, Prompt
Performance Prediction has emerged to anticipate low-quality gen-
erations by LLMs [1, 38]. At the same time, LLM-based judges are
now routinely used to replace or augment human relevance as-
sessments in offline evaluation pipelines [30, 41]. However, these
approaches address failure at individual points in the pipeline with-
out examining whether the same queries systematically challenge
retrieval, generation, and judgment, or whether improvements in
one component generalize to others. As a result, current systems
risk optimizing isolated components while remaining fragile at
the pipeline level. In this work, we argue that query failure in
modern information retrieval systems must be understood as a
task-conditioned phenomenon rather than a single unified notion
of difficulty. Retrieval, generation, and judgment impose distinct
demands on queries, and failure in each task reflects different under-
lying properties of the same input. To operationalize this perspec-
tive, we introduce three complementary notions of query failure.
Hard-to-Retrieve queries are those that consistently yield poor
retrieval effectiveness. Hard-to-Generate queries are those for
which LLMs produce low-quality or misaligned answers. Hard-
to-Judge queries are those that induce systematic disagreement
between LLM-based and human relevance judgments. Rather than
treating these categories as heuristics, we use them as analytical
instruments to probe how difficulty manifests across tasks.

Using four years of TREC Deep Learning benchmarks from 2019
to 2022 [10, 13, 15], we conduct a large-scale empirical study guided
by 3 main Research Questions (RQs). Specifically, we ask:

• RQ1. To what extent do hard-to-retrieve, hard-to-generate, and
hard-to-judge queries overlap, and does difficulty in one task
predict difficulty in others

• RQ2. Do observed failure patterns depend on system configu-
ration, including the choice of retriever, generator, or judging
setup, or do they remain stable across models

• RQ3.What linguistic and semantic properties give rise to failure
in retrieval, generation, and judgment, and are these causes
shared across tasks or task-specific

Our findings reveal a clear and previously undocumented pat-
tern. Query failures show limited overlap across tasks, indicating
that difficulty in retrieval, generation, and judgment is largely task-
specific. At the same time, these patterns are stable across systems.
Although different models fail on different individual queries, the
overall structure of failure overlap remains consistent across re-
trievers, generators, and judges. This suggests that many failures
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Table 1: Top failure reasons for different tasks.

Category Failure Reasons

Hard to Judge
(H2J)

Quantitative data needed , Specific and niche topic , Query
unrelated to provided criteria , No relevant passage context

Hard to Generate
(H2G)

More recent information needed , Accurate technical knowl-
edge required , Risk of misinformation

Hard to Retrieve
(H2R)

Numerical data required , Specific product term , Ambiguous
subject reference

stem not from model weakness or architectural choice, but from
intrinsic query properties that interact differently with each task’s
inductive biases. In short, modern pipelines fail not because models
are uniformly inadequate, but because each stage demands different
information from the same query.

Beyond diagnosis, we show that this analysis has practical conse-
quences. By identifying task-specific causes of failure, we incorpo-
rate these signals directly into generation prompts. This difficulty-
aware prompting conditions LLMs on anticipated failure modes
and yields consistent improvements across all four TREC datasets.
Though lightweight, this intervention highlights a broader princi-
ple: making failure explicit enables systems to adapt, closing the
loop between analysis and performance. We believe this work offers
a pipeline-level perspective on query failure in modern information
retrieval systems. To our knowledge, it provides the first systematic
analysis of how retrieval, generation, and judgment fail on different
subsets of queries, introduces an empirically grounded typology of
task-specific difficulty causes, and demonstrates that understanding
these causes leads to concrete performance gains.

All of our code, data, and evaluation tools used in this study
are made available to facilitate reproducibility and future work at
https://anonymous.4open.science/r/h2r-h2j-h2g-0268/.

2 Empirical Setup
2.1 Datasets
We use four query sets from the TREC Deep Learning Tracks (DL
2019–2022). DL 2019 and 2020 are based on the MS MARCO v1
corpus [11, 12, 14, 16], while DL 2021 and 2022 use the larger MS
MARCO v2. Each dataset includes queries with graded relevance
judgments from NIST assessors on a four-point scale from Perfectly
relevant to Non-relevant [11–13, 16].

2.2 Hard-to-Retrieve Queries (H2R)
Difficult queries have long been studied in retrieval research, most
notably through the lens of Query Performance Prediction (QPP). [4,
6, 17, 23]. Difficult queries are typically queries for which standard
retrieval models yield low effectiveness, as measured by ranking
metrics. Here, we focus on NDCG@10, the official evaluation metric
in TREC DL. To capture different retrieval strategies, we use (1)
BM25, a lexical sparse retriever implemented via Anserini [44], and
(2) DistilBERT-Base-TAS-B [24], a dense retriever fine-tuned on MS
MARCO. For each query, we compute NDCG@10 and identify the
bottom quartile (Q1) of queries under each retriever as Hard-to-
Retrieve (H2R). Across the four datasets, average NDCG@10 for H2R
queries is 0.186 for BM25 and 0.297 for DistilBERT-TAS-B, indicating
retrieval difficulty for both retrievers.

2.3 Hard-to-Generate Queries (H2G)
To isolate queries that challenge the language model’s ability to
generate accurate answers, we adopt a zero-shot generation setup.
For each query, we generate a single response using a minimal,
instruction-style prompt with no additional prompt engineering,
following prior work [2, 28]. The prompt and setup are publicly
available in our GitHub repository. We use two instruction-tuned
models for response generation: LLaMA3.2:3b and Qwen3:8b. To
evaluate generation quality, we use BERTScore [45], which com-
pares generated responses against reference texts using contextual
embeddings. BERTScore is particularly suited for this setting be-
cause it captures both lexical and semantic similarity, accommo-
dating paraphrased or variational surface forms while preserving
meaning. For each query, we compute the F1 variant of BERTScore
by comparing the generated output to all passages labeled as Per-
fectly (3) or Highly relevant (2). Queries are then ranked by their
average BERTScore, and the bottom quartile (Q1) are designated as
Hard-to-Generate (H2G). These queries are those for which the LLMs
consistently produce semantically weak or misaligned outputs.

2.4 Hard-to-Judge Queries (H2J)
Recent work shows that LLMs can approximate human relevance
judgments with reasonable accuracy [19, 34, 35, 42], making them
attractive surrogates for manual annotation. However, their relia-
bility is uneven and may fail under certain query characteristics or
judgment conditions [9, 18]. To identify such cases, we analyze dis-
agreement between LLMs and human annotators under two setups:
graded relevance based on the UMBRELA reproduction of Bing
assessor labels [41, 42], and binary classification [19]. In the graded
setting, Qwen3:8b assigns relevance scores on a 0–3 scale (with
LLaMa3.2:3b results available on GitHub). In the binary setting,
we follow prior work [11, 16] by mapping levels 0–1 to ‘not relevant’
(0) and 2–3 to ‘relevant’ (1). Disagreement is measured differently
across the two: for binary, we count cases where the LLM’s binary
label diverges from the human label across all judged documents,
Queries in the top quartile (Q4) with the highest number of such bi-
nary misjudgments are labelled as Hard-to-Judge (H2J). For graded
relevance, we define a misjudgment as a case where the absolute dif-
ference between LLM and human relevance score exceeds one point.
Queries with the highest frequency of such misjudgments, in the
top quartile (Q4), are labelled H2J under the graded criterion. This
lets us distinguish between coarse- and fine-grained disagreement
and identify queries that challenge automated judges.

3 Findings
3.1 Inter-task Dependency
To address our first research question (RQ1), we evaluate the extent
to which failure-prone queries overlap in the three tasks. We ask
whether queries that are difficult for retrieval systems also lead
to poor generation performance or disagreement with human an-
notation in relevance judgments. The degree of such alignment is
critical for determining whether difficulty can be conceptualized as
a general property of the query or must be treated as task-specific.

We compute the pairwise and three-way intersections of the
Hard-to-Retrieve (H2R), Hard-to-Generate (H2G), and Hard-to-Judge
(H2J) query sets across the TREC DL datasets. The overlap statistics
are aggregated across datasets and visualized in Figure 1. The results
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Figure 1: Inter-task dependency of hard queries across different retrievers, generators and judgments.

Algorithm 1 Iterative Reason Extraction for Query Failure
Require: Set of failed queries Q for task 𝑇 ∈
{Retrieval, Generation, Judgment}

Ensure: Final list of failure reasons R𝑇
1: Initialize reason list R𝑇 ← []
2: for all query 𝑞𝑖 ∈ Q do
3: Provide 𝑞𝑖 and its associated output (answer, retrieved docs,

or judgments) to the LLM
4: Prompt LLM to generate a candidate reason 𝑟𝑖 for failure
5: Append 𝑟𝑖 to temporary reason list R (𝑖 )

𝑇

6: Merge R (𝑖 )
𝑇

with R𝑇 and reduce redundancy
7: Update R𝑇 ← Merged(R𝑇 ,R (𝑖 )𝑇

)
8: end for
9: Return R𝑇

indicate limited overlap between the three sets. Fewer than 10%
of queries are classified as difficult across all tasks. Approximately
half of the queries in each category are exclusive to that task, while
the remainder overlap with one of the other two. Notably, across all
datasets the pairwise overlap between H2R and H2J is consistently
the highest among the three task pairs, likely because the same
retrieved documents are used for both evaluation and judgment.
Although modest in absolute terms, this consistent overlap high-
lights a stronger connection between retrieval and judgment than
between other task pairs. This low degree of inter-task dependency
suggests that retrieval, generation, and judgment engage fundamen-
tally distinct LLM capabilities. Retrieval systems rely primarily on
lexical or dense similarity matching, and are sensitive to document
distributional properties [21, 26, 29]. In contrast, generation tasks
are governed by the model’s ability to conditionally synthesize ac-
curate responses, which is shaped by its internal knowledge priors,
prompt interpretation, and decoding dynamics [27]. Judgment tasks
further depend on the LLM’s calibration, evaluative alignment, and
implicit relevance criteria [20, 40]. As such, a query that fails on
one task may not impose the same burden on another. These find-
ings suggest the view that retrieval, generation, and judgment are
essentially distinct tasks, each characterized by its own inductive
biases and operational constraints.

3.2 System Dependency
For RQ2, we examine whether failure patterns depend on system
configuration i.e., whether hard queries in retrieval, generation, and
judgment vary with the specific models employed. As such, we vary
each pipeline component: for retrieval, BM25 [39] vs. DistilBERT-
TAS-B [24]; for generation, LLaMA3.2:3b vs. Qwen3:8b; and for judg-
ment, binary vs. graded LLM-based relevance labels. We then com-
pute the intersections between failure sets (H2R, H2G, H2J) across
all combinations.

Figure 1 shows that while the identities of hard queries differ
across systems, reflecting architectural and training differences,
the overlap structure between failure types remains stable. For in-
stance, the proportion of queries overlapping between H2R and H2G
is comparable under both BM25 and DistilBERT-TAS-B. Likewise,
switching between Qwen and LLaMA has little effect on genera-
tion–judgment overlap, and even by replacing binary with graded
judgments, the relative pairwise overlaps exhibit only marginal
deviation. These findings suggest that system improvements, while
potentially beneficial in absolute performance, do not fundamen-
tally disrupt the underlying pattern of failure inter-dependencies.
This points to a deeper, architecture-agnostic source of difficulty
embedded in the nature of the queries themselves. Put differently,
although retrievers, generators, and judges may shift the boundary
of which queries are handled successfully, they do not reconfigure
the fundamental separability of retrieval, generation, and judgment
challenges. This result carries significant methodological implica-
tions. First, it validates the stability of our failure annotations across
system variants, lending credibility to cross-system comparative
analyses. Second, it implies that mitigating failures through model
substitution alone is unlikely to yield systematic resolution.

3.3 Failure Reasons
For (RQ3), we analyze the underlying properties that contribute
to query failure across the three tasks. This section aims to move
from descriptive categorization to explanatory interpretation to
understand not merely which queries fail, but why they do so. Our
approach draws methodological inspiration from nugget-based eval-
uation frameworks [31, 33, 37]. Inspired by AutoNuggetizer pipeline
introduced in recent TREC RAG 2024 evaluation [35, 36], we con-
struct a dynamic, data-driven reason discovery process that instead
of relying on predefined taxonomies, iteratively refines explanatory
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Figure 2: Hard queries intersection reasons distribution

categories for failure. For each query labeled as hard in any of the
three tasks, we prompt LLM with the query and its associated con-
text (retrieved passages, generated output, or relevance labels). The
model is instructed to generate a concise, high-level explanation for
why the system may have failed. These candidate reasons are then
aggregated and passed through multiple refinement iterations. In
each iteration, the LLM is shown the current list of reasons for the
given failure category and is prompted to merge overlapping items,
generalize overly narrow cases, and add any novel causes observed
in newly sampled queries. The iterative process terminates when
no substantive updates are made to the reason set, yielding a con-
verged list of generalizable failure causes. Algorithm 1 outlines the
end-to-end workflow for constructing these reasons. Full prompts
and examples are available in our GitHub repository. The result of
this process is a curated typology of failure causes for each task.
Table 1 summarizes the top reasons of failure across the three tasks,
as identified through this iterative LLM-guided reasoning process.
For instance, in the case of generation failures, we observe recur-
rent issues such as prompts that involve more accurate technical
knowledge. In retrieval, frequent causes include query ambiguity or
queries that rely on numeric data. Judgment errors are often caused
by the document under evaluation having low topical relevance or
addressing a niche subject. Figure 2 shows the overall distribution
of reasons across all three tasks where risk of misinformation, spe-
cific and niche topic, and accurate technical knowledge required
are among the most common failure reasons.

Human Validation.We further validate the LLM-generated rea-
sons with human annotation. Two computer science graduate stu-
dents each reviewed 50 randomly sampled queries, checkingwhether
the one-hot LLM explanations were correct and tagging any addi-
tional applicable causes from a fixed set of ten. Human and LLM
judgments show strong alignment, with an accuracy of 0.8120 and
a precision rate of 0.7514 across all difficulty reasons categories,
which is calculated by averaging the individual accuracy and pre-
cision scores across all 10 reasons for each human annotation on
one-hot encoding.

In response to RQ3 we find that while some causes recur across
tasks, the leading reasons differ, underscoring that retrieval, gener-
ation, and judgment face distinct sources of failure.

3.4 Difficulty-Aware Prompting
Having observed that query failures in retrieval, generation, and
judgment stem from distinct, task-specific causes, we now examine
whether these diagnostic insights can guide system behavior. Our

Table 2: Preference rate over the relevant answers among
base generation vs difficulty-aware generation.

Dataset Base Generation Difficulty-aware generation
dl19 35.44% 64.56%
dl20 24.59% 75.40%
dl21 47.23% 52.77%
dl22 39.50% 60.49%

goal is to validate whether the failure typologies identified ear-
lier encode information that is actionable in downstream decision-
making. Specifically, we test the hypothesis that conditioning lan-
guage model responses on an explicit statement of the anticipated
reason for query difficulty can lead to higher-quality outputs. To
evaluate this, we conduct a targeted experiment comparing two
generation conditions (base vs. difficulty-aware). In the baseline
condition, the model receives the raw query alone. In the interven-
tion condition, the model is given the query plus a natural-language
description of the relevant difficulty factor (e.g., “this query requires
numerical data”), selected from the typologies in Table 2. The in-
tervention is limited to the presence of this additional clue. Due to
space limitation, we only apply this strategy on the generation task.
We assess generation quality using a pairwise comparison frame-
work adjudicated by a state-of-the-art LLM-based judge [7, 46], a
method shown to align well with expert opinions [3, 8, 43]. For each
query, we identify the passages labeled as highly relevant (2 or 3)
and prompt the judge to compare the baseline and difficulty-aware
responses in terms of fidelity and informativeness o the expected
response. The model is instructed to select the answer that more
accurately reflects the reference content, allowing us to quantify
generation improvements using minimal conditioning.

The results in Table 2, indicate that incorporating failure reasons
into the generation prompt leads to measurable improvements.
Across all four TREC DL datasets, difficulty-aware outputs are
preferred by the LLM-based judge in a substantial majority of cases:
64.56% for 2019, 75.40% for 2020, 52.77% for 2021, and 60.49% for 2022.
These findings demonstrate that even lightweight conditioning on
task-specific failure cues improves response quality. While our
current evaluation is limited to generation, this serves as initial
evidence that difficulty reasons can be leveraged to make systems
more aware of potential pitfalls, a direction we aim to extend to
retrieval and judgment in our future work.

4 Concluding Remarks
This paper frames query failure as a pipeline-level reliability prob-
lem rather than a single-task deficiency, showing that retrieval,
generation, and judgment impose distinct demands on the same
query and therefore fail for different reasons. Our findings indicate
that difficulty is largely task-conditioned, yet the structure of failure
remains consistent across retrievers, generators, and judging setups.
This finding explains why improving one component often does
not yield end-to-end robustness. We further show that extracting a
data-driven typology of failure causes grounds query difficulty in
concrete, task-specific properties. Making these causes explicit and
incorporating them into difficulty-aware prompting turns failure
analysis into a practical mechanism for improving system behavior,
pointing toward IR pipelines that detect and adapt to task-specific
difficulty rather than relying on a one-size-fits-all notion of failure.
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