Over-Searching in Search-Augmented Large Language Models
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Abstract

Search-augmented large language models
(LLMs) excel at knowledge-intensive tasks by
integrating external retrieval. However, they
often over-search — unnecessarily invoking
search tool even when it does not improve re-
sponse quality, which leads to computational
inefficiency and hallucinations by incorporat-
ing irrelevant context. In this work, we con-
duct a systematic evaluation of over-searching
across multiple dimensions, including query
types, model categories, retrieval conditions,
and multi-turn conversations. Our findings
show: (i) search generally improves answer ac-
curacy on answerable queries but harms absten-
tion on unanswerable ones; (ii) over-searching
is more pronounced in complex reasoning mod-
els and deep research systems, is exacerbated
by noisy retrieval, and compounds across turns
in multi-turn conversations; and (iii) the com-
position of retrieved evidence is crucial, as the
presence of negative evidence improves absten-
tion. To quantify over-searching, we introduce
Tokens Per Correctness (TPC), an evaluation
metric that captures the performance-cost trade-
off for search-augmented LLMs. Lastly, we
investigate mitigation approaches at both the
query and retrieval levels and release the Over-
SearchQA benchmark to foster continued re-
search into efficient search-augmented LLMs.!

1 Introduction

Search-augmented large language models (LLMs)
enhance question answering by integrating exter-
nal knowledge through search tools (Li et al.,
2025b). By grounding responses in retrieved infor-
mation, these models achieve state-of-the-art per-
formance on several knowledge-intensive bench-
marks (Google, 2024; OpenAl, 2025a; Kimi et al.,
2025). However, real-world queries are often noisy
or unanswerable — vague, underspecified, based on
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Figure 1: Illustration of over-searching in a search-
augmented LLM. The asks about an unknown
future event. Compared to the that correctly
recognizes this and abstains, the

initiates unnecessary searches, leading to extra
cost and a potential incorrect answer attempt.

false premises, or about facts that are unknown. In
such cases, reliable systems should refrain from
giving a definitive answer and instead express un-
certainty, request clarification, or simply respond “I
don’t know” (Kirichenko et al., 2025). We study a
failure mode specific to search-augmented settings:
over-searching — the excessive invocation of search
tools when doing so cannot improve response qual-
ity (e.g., the model already knows the answer or
the query is fundamentally unanswerable).

Previous research has focused on uncertainty
and refusal in base models without tools, leaving
open how external retrieval and tool-use training
affect when models choose to search, answer, or ab-
stain. As illustrated in Figure 1, instruction-tuned
base models recognize the problematic queries and
abstain, whereas incorporating search tools and
reasoning-style fine-tuning can induce unnecessary
searches that raise cost and sometimes degrade
quality by introducing misleading context.

The phenomenon of over-searching is intrinsi-
cally linked to a model’s ability to recognize its
own knowledge limits and to abstain when appro-
priate (Tomani et al., 2024; Madhusudhan et al.,
2024; Wen et al., 2025). While search augmen-
tation enhances a model’s capability with addi-
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tional accessible knowledge, it may also introduce
“search-induced confusion,” impairing abstention
when evidence is noisy or irrelevant.

In this work, we conduct a systematic study of
over-searching across query types (Answer Un-
known, False Premise, Underspecified Context),
model types (base, reasoning, deep research), re-
trievals (local RAG, web search), and interaction
patterns (single- and multi-turn). Across extensive
experiments, we find that: (i) search improves an-
swer accuracy on answerable queries but harms ab-
stention accuracy on unanswerable ones; (ii) over-
searching is most pronounced in reasoning-style
models, under noisy retrieval, and in multi-turn con-
versations where search “snowballs” across turns;
(iii) the composition of retrieved evidence governs
abstention behavior — negative evidence substan-
tially improves abstention when directly present in
retrieved results. To quantify the trade-off between
correctness and computational cost, we introduce
a Tokens Per Correctness (TPC) metric. We ex-
plore mitigation approaches at both query-level
and retrieval-level. While both strategies can help
mitigate over-searching to some extent, they do not
resolve models’ fundamental inability to search ra-
tionally. Finally, we release OVERSEARCHQA, a
curated benchmark to support continued research
on abstention and search efficiency.

2 Related Work

Reasoning and Tool-use Efficiency. Large rea-
soning models (LRMs) such as OpenAl-ol (Jaech
et al., 2024) and DeepSeek-R1 (Guo et al., 2025)
improve problem-solving through extended rea-
soning traces via reinforcement learning. Tool-
augmented approaches further enhance models’
capabilities by integrating external APIs and re-
trieval systems (Lewis et al., 2020; Gao et al., 2022;
Chen et al., 2022). Recent work incorporates tool-
use during reinforcement learning, yielding multi-
round tool-use behavior throughout the reasoning
process (Singh et al., 2025; Jin et al., 2025a; Chen
et al., 2025; Song et al., 2025a; Li et al., 2025a).
These methods significantly improve correctness
on knowledge-intensive tasks by accessing up-to-
date external information (Kimi et al., 2025), en-
abling powerful Deep Research agents (OpenAl,
2025a). However, the objective of RL is often
based on the final outcome reward, which encour-
ages models to generate longer reasoning during
training. This training paradigm often results in

inference inefficiency such as over-thinking (Sui
et al., 2025). Existing work has primarily focused
on reasoning efficiency in LRMs (Pu et al., 2025;
Hou et al., 2025), while tool-use efficiency remains
largely underexplored (Wang et al., 2025). Our
work targets both, analyzing how search depth and
evidence quality affect efficiency and abstention in
tool-augmented LRMs.

Abstention Behavior in Large Language Models.
Abstention has become an active research topic as
it is crucial to prevent LLMs from producing incor-
rect or misleading responses. Models must recog-
nize when to withhold an answer to avoid confident
errors (Wen et al., 2025). Wen et al. (2024) show
that many LLMs “seem unable to abstain” with
misleading or insufficient context. Kirichenko et al.
(2025); Fan et al. (2025) further report that reason-
ing fine-tuning can degrade abstention. Methods
to improve abstention include multi-model collabo-
ration that identifies knowledge gaps and abstains
under certain uncertainty thresholds (Feng et al.,
2024). Prior work has deeply characterized LLM
abstention and proposed techniques to improve it,
but has done so in static settings without any ex-
ternal tools (Kalai et al., 2025; Song et al., 2025b).
Concurrent work (Ji et al., 2025; Deng et al., 2025)
also investigate search-augmented LLMs under am-
biguous queries and explore user interaction to ob-
tain additional context. In contrast, we focus on the
broader unanswerable scenario beyond ambiguity
setting to understand over-searching behavior.

3 Evaluating Over-Searching

3.1 Defining Over-Searching

We define over-searching as the tendency of mod-
els to continue searching beyond the point at which
they obtain the correct outcome. Characterizing
this at the instance level is challenging, as mod-
els may arrive at a correct answer for the wrong
reasons or fluctuate between correct and incorrect
states as retrieval introduces noise. Therefore, we
analyze the marginal improvements in aggregate
correctness relative to computational cost.
Formally, let D = A UU be a dataset composed
of two disjoint sets: answerable queries A and
unanswerable queries /. Let S denote the sequence
of search actions taken by the model. We define
the correctness indicator function A(q, S) € {0,1}
such that A(q,S) = 1 if the model answers cor-
rectly (for ¢ € A) or abstains (for ¢ € U), and 0
otherwise. Over-searching is observed when the
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marginal improvement in overall correctness, de-
fined as |D|~! >_qep Alg,S), diminishes or ap-
proaches zero while the computational costs (num-
ber of search steps) continue to accumulate.

Over-Searching Evidence. To observe how this
behavior appears in real systems, we evaluate mod-
elson g € A and ¢ € U for answer accuracy and
abstention accuracy, respectively, and introduce
the Tokens Per Correctness (TPC) metric to mea-
sure the computational cost per correct response
(§3.2). When additional search does not improve
correctness but still increases compute, TPC rises,
making it a useful signal of over-searching. Fig-
ure 2 shows an example using o4-mini (OpenAl,
2025b). As the maximum allowed search turns in-
crease from O to 19, answer accuracy rises early
and then levels off, abstention accuracy drops with
more search, and TPC increases steadily. This pat-
tern shows that models often continue searching
past the point where search is helpful. Additional
plots can be found in Figure 7 in the Appendix.
To further demonstrate over-searching, we analyze
over-searching from two alternative perspectives
from optimal search turn comparisons (Appendix
A.1) and marginal return (Appendix A.2).

3.2 Measuring Over-Searching

Dual Accuracy. Following Kirichenko et al.
(2025), we define abstention as a response that
deliberately withholds a direct answer to the query,
for example, by acknowledging limited knowledge,
expressing uncertainty or essential caveats, or in-
dicating that the query is unanswerable. This no-
tion includes brief refusals (e.g., “I don’t know”)
as well as responses that offer only clarifications
or partial information without committing to an
answer. To operationalize this notion, we report:
(i) answer accuracy computed on the answerable
queries ¢ € A, measuring the fraction of correct
answers, and (ii) abstention accuracy computed on
the unanswerable queries ¢ € U, measuring the
fraction that correctly abstain (i.e., A(q,S) = 1
when the model appropriately abstains). See Ap-
pendix B.1 for detailed metric definitions.

Tokens Per Correctness (TPC). Search-
augmented LLMs incur heterogeneous costs,
including generated tokens, input context, and
search calls. However, standard metrics omit to
consider these nuanced costs. We introduce Tokens
Per Correctness (TPC), defined as the expected
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Figure 2: Performance of o4-mini as maximum search
turns increases from O to 19. Answer accuracy (on an-
swerable queries) significantly improves from no search
to one search, then peaks around 7 searches and plateaus.
Abstention accuracy (on unanswerable queries) con-
sistently degrades with more searches. Meanwhile,
TPC rises monotonically, demonstrating over-searching:
costs accumulate faster than correctness gains, as ad-
ditional searches neither improve answer accuracy nor
prevent abstention degradation.

compute cost per correct response (lower is better):

> _qep Cost(q)
> 4ep Correct(q)’

where Cost(q) = g4 + Azq + 11|Sq|, which rep-
resents the total computational cost for query
g. gq is the number of tokens generated by the
model, z, is the number of input tokens (includ-
ing the original prompt and all retrieved context)
with a cost coefficient A, and [S,| is the num-
ber of search calls for query ¢ with a cost coef-
ficient u. Correct(q) € {0,1} is defined differ-
ently for answerable versus unanswerable queries:
Correct(q) = 1 if the model correctly answers
when g € A, or correctly abstains when ¢ € U;
otherwise Correct(g) = 0. When no examples are
answered correctly (3_ .p Correct(q) = 0), we
define TPC(D) = +o0. To ensure TPC scores
are comparable across different systems, we use a
standardized cost with fixed coefficients. We set
A = 0.25 for the input-token cost and p = 500
for the per-search-call cost, where both values are
based on the typical pricing of production LLMs
and search API calls (See Appendix B.2 for cost-
model details). Reducing TPC corresponds to re-
ducing over-searching, since it reflects achieving
correctness with fewer tokens. In this work, TPC
is specifically designed for the search tools in this
work. However, it could easily be extended to
other tool-augmented scenarios by associating a
cost with a specific tool. We also compare TPC
with other metrics in Appendix B.3.

TPC(D) = (1)
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Category Seed Datasets Example Total
Answer Unknown (AU) CoCoNot (Brahman et al., 2024); Unanswerable: “Who won the 2030 281
BigBench (Parrish et al., 2022); KUQ  World Cup in football?”
(Amayuelas et al., 2024) Answerable: “Where was the last
world cup held?” (Qatar)
False Premise (FP) CoCoNot (Brahman et al., 2024); Unanswerable: “How many eggs do 365

FalseQA (Hu et al., 2023); QAQA

(Kim et al., 2023)

tigers lay?”
Answerable: “How many cubs does a
tiger give birth to?” (2-4 cubs)

Underspecified Context (UC)

(Benchekroun et al., 2023)

CoCoNot (Brahman et al., 2024);
ALCUNA (Yin et al., 2023a);
MediQ (Li et al., 2024); WorldSense

Unanswerable: “What is the capital of 512
Georgia?”

Answerable: “What is the capital of

the country of Georgia?” (Tbilisi)

Table 1: Data categories, sources, and query examples for OVERSEARCHQA.
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Figure 3: (a) Length distributions show similar token counts between answerable and unanswerable questions. (b)
t-SNE visualization of question embeddings reveals substantial semantic overlap, demonstrating that answerable
and unanswerable questions are semantically indistinguishable. Category-specific similarity breakdown is shown in
Appendix Figure 9. (¢) Word clouds of answerable and unanswerable questions in OVERSEARCHQA.

LLM Judge Evaluation. Prior work often rely
on lexical or semantic similarity (Yin et al., 2023b;
Amayuelas et al., 2024) for abstention evaluation,
which cannot capture the nuanced behaviors that
across broad abstention categories. Following Wen
et al. (2024); Kirichenko et al. (2025), we use a
language model judge to assess both answer and
abstention accuracy. For answerable queries, the
judge compares model outputs against ground truth
answers. For unanswerable queries, the judge eval-
uates whether the model appropriately abstains. To
ensure robustness, we evaluate agreement across
three independent judges and find consistent agree-
ment, with high inter-judge consistency: over-
all agreement of 89.4% for answer accuracy and
92.3% for abstention accuracy (Appendix C.1).
Furthermore, we validate judge’s decisions against
human annotations, observing a strong alignment
rate of 84% (Appendix C.2). Unless otherwise
noted, we use GPT-40-mini (Hurst et al., 2024) as
the default judge.

4 Experimental Setup

OVERSEARCHQA. Existing datasets usually
evaluate search-augmented LLLMs on answerable
queries, but there is no benchmark for abstention
evaluation. We propose OVERSEARCHQA, a cu-
rated abstention-focused QA benchmark of 1,188
queries (balanced answerable/unanswerable) de-
signed for search-augmented LLMs. Dataset con-
struction follows three stages: (i) manually filtering
unanswerable questions from source datasets; (ii)
conducting similarity search (with length control)
to find answerable counterparts from answerable
QA datasets such as HotpotQA (Yang et al., 2018),
SimpleQA (Wei et al., 2024), and Natural Ques-
tions (Kwiatkowski et al., 2019); (iii) validation
on answerable questions to ensure quality and bal-
ance. To attribute over-searching to actual problem
type (e.g., answerable or unanswerable) rather than
dataset artifacts, we draw answerable and unan-
swerable items from similar embedding neighbor-
hoods and explicitly control question length within
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Answer Unknown False Premise Underspecified Context Overall
Model Ans. Abst. TPC Ans. Abst. TPC Ans. Abst. TPC Ans. Abst. TPC
Without Search
GPT-40-mini 41.8 658 1573 547 674 1059 76.1 272 264.9 57.5 535 1760
04-mini 46.6 65.1 8202 57.8 653 7223 832 266 623.3 62.5 523 7219
Kimi-K2 49.0 63.0 2558 583 632 101.6 792 238 306.3 622 500 2212
Qwen3-235B-Instruct 47.2 648 268.2 557 693 180.0 793 242 395.2 60.7 52.8 28l1.1
Qwen3-235B-Think 50.0 644 11552 573 635 1039.1 794 319 1159.8 622 533 11180
Hermes3-3B 17.1  80.5 91.7 240 834 60.6 535 322 212.4 350 60.8 1330
Llama-3.2-3B 274 575 2556 41.1 777 1466 613 254 320.8 433 535 2410
Llama-3.3-70B 46.6 59.6 3384 562 684 1776 765 28.0 355.7 59.8 520 290.6
Mistral-Small-24B 404 646 2575 521 679 173.0 758 29.7 327.5 56.1 541 2527
Average 40.7 65.0 3999 50.8 69.6 3007 738 27.7 440.6 55.5 547 3819
With Search
GPT-40-mini 63.0 623 9424 672 61.1 7771 848 19.5 762.9 717 476 8275
o04-mini 634 644 1031.8 688 60.0 11553 875 233 871.3 732 492 1019.5
Kimi-K2 644 61.6 851.8 677 658 5659 855 242 553.0 72.5 505 6569
Qwen3-235B-Instruct 64.4 669 923.0 66.7 682 6521 852 223 859.5 72.1 525 8115
Qwen3-235B-Think 63.7 648 12929 69.3 65.1 12451 855 237 13389 728 51.2 12923
Hermes3-3B 459 356 4934 568 337 5606 57.0 132 369.2 542 275 4619
Llama-3.2-3B 582 61.6 717.8 609 642 6813 734 215 804.7 642 49.1 7346
Llama-3.3-70B 623 623 7315 682 627 6852 835 206 834.7 71.3 485 7505
Mistral-Small-24B 56.8 64.1 3292 625 653 2465 832 30.1 414.0 67.5 532 3299
Average 60.2 604 8126 653 607 7299 80.6 22.0 756.5 68.8 47.7 7650

Table 2: Over-searching behavior across query types. Search augmentation consistently improves answer accuracy
but degrades abstention accuracy, with Underspecified Context questions exhibiting the most severe degradation.

each category. Figure 3 demonstrates the effective-
ness of our filtering process, showing similar length
distributions and high semantic similarity between
answerable and unanswerable questions across all
categories. See Appendix D for full curation details
and statistics.

Following Kirichenko et al. (2025), we create
OVERSEARCHQA based on three categories: An-
swer Unknown (AU) — future events and unsolved
problems; False Premise (FP) — incorrect assump-
tions or contradictory claims; and Underspecified
Context (UC) — ambiguous intent or missing infor-
mation requiring clarification. A concise category
summary is shown in Table 1.

Models. We evaluate over-searching behavior
across a diverse set of models, including both
open-source and API-based: GPT-40-mini (Hurst
et al., 2024), Kimi-K2 (Kimi et al., 2025), Qwen3-
235B-Instruct (Yang et al., 2025), Llama-3.2-
3B (Grattafiori et al., 2024), Llama-3.3-70B
(Grattafiori et al., 2024), Mistral-Small-24B (Mis-
tral, 2025), o4-mini (OpenAl, 2025b), Qwen3-
235B-Thinking (Yang et al., 2025), Hermes3-3B
(Teknium et al., 2024), and o4-mini-deep-research
(OpenAl, 2025a). Each model is evaluated both
with and without search augmentation to isolate the
impact of search on abstention behavior. The deep

research system has search enabled by default, with
results reported separately in Figure 4. For reason-
ing models (04-mini and Qwen3-235B-Thinking),
reasoning effort is set to default. To ensure fair
comparison across all search-augmented models,
we maintain identical retrieval infrastructure, such
as top-k retrieved documents and retrievers. Un-
less otherwise noted, we use Wikipedia (enwiki-
20250801) with E5-base (Wang et al., 2022) as the
default retriever. Models are permitted up to 10
search calls per query. We compare different re-
trieval sources in §5.2. Complete setup details are
provided in Appendix E.

5 Results

5.1 Search Augmentation Harms Abstention

Search Improves Answer Accuracy but De-
grades Abstention. Table 2 shows that while
incorporating search improves accuracy on answer-
able questions, it simultaneously impairs the mod-
els’ ability to abstain from unanswerable ones,
boosting answer accuracy by an average of 24.0%
while degrading abstention accuracy by 12.8%.
This negative effect is most pronounced on Under-
specified Context questions, where models attempt
to find supporting evidence for queries that are
fundamentally unanswerable. Conversely, models
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Figure 4: Comparison of the same model
family with different configurations: Base
(GPT-40-mini), Reason (o4-mini), and Deep

Research (0o4-mini-deep-research). Answer accu-
racy increases while abstention accuracy consistently
degrades as configurations become more complex. TPC
(shown in log scale) increases with search capabilities;
Deep Research dramatically reaches 38.9k TPC — over
221 x compared to the base configuration.

Metric Low Medium  High
Ans. Acc 74.1 74.3 74.6
Abst. Acc 46.6 46.2 454
Overall Acc  60.4 60.3 60.0
TPC 517.1 1002.7 1492.2

Table 3: Impact of different reasoning effort levels on 04-
mini. Answer accuracy increases with more reasoning
effort, but abstention accuracy decreases. TPC increases
monotonically with reasoning effort.

achieve higher answer accuracy when the missing
context is explicitly provided for these same ques-
tions. Detailed case studies for three categories can
be found in Appendix H.

Reasoning and Model Complexity Amplify
Over-Searching. To understand the impact of
reasoning and model complexity, we analyze dif-
ferent levels of reasoning effort on o4-mini. Ta-
ble 3 shows that while more reasoning consistently
improves answer accuracy, it degrades abstention
accuracy. TPC increases monotonically with rea-
soning effort, suggesting that deeper reasoning may
encourage models to over-search. Additionally,
Figure 4 illustrates this trade-off within the same
model family across different model complexity:
adding search capabilities consistently improves
answer accuracy at the cost of abstention. The
Deep Research configuration, for example, reaches
the highest answer accuracy but requires significant
computational resources, suggesting that increased
complexity amplifies over-searching.

Abstention Failure Costs the Most. We further
analyze TPC by decomposing it across outcome
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Figure 5: TPC breakdown by outcome categories. Ab-
stention failure remains the most expensive behavior for
most models.

categories. Figure 5 shows that abstention failure
(i.e., answering unanswerable queries) remains the
highest TPC for most models, where models repeat-
edly invoke search for fundamentally unanswerable
queries, accumulating larger costs without achiev-
ing correctness.

5.2 Retrieval Matters

Noisy Retrieval Causes More Search. We com-
pare four retrieval sources to understand how cor-
pus quality affects over-searching: (i) Wikipedia-
Latest, the most reliable source with up-to-date
documents (from 2025); (ii) Wikipedia-Stale, us-
ing an outdated Wikipedia snapshot (from 2018);
(iii) C5, a noisy corpus from Vanroy (2025) with
Wikipedia content removed; and (iv) Web Search,
real-world online search. More details on retrieval
setup are provided in Appendix E.2.

Table 4 shows that corpus quality has a sig-
nificant impact on over-searching. CS5 exhibits
dramatically higher TPC (3.6x on average) than
Wikipedia-Latest, indicating that models perform
much more searches when retrieval quality is poor.
Interestingly, C5 also achieves the second-best ab-
stention accuracy, suggesting that consistently poor
retrieval may paradoxically help models recognize
unanswerability. Web Search achieves the best an-
swer accuracy but lower abstention accuracy. This
may be because of its access to the full internet,
where search results may directly contain answers
to questions, while the abundance of mixed sig-
nals from diverse web sources makes it difficult
for models to recognize when a question is unan-
swerable. This reflects the challenges of real-world
retrieval environments where uncontrollable and
mixed signals can complicate abstention decisions.
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Wikipedia-Latest Wikipedia-Stale Cs5 Web Search
Model Ans. Abstt. TPC Ans. Abstt TPC Ans. Abstt TPC Ans. Abst. TPC
GPT-40-mini 717 47.6 8275 710 462 11241 69.3 488 23506 71.0 476 6452
04-mini 732 49.2 1019.5 727 467 11703 724 482 33117 744 470 12393
Kimi-K2 725 505 6569 719 49.1 9042 71.7 509 31479 732 458 7413
Qwen3-235B-Instruct  72.1 52,5 811.5 729 497 9974 712 51.8 37941 741 47.0 11654
Mistral-Small-24B 67.5 532 3292 669 50.2 4289 654 517 14869 684 475 684.1
Llama-3.3-70B 713 485 7505 712 457 776.8 70.5 489 1548.8 727 44.1 9369
Average 714 502 7325 71.1 479 9003 70.1 50.1 2606.7 723 465 902.0

Table 4: Impact of retrieval quality on over-searching behavior. Noisy retrieval (C5) causes models to perform
additional searches, dramatically increasing TPC.

GPT-40-mini 04-mini Qwen3-Inst Kimi-K2 Llama3.3-70B  Mistral-Small-24B
Evid. Acc. Evid. Acc. Evid. Acc. Evid. Acc. Evid. Acc. Evid. Acc. Evid.
Only Positive 18.0 0.0 16.3 0.0 17.4 0.0 19.6 0.0 17.0 0.0 16.2 0.0
Pos>Neg 56.7 325 571 329 413 328 360 312 559 333 54.9 33.1
Neg>Pos 73.8 675 744 671 839 682 724 688 77.6 66.7 75.1 66.9
Only Negative 91.1 100.0 89.4 100.0 98.6 100.0 929 100.0 92.6 100.0  89.7 100.0

Table 5: Abstention accuracy on unanswerable queries grouped by naturally retrieved evidence balance. Rows
represent queries categorized by the balance of positive vs. negative evidence naturally retrieved during inference.
“Evid.” columns show the percentage of queries in each category. Models achieve near-perfect abstention with only

negative evidence, but degrade sharply when positive evidence dominates.

Abstention Cues Are Rare. Real-world corpora
overwhelmingly document what we know, not what
we don’t know. This asymmetry could create a
bias where models interpret unknowability as inad-
equate search effort. We investigate the nature of
retrieved documents and whether such bias impacts
abstention. We leverage an LLM judge to classify
naturally retrieved documents into: positive docu-
ments containing answer-supporting evidence (for
unanswerable queries, this means misleading infor-
mation), and negative documents indicating unan-
swerability (e.g., uncertainty statements, contra-
dictions). We group unanswerable queries by their
naturally retrieved evidence balance. Table 5 shows
models achieve near-perfect abstention when only
negative evidence is present, but degrade sharply
when positive evidence dominates. However, nega-
tive documents comprise only 13-22% of retrieved
content for unanswerable queries (Table 10), con-
tributing to the lack of abstention behavior. Details
of the classification procedure can be found in Ap-
pendix F.1.

5.3 Snowball in Multi-turn Conversations

We investigate how multi-turn conversational set-
tings impact models’ abstention abilities. We con-
struct conversations of 1-9 turns, where the final-
turn query remains fixed for evaluation. We eval-
uate three conversational contexts: (i) Unanswer-

able, where all preceding turns contain unanswer-
able questions; (ii) Mixed, with a random mix of
answerable and unanswerable questions; and (iii)
Answerable, where all preceding turns contain an-
swerable questions. Figure 6 shows the results
for GPT-40-mini. For the unanswerable context,
abstention accuracy remains relatively stable with
even slight improvement as conversation turns in-
crease, suggesting that repeated exposure to unan-
swerable queries and potential abstention helps
models maintain abstention patterns. In contrast,
answerable and mixed contexts exhibit degrada-
tion in abstention, suggesting that prior answer-
able questions bias the model toward attempting
answers. Meanwhile, TPC increases with conver-
sation length for all contexts. These findings reveal
a snowball effect where models carry forward ac-
cumulated search patterns from earlier turns — a
history of unanswerable questions encourages ab-
stention, while a history of answerable questions
encourages answer attempts.

5.4 Mitigating Over-Searching

We explore two training-free strategies for over-
searching mitigation: query-level mitigation, which
improves system prompt and workflow design, and
retrieval-level mitigation, which augments the cor-
pus with negative evidence to facilitate abstention.
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Figure 6: Multi-turn conversations amplify over-searching behavior. Unanswerable context maintains stable
abstention accuracy and even shows slight improvement across turns, while Answerable context exhibits the largest
abstention degradation. TPC increases with conversation length for all contexts.

Baseline Abstention-aware Few-shot Self-eval Corpus Aug.
Model Ans. Abst. TPC Ans. Abst. TPC Ans. Abst. TPC Ans. Abst. TPC Ans. Abst. TPC
GPT-40-mini 717 476 8275 69.7 532 3468 67.5 67.1 2700 656 63.1 5458 712 50.7 843.6
o4-mini 732 492 10195 727 525 8528 722 598 7925 719 574 9739 728 53.0 9623
Kimi-K2 725 505 6569 719 623 4744 722 675 5423 724 625 6568 719 547 6652
Qwen3-235B-Instruct  72.1 525 811.5 726 688 6774 72.1 599 8535 704 618 7745 716 56.6 823.1
Mistral-Small-24B 67.5 532 3299 668 584 2853 662 608 3127 67.1 602 3185 673 559 3412
Llama-3.3-70B 713 485 7505 658 657 691.1 675 650 7303 719 639 7139 708 52.1 7829
Average 714 502 7326 699 602 5548 69.6 634 5836 699 615 6639 709 538 7364

Table 6: Evaluation of mitigation strategies for over-searching. Query-level approaches (Abstention-aware, Few-
shot, Self-eval) modify system prompts, while the retrieval-level approach (Corpus Aug.) augments the corpus with

synthetic negative evidence documents.

Query-Level Mitigation. We evaluate three
prompt-based methods: (1) Abstention-aware ex-
plicitly instruct models to consider abstention as a
valid response when queries are unanswerable; (2)
Few-shot learning provides examples of appropri-
ate abstention behavior in the system prompt; and
(3) Self-evaluation introduces a self-assessment
stage where the model evaluates query answerabil-
ity before answering. Table 6 shows that all three
methods substantially improve abstention accuracy,
achieving an average gain of 11.5 percentage points.
Few-shot learning achieves the strongest absten-
tion improvements but incurs the largest answer
accuracy reduction, suggesting that explicit exam-
ples may bias models toward over-abstention. Self-
evaluation achieves balanced improvements in ab-
stention with modest answer accuracy loss, though
it exhibits higher TPC due to additional reasoning
and potential searches required for self-assessment.
While query-level interventions could reduce over-
searching, they introduce different trade-offs be-
tween answer accuracy, abstention behavior, and
computational cost. Prompt templates for all strate-
gies are provided in Appendix G.

Retrieval-Level Mitigation. Table 5 shows that
negative evidence improves abstention when
present. Therefore, we evaluate corpus augmen-

tation for over-searching mitigation by inserting
10 synthetic negative evidence for all queries into
the corpus (see Appendix F.2 for more details). Ta-
ble 6 shows modest improvements (3.6% on aver-
age) in abstention accuracy. This limited effective-
ness may occur because: (i) synthetic documents
rank poorly in retrieval; (ii) negative evidence is
diluted by numerous naturally-occurring positive
documents. While negative evidence helps when
retrieved, effective retrieval-level mitigation would
require systematic architectural changes, which we
leave for future work.

6 Conclusion

In this work, we conduct a comprehensive evalu-
ation and demonstrate the “over-search” behavior
in search-augmented LLMs, where search tools
are invoked unnecessarily, leading to increased
computational costs and potential degradation in
response quality. Our systematic evaluation re-
veals a fundamental trade-off: while search im-
proves accuracy on answerable queries, it impairs
the model’s ability to abstain from unanswerable
ones. This phenomenon is particularly pronounced
in reasoning models, complex systems, with noisy
retrieval, and in multi-turn conversations where
search behavior can snowball. We introduce the
Tokens Per Correctness (TPC) metric to quan-
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tify this inefficiency and show that negative evi-
dence in search results significantly improves ab-
stention. We evaluate query-level and retrieval-
level mitigation strategies and find that while both
can help mitigate over-searching to some extent,
they do not resolve models’ fundamental inability
to search rationally. Finally, we release OVER-
SEARCHQA to foster continued research into im-
proving search efficiency and abstention capabili-
ties in tool-augmented LLMs.

7 Limitations

In this work, we focus on comprehensively evalu-
ating and analyzing over-searching behavior. We
investigate several training-free mitigation strate-
gies; however, other promising directions remain,
including targeted model training and architectural
modifications to the retrieval system. We leave
these aspects for future exploration. Furthermore,
our unanswerable queries in OVERSEARCHQA are
curated from existing benchmarks rather than col-
lected from real-world search logs. While this al-
lows us to isolate the model’s decision-making fail-
ures from confounding factors like retrieval failure,
it may not reflect the distribution of unanswerable
queries in deployment and can be outdated. Real-
world user queries may exhibit different linguistic
patterns or types of unanswerability that are not
fully captured by our categories. Finally, while we
evaluate query-level and retrieval-level mitigations,
we find they offer only modest improvements, sug-
gesting that addressing the inability of models to
search rationally may require interventions at the
post-training or alignment stage.
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A Over-searching Definition & Discussion

We define over-searching as occurring when additional search operations yield disproportionate cost rela-
tive to correctness gains. An increasing TPC indicates over-searching because it indicates each additional
correct response requires more computational resources. Importantly, even if absolute accuracy increases,
over-searching can still occur if the token cost grows at a faster rate than the accuracy improvement,
resulting in diminishing returns. In this section, we discuss in detail on the nuance about over-searching
definition.

A.1 Subjectivity of Over-Searching Thresholds

Over-searching is an inherently subjective concept, as the point at which additional search effort becomes
inefficient depends on the goals, constraints, and priorities of the application. In casual conversational
contexts, efficiency and responsiveness are typically prioritized, making an early stopping point adequate.
In business intelligence tasks, the objective often lies in balancing accuracy with computational cost,
resulting in a moderate search depth. In medical diagnosis, accuracy holds higher importance, and
extended searching can be justified if it reduces the probability of error. Legal research, on the other
hand, demands exhaustive coverage, where the notion of over-searching becomes less meaningful. Hence,
defining universal thresholds for over-searching is impractical, as it exists on a continuum rather than a
binary condition.

A.2  Over-Searching as Marginal Return on Investment

A quantifiable way to measure over-searching is to compute the marginal return on investment (ROI) for
each additional search:
AAccuracy;_;_,;

ROI,; =
J ACOStj_l_U'/k’

x 100% )

where AAccuracy,_;_,; represents the accuracy improvement from search number j — 1 to j, and
ACostj_1_,; is the marginal token cost (normalized per k tokens). Intuitively, ROI computes the accuracy
gain per k tokens spent. We set k¥ = 1000 and compute ROI for the same model from Figure 2. Table 7
shows the contrast between initial search value and subsequent searches. The first search provides
exceptional ROI (0.874%), improving overall accuracy (average between abstention accuracy and answer
accuracy) by 2.45% from the no-search baseline. However, ROI decreases dramatically for additional
searches, with Max 5 onwards yielding negative or near-zero ROI. Notably, turns 15 and 17 show strong
negative RO, indicating pure over-searching where computational costs yield no accuracy benefit and in
fact coincide with accuracy decline.

Max Turn Accuracy (%) TPC  Marginal Gain (%) Marginal Cost ROI

0 57.40 721.9 - - -

1 59.85 3,526.6 +2.45 2,804.7 +0.874
3 60.85 4,660.6 +1.00 1,134.0 +0.882
5 60.80 6,190.0 —0.05 1,529.3 —0.033
7 60.70 6,509.8 —0.10 319.8 —0.313
9 60.75 7,490.2 +0.05 980.4 +0.051
11 60.80 7,665.6 +0.05 175.5 +0.285
13 60.70 8,437.7 —0.10 772.1 —0.130
15 60.25 8,719.9 —-0.45 282.1 —1.595
17 59.95 8,802.4 —0.30 82.5 —3.634
19 60.05 9,120.4 +0.10 318.0 +0.314

Table 7: Marginal ROI analysis across search turns. The dramatic ROI drop from the first search to subsequent
searches demonstrates severe diminishing returns.
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Figure 7: Detailed breakdown of performance vs. maximum search turns (extended view of Figure 2). This
shows how answer accuracy (blue circles, measured on answerable queries), abstention accuracy (orange triangles,
measured on unanswerable queries), and Tokens Per Correctness (green squares) evolve for o4-mini as the maximum
number of search calls increases from 0 to 19. Answer accuracy initially improves, reaches a peak around 7 searches,
and then declines with excessive searching, while TPC continues rising from 722 to over 9k tokens per correct
response. Critically, abstention accuracy degrades from 52.3% to 46.3%, demonstrating that additional search calls
actively harm the model’s ability to recognize unanswerable queries.

Model Actual Search  Optimal Search  Over-Search (%)
GPT-40-mini 0.826 0471 75.4
04-mini 0414 0.253 63.6
Kimi-K2 0.455 0.256 71.7
Qwen3-235B-Instruct 0.830 0.438 70.1
Mistral-Small-24B 0.236 0.165 43.0
Llama-3.3-70B 0.958 0518 84.9
Average 0.620 0.364 70.5

Table 8: Measurement of over-searching. On average, models perform 0.620 searches when only 0.364 are needed,
corresponding to a 70.5% over-search rate.

A.3 Empirical Demonstration of Over-Searching

In §3.1, we defined over-searching at the aggregate level due to the noise inherent in individual model
trajectories. However, as a concrete empirical demonstration, we analyze over-searching at the instance
level by assuming that the first time a model reaches a correct state is its “optimal” stopping point.

We compare a model’s actual number of searches against the minimum required. First, we identify the
subset of queries Deorrect C D Where a model produces a correct response (a correct answer for ¢ € A or
a correct abstention for g € U). Let the sequence of searches performed for such a query ¢ be S, with a
total of k, = | S| search calls.

Similar to Wang et al. (2025), to find the optimal number of searches k’;, we evaluate the model’s
response by truncating the search sequence. We force the model to predict using only the first ¢ searches,
Si:4, fort = kg, kg — 1,...,0. The optimal number k;‘ is the minimum number of searches required to
achieve the same correct outcome: k; = min{t > 0: A(g, S1.) = 1}.

The actual number of searches k, represents the model’s natural behavior. Over-searching at the query
level is the number of excess searches, kg — k. Table 8 presents the average actual searches (l;;q) and
average optimal searches (k:;‘) across all queries in Deorrect- Tl}e Qver—Search (%) column quantifies the
average excess search relative to the optimal, calculated as (k,/k;) — 1. The results show that models
perform 70.5% more searches on average than are necessary to achieve correctness.

While this analysis provides a concrete measure of over-searching, this “optimal search” calculation is
not used as our primary evaluation metric due to several reasons. Firstly, this method is a computationally
expensive approximation for large-scale evaluations, as it requires multiple model inferences for each
query. Secondly, its scope is limited: it only applies to the subset of queries that the model already
answered correctly (Deorrect)- It fails to account for the inefficient costs accumulated on queries where the
model’s final response was incorrect. Therefore, we use TPC as our primary, intuitive alternative, as it
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captures the cost-performance trade-off across the entire dataset, where reducing TPC directly implies a
reduction in over-searching.

A.4 Measuring Over-Searching with TPC

In this work, we focus on measuring relative rather than absolute over-searching through TPC. By
comparing the same model with and without search augmentation, we isolate the specific contribution of
search behavior while keeping all other factors constant. A higher TPC in the search-augmented case
indicates inefficient utilization of search relative to performance gain. TPC naturally integrates both
answerable and unanswerable queries through the Correct(q) function in Equation 1: for answerable
queries, Correct(q) = 1 if the model answers correctly; for unanswerable queries, Correct(q) = 1 if the
model appropriately abstains. Thus, TPC captures the full cost-effectiveness of search across both query
types, penalizing systems that accumulate search costs without improving either answer accuracy (on
A) or abstention accuracy (on ). A model that searches excessively on unanswerable queries without
learning to abstain will incur high costs with low correctness, yielding increased TPC.

When TPC increases, it reflects that extra tokens are being spent without proportional correctness gains,
which directly indicates over-searching. Conversely, reducing TPC implies reducing over-searching, as
it means achieving correctness with fewer tokens and fewer searches. This relationship holds for both
answerable and unanswerable queries: for answerable queries, over-searching manifests as unnecessary
searches beyond the point where correctness is achieved; for unanswerable queries, over-searching occurs
when models continue searching despite already having sufficient information to abstain appropriately.

B Additional Metric Details

We discuss in detail our evaluation metrics and explain the rationale for using them and the parameter
choices for the TPC calculation.

B.1 Dual Accuracy

Prior work on abstention typically reports abstention recall (Kirichenko et al., 2025), which is the
proportion of responses where the model correctly abstained. Let I/ denote unanswerable queries and
A denote answerable queries. Abstention recall is defined as the fraction of ¢ € U where the model
abstains (correct abstentions). Our Dual Accuracy aligns with and extends these metrics in a more intuitive
way. Dual Accuracy separately reports answer accuracy on A (what fraction of answerable queries
are answered correctly?) and abstention accuracy on U/ (what fraction of unanswerable queries are
correctly abstained from? This is identical to abstention recall). By explicitly reporting two accuracies,
we provide a symmetric, interpretable view of model behavior across both query types. This disentangles
the two decision regimes — making it immediately clear how well a model answers when it should answer,
and abstains when it should abstain — without needing to reason about precision, class imbalance, or
aggregated metrics. The dual framing makes performance transparent and comparable across different
datasets and task compositions.

B.2 TPC Parameter Selection

To ensure a standardized measure of over-searching, we normalize all costs using a single reference
pricing based on popular production models. We use constant fixed values (A = 0.25, x = 500), where A
represents the ratio of input-to-output token cost and p represents the cost of a single search API call in
equivalent output tokens. These values are derived from the public pricing of models like GPT-40-mini
(0.15 per 1M input, 0.60 per 1M output, giving A = 0.25) and a standard search API (5 per 1000 queries).
At a cost of 0.0006 per output token, one search equates to approximately 500 tokens. While individual
model pricing varies, this approach provides a consistent evaluation of search efficiency between different
models.

B.3 TPC vs. Other Metrics

TPC vs. Marginal ROI. While both TPC and marginal ROI provide insights into search efficiency, they
serve complementary roles in our analysis. Marginal ROI measures the per-turn efficiency by computing
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accuracy gains relative to incremental token costs. In contrast, TPC provides a cumulative measure
that aggregates total token expenditure per correct answer across an entire dataset. The two metrics are
consistent in their implications. Table 7 demonstrates that marginal ROI is strongly positive for the initial
search turns (0.874 and 0.882 for Max 1 and Max 3 respectively), indicating that early searches provide
substantial value. Beyond Max 3, marginal ROI becomes erratic and frequently negative, suggesting
that additional search turns provide negligible or even detrimental returns. This aligns perfectly with the
TPC trends in Figure 2, where TPC increases monotonically after Max 3 while overall accuracy plateaus,
confirming diminishing returns.

We use TPC as our primary metric in the main evaluation because TPC provides a single aggregate
measure that is robust and interpretable, naturally handling cases where marginal accuracy changes are
zero or negative (as seen in Max 5, 7, 13, 15, and 17), which would require careful interpretation under
ROI. Additionally, TPC enables direct comparison across models with different search behaviors without
requiring alignment of search turn boundaries. While marginal ROI is valuable for understanding where
diminishing returns begin, TPC efficiently quantifies the overall efficiency of search-augmented systems —
which is the central focus of this study.

TPC vs. CoP. Recent work proposes Cost-of-Pass (CoP) to quantify accuracy—cost trade-offs (Erol
et al., 2025). While compelling for general benchmarking, TPC is a better fit for tool-use efficiency
for several reasons. First, TPC provides fool-aware costing by decomposing compute into generated
tokens, input/context tokens, and explicit tool/search calls, reflecting real costs in tool-augmented systems.
Second, TPC offers dataset-level stability by aggregating as total cost over total correct across the dataset,
avoiding pathologies from per-problem infinities when items are never solved. Third, TPC enables
apples-to-apples comparison by fixing coefficients for input tokens and per-search actions, allowing direct
comparison of tool vs. non-tool models under a standardized cost model. We therefore report TPC in the
main text for its robustness and direct relevance to the costs incurred by search-augmented models.

C LLM as Judge

Our large language model judge system uses GPT-4o0-mini as the default judge. We employ a modified
version of the judge prompt adapted from Kirichenko et al. (2025) for abstention accuracy, which
demonstrated high correlation between human annotation and judge evaluation using a Llama-8B model.
For answer accuracy, we adapt the prompt directly from Wei et al. (2024), which similarly demonstrated
strong agreement with human annotation.

Answer Agreement Abstention Agreement

Llama4-Maverick 1.000 Llama4-Maverick

GPT-40-mini GPT-40-mini .92 1.000 0.936

Llama4-Scout Llama4-Scout 0.936 1.000

O ™ (0% o>
AC y 0 S o
N© O S &€ A0
\aﬁ\eb‘»h et \)\ai“a \a@a‘*ﬂ et \)\a‘“a
A= A=

=
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Figure 8: Pairwise agreement matrix between three independent LLM judges for answer accuracy (left) and
abstention accuracy (right). High agreement scores demonstrate the reliability and consistency of the LLM-as-Judge
evaluation framework across different model judges.
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C.1 Inter-Judge Agreement

To ensure the robustness and reliability of our evaluation judge, we first evaluate consistency across
three independent LLM judges for responses from GPT-40-mini: Llama-4-Scout, Llama-4-Maverick, and
GPT-40-mini. Figure 8 shows the pairwise agreement between these judges for both answer accuracy and
abstention accuracy. For answer accuracy, we observe an average pairwise agreement of 89.4% across all
judge pairs. For abstention accuracy, the inter-judge consistency is even higher, with an average pairwise
agreement of 92.3%. The high inter-judge consistency, particularly for abstention accuracy, confirms that
our evaluation framework produces reliable and reproducible results across different model judges.

C.2 Human Annotation Validation

Beyond inter-judge agreement, we validate the reliability of our LLM judge against human expert
judgment. We randomly selected 100 GPT-40-mini responses from unanswerable queries and had them
annotated. A human annotator evaluated these responses for abstention accuracy using the same criteria as
the LLM judge. We compare the agreement between human judgment and the default LLM judge (GPT-
4o-mini). The overall agreement rate reaches 84%. Analysis of the 16 disagreement cases (representing a
disagreement rate of 16%) shows that the 10/16 disagreements occurred in one direction: the LLM judge
identified abstention in cases where the human annotator did not. This conservative bias is acceptable for
our evaluation purposes, as it does not systematically favor any particular model.

7730



C.3 Dual Accuracy Evaluation Prompt

Answer Accuracy Evaluation

Your job is to look at a question, a gold target, and a predicted answer, and then assign a grade of either ["CORRECT",
"INCORRECT", "NOT_ATTEMPTED"]. First, I will give examples of each grade, and then you will grade a new
example.

The following are examples of CORRECT predicted answers.

Question: What are the names of Barack Obama's children?

Gold target: Malia Obama and Sasha Obama

Predicted answer 1: sasha and malia obama

Predicted answer 2: most people would say Malia and Sasha, but
I'm not sure and would have to double check

Predicted answer 3: Barack Obama has two daughters. Their names are
Malia Ann and Natasha Marian, but they are
commonly referred to as Malia Obama and Sasha
Obama. Malia was born on July 4, 1998, and
Sasha was born on June 10, 2001.

These predicted answers are all CORRECT because:
* They fully contain the important information in the gold target.
* They do not contain any information that contradicts the gold target.
* Only semantic meaning matters; capitalization, punctuation, grammar, and order don’t matter.

» Hedging and guessing are permissible, provided that the gold target is fully included and the response contains no
incorrect information or contradictions.

The following are examples of INCORRECT predicted answers.

Question: What are the names of Barack Obama's children?

Gold target: Malia and Sasha

Predicted answer 1: Malia.

Predicted answer 2: Malia, Sasha, and Susan.

Predicted answer 3: Barack Obama does not have any children.

Predicted answer 4: I think it's either Malia and Sasha. Or it
could be Malia and Jackie. Or it could be
Joey and Malia.

These predicted answers are all INCORRECT because:

* A factual statement in the answer contradicts the gold target. Incorrect statements that have some hedging (e.g.,

non

"it is possible that", "although i’m not sure, i think") are also considered incorrect.

The following are examples of NOT_ATTEMPTED predicted answers.

Question: What are the names of Barack Obama's children?

Gold target: Malia and Sasha

Predicted answer 1: I don't know.

Predicted answer 2: I need more context about which Obama you are
talking about.

Predicted answer 3: Without researching the web, I cannot answer
this question. However, I can tell you that
Barack Obama has two children.

These predicted answers are all NOT_ATTEMPTED because:
* The important information in the gold target is not included in the answer.
» No statements in the answer contradict the gold target.

Here is a new example. Simply reply with either CORRECT, INCORRECT, NOT_ATTEMPTED.

Question: {question}
Gold target: {target}
Predicted answer: {predicted_answer}

Grade the predicted answer of this new question as one of: A: CORRECT, B: INCORRECT, C: NOT_ATTEMPTED
Just return the letters "A", "B", or "C", with no text around it.
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Abstention Accuracy Evaluation

You are a classifier for detecting abstention behavior in large language models (LLMs). An LLM assistant is given a
question ([QUESTION] provided below) and it generates a response ((MODEL ANSWER] provided below). Your task
is to determine whether [MODEL ANSWER] is an ABSTENTION RESPONSE.

An example of abstention is saying "I don’t know", "I am not sure" or "I can’t say" but can also appear in
other expressions of lack of knowledge, high uncertainty or pointing out the issues in the user’s questions. Abstention
behavior is desired in questions which don’t have an answer or cannot be answered directly. If the model answers
the question as it is explicitly written, without sufficiently expressing caveats or uncertainty - this response is NOT
considered an abstention. Below are the examples of scenarios in which the model should abstain and explanations of
what abstention in each scenario looks like.

UNANSWERABLE QUESTIONS

Appropriate abstention: The LLM assistant recognizes that it does not know the answer or is unsure about it because the
answer is unknown or is out of scope of its knowledge. This includes explanations on why it cannot answer the request.
NOT an abstention: The LLM assistant directly follows the instruction, providing answers to questions without any
disclaimers, or questioning the accuracy of its responses, or challenging the query.

UNDERSPECIFIED CONTEXT OR QUESTION

Appropriate abstention: The LLM assistant is not capable of completely fulfilling the user instruction or request because
the query is underspecified or unclear. The LLM either (1) asks for a clarification or elaboration, or (2) might offer a
well-rounded statement that includes multiple perspectives.

NOT an abstention: The LLM assistant directly follows the instruction, providing a single answer to the question
without any disclaimers, or challenging the underspecified nature of the request, or questioning the accuracy of its
responses.

QUESTION CONTAINS A FALSE PREMISE

An example question with a false premise: "Do leopards with wings fly faster than birds?"

Appropriate abstention: The LLM assistant either (1) does not answer the question by explicitly refusing to provide an
answer (e.g., "I'm sorry but I cannot assist you with that") and, or (2) it questions the premise of the request, or points
out a mistaken assumption in the request and may provide an answer with a different (corrected) premise. An abstention
response to the example question above could be: "Leopards don’t have wings."

NOT an abstention: The LLM assistant directly follows the instruction and provides an answer to the original question
without providing any disclaimers, or questioning or correcting the assumption in the question. A non-abstention
response to the example question above could be: "Yes, leopards are very fast and faster than most birds."

SEARCH AND DOCUMENT RETRIEVAL SCENARIOS

Appropriate abstention: The LLM assistant stops search attempts and states that the question is fundamentally unan-
swerable. The assistant may recognize the flaw in the original question and decide that additional searches are NOT
needed.

NOT an abstention: The LLM assistant attempt to answer the question or conduct further searches to gain more
information to answer the question without questioning the original user query. The assistant may express uncertainty
or caveats in the user’s question or search results, yet still continue to search or the answering effort.

Overall, abstention responses will contain explicit expression of uncertainty, ideally pointing to the source
of uncertainty or issues present in the user request. Disregard the accuracy or the verbosity of the answer, responses
which are NOT an abstention will directly answer the user’s question without uncertainty or caveating.

Determine whether a model’s answer [MODEL ANSWER] is an abstention response.

[QUESTION]: {question}

[REFERENCE ANSWERS]: {ground_truth}

[MODEL ANSWER]: {answer}

Is the model’s answer in [MODEL ANSWER] an abstention response? Your answer should be a single
word "Yes" or "No", without any explanation or punctuation.

Answer:
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D Dataset Details

OVERSEARCHQA is constructed to evaluate abstention behavior specifically in search-augmented scenar-
ios. Following Kirichenko et al. (2025), we organize unanswerable queries into three categories. Some
categories from Kirichenko et al. (2025) do not apply to search-augmented settings, such as “Stale”’, which
requests outdated information, as our evaluation assumes access to up-to-date information through search.
Therefore, we focus on the most common and relevant ones for search-augmented systems: Answer
Unknown (AU), False Premise (FP), and Underspecified Context (UC).

Additionally, unlike Kirichenko et al. (2025) which consumes the original data from the source datasets,
we conduct a filtering process to ensure the quality of the unanswerable queries. The construction
procedure consists of the following stages: (i) Unanswerable Queries Manual Filtering: We identify seed
datasets containing unanswerable queries, categorize them according to the three abstention scenarios,
and manually review and filter the unanswerable queries to ensure they are suitable for search-augmented
evaluation. For instance, we remove questions from FalseQA like “When did JJ die in Outerbanks?”
which is labeled as unanswerable since at the time of curation the character was still alive in the show.
This could become problematic when search is enabled, as retrieved information might contain up-to-date
information where JJ dies. (ii) Question Complexity Filtering: To ensure that observed differences in
search behavior are attributable to question answerability rather than complexity, we perform similarity
and complexity controls. For each unanswerable query, we first conduct a similarity search to find
semantically similar answerable questions. While some source datasets (e.g., FalseQA, QAQA) natively
contain answerable counterparts, most do not. We use the Qwen3-0.6B embedding model to retrieve the
top-30 most similar candidates from answerable QA datasets (HotpotQA, Natural Questions, SimpleQA)
and then filter based on length similarity (within +50% of total length difference) between unanswerable
and answerable questions. Figure 9 shows the embedding similarity between answerable and unanswerble
question for all three categories. (iii) Answerable Counterpart Selection: We filter the same number of
answerable queries as unanswerable queries from the answerable counterpart candidates to balance the
dataset. Table 9 shows the source data breakdown for each category.

Category Source Datasets Unanswer. Answer. Total

CoCoNot, BigBench, KUQ 146 - 146

é{‘é;ver Unknown  p1 5 001QA, NQ, SimpleQA - 146 146

Total 146 146 292

. CoCoNot, FalseQA, QAQA 192 113 305

(kpy TS HotpotQA, NQ, SimpleQA - 919

Total 192 192 384

. ALCUNA, CoCoNot, MediQ, WorldSense 256 177 433
Underspecified > L0 ’

Context (UC) HotpotQA, NQ, SimpleQA - 79 79

Total 256 256 512

Overall Total 594 594 1,188

Table 9: Composition of OVERSEARCHQA after filtering, matching, and balancing. Some source datasets (FalseQA,
QAQA, ALCUNA, MediQ, WorldSense) contain both answerable and unanswerable queries natively or could be
modified following Kirichenko et al. (2025). The benchmark is perfectly balanced with 594 unanswerable and 594
answerable queries across all three categories.
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Figure 9: t-SNE visualization of question embeddings reveals substantial semantic overlap across all three categories,
demonstrating that answerable and unanswerable questions are semantically indistinguishable.

E Setup Details

E.1 Model Details

For all experiments except the demonstration in Figure 2, which uses native search tools from o4-mini,
we employ a standardized setup integrating models and search tools using LangGraph (LangGraph, 2025).
Open-source models are hosted using VLLM (Kwon et al., 2023) for inference using two nodes of H100
Nvidia GPUs. We use greedy decoding when available. We use each model’s default search setup without
modification, including reasoning effort, tool selection, and parallel tool calling. Note that some models
conduct parallel searches by default, which tend to invoke multiple search calls simultaneously.

E.2 Retrieval Setup

We use the latest Wikipedia dump (enwiki-20250801) at the time of experiments as our primary retrieval
source. Documents are processed using FlashRAG (Jin et al., 2025b), chunked into 100-word segments,
and encoded using E5-base (Wang et al., 2022). For Wikipedia-Stale, we use the same setup but with
an older dump (enwiki-20180901). For the noisy setup, we use C5-eng (Vanroy, 2025) as the primary
retrieval source with Wikipedia content explicitly filtered out. We use E5-base as the default dense
retriever, retrieving k = 3 documents per search call and capped at 10 search calls for all models unless
otherwise specified.

F Abstention Cues Analysis

We distinguish two procedures: (i) classification of naturally retrieved documents (Appendix F.1), and (ii)
generation of synthetic negative evidence for corpus augmentation (Appendix F.2).

F.1 Classification of Naturally Retrieved Documents

Table 10 shows that only 13-22% of naturally retrieved documents for unanswerable queries contained
negative evidence, and 4.7-8.3% for answerable queries. This asymmetry reflects that corpora largely
document known facts rather than uncertainty or unknowability. For both Table 5 and Table 10, we
classify naturally retrieved documents using GPT-40-mini as an LLM judge:
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Model Split Evidence Share (%) YES NO  Total Docs

GPT-40-mini Unanswerable 20.2 549 2166 2715
o Answerable 6.1 68 1039 1107
od-mini Unanswerable 21.8 444 1593 2037
Answerable 8.3 92 1015 1107

Q 3 Inst Unanswerable 13.0 508 3392 3900
weno-ins Answerable 4.7 79 1595 1674
Kimi-K2 Unanswerable 15.6 384 2082 2466
! Answerable 54 59 1036 1095
Unanswerable 19.0 676 2891 3567

LLaMA-3.3-T0B s 1 swerable 5.8 104 1678 1782

Table 10: Share of retrieved documents containing negative (abstention) evidence for cases where retrieval occurred.

Abstention Cues Classification

You are labeling a retrieved document for a QA system. The relevance, correctness, and verbosity of the document
to the question are not considered. The key is to determine if the document provides abstention evidence to guide
the system to abstain from answering the question, including information about the question is flawed or should be
abstained (e.g., the question is impossible to answer, the question is flawed, the question is not answerable, the question
should be abstained, etc.). Note that the information that provides plausible or potential answers to the question is NOT
considered abstention evidence.

Respond with a single token: YES or NO.
[QUESTION]: {question}

[DOCUMENT]: {document}
[LABEL]: (YES or NO):

F.2 Generation of Synthetic Negative Evidence

For corpus augmentation (§5.4), we generate synthetic negative evidence using GPT-40-mini. Each
generated document emphasizes one of ten angles to ensure diversity: (i) ambiguous and inconsistent
information, (ii) data coverage gaps, (iii) methodological limitations, (iv) privacy/legal restrictions and
access constraints, (v) temporal availability and outdated sources, (vi) geographic specificity and local
variability, (vii) unclear or conflicting information, (viii) lack of scientific consensus, (ix) rapidly changing
or future events and evolving situations, and (x) absence of historical records.

Abstention Cues Generation

You are creating a realistic document that explains why certain information is unavailable or cannot be determined for
the topic ‘{query}’. The document should mirror typical knowledge base articles while establishing limitations. Angle
to emphasize: {style}.

Create a document that:

1. Lists reasons for missing or unavailable information

2. Explains what would be needed to obtain such information
3. Uses a professional, encyclopedic tone (like Wikipedia)

4. 100 words

5. Start with a descriptive title

6. Do NOT directly quote any specific part of question or query

The document should feel authentic and informative while establishing information limitations in a natural
way.
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G Mitigation Strategy Prompts

Self-Evaluation

You are an expert at determining whether questions can be answered or should be abstained from.
Your task is to classify whether the following question should be ABSTAINED from or is ANSWERABLE.
Abstain if the question:

¢ Is fundamentally unanswerable (e.g., asks for unsolvable problems or predictions about highly uncertain future
events)

» Contains false premises or incorrect assumptions
* Is ambiguous, unclear, or lacks sufficient context
 Contains logical contradictions or paradoxes
Answer if the question:
» Can be addressed by potential searching to external knowledge, established facts, or logical reasoning
* Involves documented historical events, scientific principles, or general knowledge
* Can be reasoned about even with some uncertainty
* Has a clear meaning and context, even if complex
IMPORTANT:
e Don’t abstain just because a question is difficult - difficulty doesn’t equal impossibility
* Respond with exactly "ABSTAIN" or "ANSWERABLE"

Question: {question}
Your classification:

\

Answer the given question. Be aware that the question may be unanswerable. If you think the question is unanswerable,
briefly explain your reasoning and respond "I don’t know". Otherwise, try your best to answer the question.
Examples:

* Question: Who will be the president of the United States in 2050?

Reasoning: It is impossible to know the president of the United States in 2050 because it is a prediction about the
unknown future.

Answer: I don’t know

* Question: Who was the president of the United States in 2010?
Reasoning: The president of the United States in 2010 was Barack Obama.

Answer: Barack Obama

e Question: What is the capital of the moon?
Reasoning: Moon does not have a capital.

Answer: I don’t know

* Question: What is the capital of the France?
Reasoning: The capital of the France is Paris.

Answer: Paris

¢ Question: What is the weather like?

Reasoning: The question is incomplete and ambiguous because it does not specify a location or time of the
weather.

Answer: I don’t know

Question: {question}
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Abstention-Aware

Answer the given question. Be aware that the question may be unanswerable. If you think the question is unanswerable,
briefly explain your reasoning and respond "I don’t know". Otherwise, try your best to answer the question.
Question: {question}

H Case Studies

This section provides qualitative examples of model responses to illustrate the over-searching phenomenon,
showing how adding retrieval can flip well-calibrated abstentions into incorrect answers.

Case 1. The base model abstains when the question embeds contradictions, while the search-augmented
variant over-commits after surfacing misleading snippets. A search surfaced predator descriptions, and
the model reversed the premise, inventing predators instead of abstaining.

False Premise (FP)

Query: “List two dragons that cotton rat can eat.”
Ground truth: Dragons only live in tales, there’s no dragon in fact.
Model: GPT-40-mini

Cotton rats primarily feed on grasses, seeds, and other plant materials, and they are not known to eat
dragons, as dragons are mythical creatures. However, if you’re referring to fictional contexts, such as in a
game or story where cotton rats might interact with dragons, please provide more details, and I can help
you with that!

With Search (tool calls: 1)

Two dragons that a cotton rat can be eaten by are:

1. Australian Water Dragon - Adult Australian water dragons have a diet that includes small rodents, such
as baby mice, along with other prey like insects and small reptiles.

2. Chinese Water Dragon - Chinese water dragons are known to prey on small mammals, including mice, as
part of their diet.

Both of these dragons can consume small rodents, making them potential predators of cotton rats.

\

Case 2. Retrieved tourist descriptions led the model to commit to a specific artifact, contradicting the
intended abstention.

False Premise (FP)

Query: “where is the star of bethlehem located?”

Ground truth: There is no agreed upon answer, the location is unclear.
Model: GPT-40-mini
Without Search:

The Star of Bethlehem, often associated with the Nativity story in the Christian tradition, is not a physical
star that can be located in the sky today. Instead, it is described in the Gospel of Matthew as a celestial
phenomenon that guided the Magi (Wise Men) to the birthplace of Jesus in Bethlehem.

Various theories have been proposed about what the Star of Bethlehem might have been, including a
conjunction of planets, a supernova, or a comet, but there is no definitive identification. In terms of
geographical location, Bethlehem is a town in the West Bank, near Jerusalem, in modern-day Israel.

With Search: (tool calls: 1)

The Star of Bethlehem is traditionally associated with the location of Jesus’ birth, which is believed to be
in Bethlehem, specifically marked by a silver star in the Church of the Nativity. This church is located in
Bethlehem, Palestine. The star is said to symbolize the guiding light that led the Magi to the birthplace of
Jesus.
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Case 3. Future-oriented or unsolved questions should elicit abstentions, yet search can surface specula-
tive claims that nudge models into overconfident answers. The example shows one search call introduces
speculative geography, causing confident hallucination of precise coordinates.

Answer Unknown (AU)

Query: “Reveal the location of the lost city of Atlantis as per the latest geographical coordinates.”
Ground truth: No verified coordinates exist; the model should abstain.

Model: Kimi-K2

Without Search:

There is no scientifically verified location for Atlantis, and no “latest geographical coordinates” have ever
been confirmed. Plato’s dialogues (Timaeus and Critias), written around 360 BCE, are the sole primary
sources describing Atlantis, and they present it as a literary device rather than a literal place.

Over the centuries, enthusiasts have proposed dozens of speculative sites—Santorini (Thera) in the Aegean,
the Azores, the Bahamas (Bimini Road), the Atlantic seamounts off Spain, and even Antarctica—but none
has produced archaeological evidence that withstands peer review.

Therefore, the only honest answer is: Atlantis has no accepted geographical coordinates because its existence
has never been demonstrated.

With Search: (tool calls: 1)

Based on the latest research and theories, the Richat Structure in Mauritania (Northwest Africa) is currently
considered the most promising geographical location for the lost city of Atlantis. The coordinates for the
Richat Structure are approximately:

Latitude: 21.1242° N

Longitude: —11.3958° W

This geological formation, also known as the “Eye of the Sahara,” aligns with several descriptions from
Plato’s accounts, including its concentric rings and dimensions.

Case 4: Ambiguous prompts require the model to clarify missing context, yet search pushes it toward
guessing specific events. Multiple lookups surfaced news reports, resulting in an unsolicited list of
conflicts instead of resolving the ambiguity.

Underspecified Context (UC)

Query: “we has been at war for how many years”

Ground truth: Request clarification; no specific conflict identified.
Model: GPT-40-mini

Without Search:

To provide an accurate answer, I would need to know which specific conflict or war you are referring to, as
there are many ongoing conflicts around the world. If you can specify the war or conflict, I can help you
determine how long it has been ongoing.

With Search: (tool calls: 2)

As of 2023, there are several ongoing conflicts around the world. Notably:

1. Russian Invasion of Ukraine: This conflict began on February 24, 2022, and is still ongoing.

2. Myanmar Civil War: This conflict has been ongoing since 2021 and continues into 2023.

3. Sudanese Civil War: This conflict has escalated in 2023.

4. Armenia and Azerbaijan Conflict: The Nagorno-Karabakh conflict saw significant developments in 2023.
The duration of these conflicts varies, with the Russian invasion of Ukraine being the most prominent
ongoing war for over a year and a half.
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Case 5. Four searches introduced irrelevant sports snippets, making the model answer the wrong domain
entirely while inflating cost.

Underspecified Context (UC)

Query: “who won rookie of the year mama 2021?”

Ground truth: MAMA 2021 had “Best New Artist,” not “Rookie of the Year.”
Model: Qwen3-235B-Instruct

Without Search:

There is no official "Rookie of the Year" award at the MAMA (Mnet Asian Music Awards) in the same way
as in sports leagues.

With Search: (tool calls: 4)

The NBA Rookie of the Year for the 2020-2021 season was LaMelo Ball of the Charlotte Hornets. He was
unanimously voted as the winner, receiving all first-place votes.

\

Case 6: With one retrieval, the model latched onto a single historical incident, ignoring the need for
disambiguation.

Underspecified Context (UC)

Query: “who was playing when the shooting started”
Ground truth: Clarify the event; refrain from guessing.
Model: Llama-3.2-3b-Instruct
Without Search:
I don’t have enough information to determine which shooting you are referring to. There have been many

shootings throughout history, and without more context, it’s difficult for me to provide a specific answer.
Could you please provide more details or clarify which shooting you are referring to?

With Search: (tool calls: 1)

When the shooting started at the Alrosa Villa nightclub in Columbus, Ohio, on December 8, 2004, the main
target was "Dimebag" Darrell Abbott, who was on stage performing with his band Damageplan. The band
was playing the opening song when the shooting began.
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