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Abstract

Test-time scaling has significantly improved large language
model (LLM) performance, enabling deeper reasoning to
solve complex problems. However, this increased reasoning
capability also leads to excessive token generation and unnec-
essary problem-solving attempts. We introduce ”Don’t Rea-
son Bench (DNR Bench)”, a new benchmark designed to
evaluate LLMs’ ability to robustly understand tricky reason-
ing triggers and avoid unnecessary generation. DNR Bench
consists of 150 adversarially designed prompts that are easy
for humans to understand and respond to, but surprisingly not
for many recent prominent LLMs. DNR Bench tests mod-
els’ abilities across different capabilities, such as instruction
adherence, hallucination avoidance, redundancy filtering, and
unanswerable question recognition. We evaluate reasoning
LLMs (RLMs), including DeepSeek-R1, OpenAl O3-mini,
and Claude-3.7-sonnet, and compare them against a power-
ful non-reasoning model, such as GPT-40. Our experiments
reveal that RLMs generate up to 70x more tokens than nec-
essary, often failing at tasks that simpler non-reasoning mod-
els handle efficiently with higher accuracy. Our findings un-
derscore the need for more effective training and inference
strategies in RLMs.

Datasets — https://huggingface.co/spaces/ServiceNow-
AI/DNRBench

Introduction

Test-time compute has emerged as a new scaling dimen-
sion (test-time scaling) to improve large language model
(LLM) performance (Guo et al. 2025). By extending the
reasoning process through test-time scaling and long chain-
of-thoughts, reasoning LLMs (RLMs), exemplified by mod-
els like DeepSeek-R1 (Guo et al. 2025), Gemini Flash
Thinking, and OpenAI’s Ol and O3 (Jaech et al. 2024),
have shown promising results on complex tasks demanding
deeper thinking. Test-time compute has enhanced LLM ca-
pabilities across many challenging benchmarks like AIME
(Patel et al. 2024), GPQA (Rein et al. 2023). While these
advancements suggest a trajectory towards more robust and
capable LLMs, they also introduce inefficiencies and a criti-
cal new question (Chen et al. 2025): when does this powerful
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reasoning capability become a liability? This paper argues
that the ability to selectively reason and to know when not
to think deeply is as important as reasoning itself.

We introduce Don’t Reason Bench (DNR Bench), de-
signed to expose the tendency of current RLMs to over-
reason. We define over-reasoning as the failure of an LLM
to recognize when a minimal, direct response is the optimal
course of action—in essence, an inability to apply a fast,
“System 17 like thinking to simple problems (Li et al. 2025).

DNR Bench consists of prompts that are intentionally
simple for humans and standard LLMs to solve. For each
prompt, the correct response is clear-cut; often, it is a di-
rect refusal like “I do not know” for an unanswerable ques-
tion, or the identification of a logical impossibility, such as
a math problem that results in a fraction of a person. The
prompts are not designed to be arbitrarily adversarial, but
are systematically crafted to appear just complex enough
to trigger an RLM’s deep reasoning pathways. The goal of
this design is to test a model’s discretion: its ability to iden-
tify that a problem is simple and bypass unnecessary com-
putation, which often leads to incorrect answers. Because
the optimal answers are simple, verifying model responses
is straightforward, minimizing benchmarking errors. DNR
Bench includes 150 samples across five categories, each
targeting a specific challenge that reflects real-world fail-
ure modes: Imaginary Reference, Indifferent, Math, Redun-
dant and Unanswerable. The detailed description of the cat-
egories is available in Table 1.

Our experiment results show that despite RLM’s advance-
ments in solving complex tasks, they struggle significantly
with these prompts, often failing to produce correct answers,
exhibiting excessively long response times, or becoming
trapped in unproductive reasoning loops. In this paper, we
present the following:

* A Benchmark Systematically Designed to Trigger Over-
Reasoning: DNR Bench evaluates diverse failure modes
by presenting simple problems disguised by superficial
complexity. This approach specifically tests an RLM’s
ability to exercise discretion, a critical capability over-
looked by standard benchmarks.

Exposing Over-Reasoning: DNR Bench is designed to
stress-test LLMs’ ability to abstain from unnecessary
reasoning. Our results reveal that state-of-the-art RLMs
produce responses up to 70x longer than necessary, often



Category Description

Imaginary Reference

Tests how models handle references to nonexistent documents, reports, or positional information.

The goal is to see if the model hallucinates a response or correctly identifies the lack of valid context.

Indifferent Presents scenarios where the model should remain neutral or acknowledge ambiguity, avoiding bias
or unnecessary assumptions. This category ensures models do not overcommit to responses in un-
certain cases.

Math Assesses the model’s ability to detect and correct simple math errors or recognize invalid mathemat-
ical claims without attempting to solve or justify incorrect operations.

Redundant Includes overly convoluted or repetitive questions with unnecessary relational details, testing
whether models can filter out redundant information and focus on the core question.

Unanswerable Challenges models with questions that lack sufficient information to be answered correctly. This

evaluates whether models can recognize when a question has no valid response instead of attempting

to guess or generate misleading answers.

Table 1: Dataset categories and descriptions.

failing at tasks that standard LLLMs handle efficiently.

* Impact of Explicit Instructions: We evaluate the effect of
explicit instructions (Sui et al. 2025). While instructions
help in some cases, they fail to correct over-reasoning
tendencies in models trained for deep reasoning.

Related Work

Due to advancements in LLMs, especially the power
of reasoning in recent RLMs, previously challenging
benchmarks such as GSM8K (Cobbe et al. 2021) and
MATH (Hendrycks et al. 2021) are now near-saturated. One
approach used in later releases, such as CHAMP (Mao,
Kim, and Zhou 2024), OlympiadBench (He et al. 2024) and
Omni-MATH (Gao et al. 2025), is to raise the difficulty by
introducing competition-level or multi-constraint problems.
However, all of these benchmarks assume that the model
should generate full solutions and that gold answers exist.
Our DNR Bench instead probes whether reasoning LLMs
can recognize when not to reason, evaluating brevity and
refusal on unanswerable or trap prompts. Similar to ours,
there are papers that expose LLM vulnerabilities using ad-
versarial triggers, irrelevant context, noisy instructions and
CoT manipulation. Some of these studies highlight the same
failure modes (over-generation, hallucination, unsafe rea-
soning) that DNR Bench targets, but (unlike DNR Bench)
they typically require access to labels or an alteration of the
model’s intermediate reasoning.

Universal prompt-perturbation attacks. Break-The-
Chain (Roh et al. 2025) adversarially rewrites LeetCode
prompts (story-telling, negation, domain shift, etc.), caus-
ing significant accuracy drop in most cases and a notice-
able gain in some, revealing fragile, surface-level heuristics.
PromptRobust (Zhu et al. 2023) builds character, word and
sentence level adversarial prompts showing broad brittleness
across thirteen tasks. Cats Confuse Reasoning LLM (Rajeev
et al. 2025) adds short query-agnostic triggers that triple er-
ror rates, especially for distilled models. These works moti-
vate DNR Bench’s focus on models that generate far more
tokens than required, even when the unanswerability of the
questions are easy for humans to identify.

Irrelevant context, noisy instructions and knowledge
injection. RUPBench (Wang and Zhao 2024) perturbs fif-
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teen reasoning datasets at lexical-semantic levels, showing
that even GPT-40 degrades under innocuous edits. Adding
irrelevant sentences to GSMS8K cripples arithmetic models
(GSM-IC) (Shi et al. 2023), while controlled prompt varia-
tions confirm that irrelevant context is the most damaging of
four perturbation families (Chatziveroglou, Yun, and Kelle-
her 2025). Noise in instructions (typos, ASR/OCR errors) is
also shown (Wang et al. 2024) to harm performance even
after prompt purification. These works show that LLMs of-
ten pursue spurious cues; DNR Bench quantifies the down-
stream cost of such distractions in tokens wasted and the
attempt to reason unnecessarily.

Chain-of-thought noise. NoRa (Zhou et al. 2024) em-
beds irrelevant or inaccurate rationales in demonstrations
causing accuracy drops by up to 40 %. The H-CoT jailbreak
(Kuo et al. 2025) hijacks CoT, reducing refusal rates from
98 % to < 2% in 0l1/03, DeepSeek-R1 and Gemini 2.0.
These methods manipulate intermediate reasoning when it
is available. DNR Bench, in contrast, evaluates solely based
on unanswerability of the question, making it agnostic to
whether a model exposes its reasoning or a correct response
to the question is available.

Math-specific perturbations. Math-RoB (Yu et al. 2025)
exposes four robustness issues (positional bias, instruction
sensitivity, numerical fragility, memory dependence) and
shows accuracy drops with small changes. MATH-Perturb
(Huang et al. 2025) introduces simple vs. hard perturba-
tions that nullify learned solution patterns. GSM-Symbolic
(Mirzadeh et al. 2024) and GSM-Plus (Li et al. 2024) sim-
ilarly report catastrophic declines when numbers or distrac-
tors are altered. AR-Checker (Hou et al. 2025) automatically
stress-tests math solvers, finding > 60 % failure rates on se-
mantically preserved variants.

These prior work unveils LLM fragility through universal
triggers, irrelevant context, CoT corruption and math pertur-
bations. DNR Bench complements these efforts by measur-
ing whether reasoning LL.Ms can detect traps and minimise
unnecessary reasoning, an ability not exercised by existing
robustness suites. It specifically checks that models abstain
on unanswerable items and avoid redundant generation.



Don’t Reason Bench Dataset

Our dataset, Don’t Reason Bench, evaluates LLMs on un-
necessary or flawed reasoning to demonstrate that unnec-
essary reasoning can degrade performance, thereby motivat-
ing the need for selective-reasoning strategies. Given that the
questions are designed to be simple or obviously unanswer-
able, the desired model output is a direct, “System 1” type of
response that avoids unnecessary reasoning. The benchmark
was constructed using a multi-stage, human-in-the-loop pro-
cess and is organized into five diverse categories.

Data Collection & Generation

To begin, we defined five prompt categories targeting dis-
tinct reasoning and comprehension challenges: Imaginary
Reference, Indifferent, Math, Redundant, and Unanswerable
(see Table 1). These categories were chosen to represent
failure modes where models might overcommit, hallucinate,
miscalculate, or fail to recognize insufficient context.

We manually crafted a set of seed prompts for each cate-
gory, ensuring that they were representative of the intended
reasoning challenges and capable of triggering incorrect or
excessive reasoning in advanced models. The seed prompts
were tested against multiple models to observe failure be-
haviors. For instance, we identified failure points by mea-
suring the number of tokens generated relative to a non-
reasoning baseline, or—in the case of OpenAl models where
internal reasoning steps are not exposed—by using the time
taken to generate a response and the verbosity of the output.

Using the initial seed prompts as templates, we employed
GPT-4o0 to generate additional prompts in each category.
This automated expansion introduced domain and linguis-
tic diversity while preserving the core intent of each prompt
type. We then manually reviewed the generated prompts to
ensure quality, coherence, and categorical consistency.

Several layers of validation were applied. First, we veri-
fied that each prompt aligned with the reasoning challenge
it was designed to test. For example, in the Imaginary Ref-
erence category, prompts were checked to ensure that any
cited documents or positional claims did not correspond to
real entities. In the Math category, we ensured each prompt
required only basic arithmetic but presented it in a mislead-
ing or error-prone format to test model robustness.

Finally, prompts were filtered for grammatical accuracy
and clarity. Redundant phrasing and inter-category overlap
were minimized to ensure clear evaluation boundaries. The
resulting benchmark contains 150 prompts: 25 per cate-
gory, except for Unanswerable, which includes 50 prompts
to support more robust evaluation of ambiguity detection
and refusal behavior.

Metrics

Two performance indicators are used in the evaluations:

1. Accuracy: We evaluate the model’s ability to gener-
ate a correct response to the given prompt. This is
done using a structured LLM-as-a-judge approach with
GPT-40-mini (shown to be a good critic for reasoning
models (He et al. 2025)). The correctness of a response is

37242

determined based on the category-specific judgment cri-
teria defined below.

. Token Efficiency: We evaluate whether the model ex-
hibits excessive deliberation over a straightforward an-
swer to a deceptive/flawed reasoning based question.

Accuracy

‘We measure accuracy using LLM-as-a-Judge. The judgment
criteria for each of our five categories (as mentioned in Ta-
ble 1) are as follows:

* Unsupported Claim Detection: is used for the
Imaginary Reference category of the dataset. A
response is correct if the model explicitly acknowledges
that the given reference is fabricated or non-existent
and states that additional verification is required. If the
model proceeds with an unfounded answer, it is marked
incorrect.

Strict Adherence: is used for the Indifferent cate-
gory, where the model must strictly follow the prompt’s
instructions without deviation. It must provide answers
only to the explicit questions asked in the prompt. Any
excessive response leads to a judgment of the models out-
put as “incorrect”.

Mathematical Validity: is used for the Math category of
the dataset. A response is correct if the model explic-
itly recognizes that the given mathematical problem is
unanswerable, logically inconsistent or a trick question.
Attempting to solve the inherently flawed problem with-
out acknowledging the flaws results in the response being
judged as incorrect.

Redundancy Avoidance: is used for the Redundant cat-
egory of the dataset. The model is expected to recognize
that the given query is redundant and explicitly state that
it does not require an answer. Any attempt to provide an
unnecessary response results in an incorrect judgment.

Unanswerable  Recognition: is used for the
Unanswerable category. The response is correct
if it clearly states that the question cannot be answered
based on the given information. If the response includes
unsupported assumptions or fabricates an answer, it is
marked as incorrect.

The questions are designed with the judgment criteria in
mind, ensuring that the LLM task remains as simple as pos-
sible in making the decision.

Judge Prompt Design. We initially developed a set of
judge prompts for each evaluation category, aimed at as-
sessing whether a response aligned with the corresponding
category’s definition. These prompts were iteratively refined
based on insights gathered from human survey responses.

To establish a ground truth, the authors manually labeled
each human response as “Yes” if it met the criteria for its
category, or “No” if it did not. For example, in the Imaginary
Reference category, a “Yes” label indicated that the response
acknowledged the absence of the reference in the prompt. In
the Math category, a “Yes” label indicated that the response
recognized inconsistencies in the question.



Imaginary Indifferent Math Redundant Unanswerable
Reference (25) (25) (25) (25) (50)
OAI-GPT40 0.72/0.96 0.84/0.08 0.16/0.68 1.00/1.00 0.42/0.98
OAI-O3Mini-High 0.00/0.12 0.08 /0.00 0.00/0.00 0.00/0.04 0.00/0.02
Claude-3.7-Thinking  0.96/1.00 0.80/0.04 0.00/0.04 0.40/1.00 0.12/0.82
DS-R1 0.00/1.00 0.04/0.04 0.00/0.76 0.00/0.76 0.00/0.20
2 DS-R1-Distill-L70B 0.36/0.96 0.16/0.44 0.36/0.48 0.24/0.84 0.06/0.62
T DS-R1-Distill-Q1.5B 0.08/0.16 0.00/0.04 0.08/0.08 0.08/0.48 0.02/0.24
= DS-R1-Distill-Q14B 0.16/0.80 0.08/0.16 0.20/0.08 0.08/0.48 0.00/0.30
DS-R1-Distill-Q32B 0.24/0.96 0.00/0.20 0.20/0.28 0.04/0.48 0.04/0.56

Table 2: Performance of various models across different categories, comparing conditions with and without instructions within
1000 tokens. GPT-40 serves as the baseline since it is not explicitly trained for “reasoning”. Scores are represented as “Default
(No Instructions) / With Instructions”. The number of data points per category is shown in parentheses in the table header.

We then used the judge prompts to evaluate these same
human responses, and compared the results to our manual
labels. This allowed us to compute both Spearman’s rank
correlation coefficient and classification accuracy, using the
manual labels as ground truth.

Discrepancies between judge prompt outputs and manual
labels were analyzed to identify missing or unclear evalua-
tion criteria. This analysis informed further revisions to the
prompts, followed by retesting.

After iterative refinement, our final judge prompts
achieved a Pearson correlation of 0.455 with the manual
ground truth labels, up from an initial score of 0.192. Fi-
nal accuracy reached 0.854, with agreement rates of 0.873
for “Yes” responses and 0.703 for “No” responses.

We report both accuracy and correlation due to the lim-
ited number of “No” judgments in the human responses—
most responses successfully addressed the issues posed by
the prompts, making correlation a more sensitive measure
of alignment with human judgment.

Token Efficiency

Beyond accuracy, we investigate the relationship between
reasoning token count and model performance. This anal-
ysis examines the number of tokens the model generates
while reasoning through a prompt and how this correlates
with accuracy, shedding light on the trade-offs between re-
sponse length and correctness. We define token inefficiency
as follows:

Tmodel

I token —

ey

TGPT40

where [ioken 1S the token inefficiency, 741 1S the number
of tokens generated by the evaluated model, Tpr4, is the
number of tokens generated by the OpenAl GPT-4o refer-
ence model.

This metric quantifies excessive reasoning when a more
concise response would have sufficed. A high inefficiency
ratio indicates that the model generates significantly more
tokens than necessary, reflecting poor response efficiency.
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Experiments

Each generated prompt was tested on eight different mod-
els with different sizes, using OpenRouter platform via
LiteLLM. The responses are evaluated by OpenAl-GPT-
4o0-mini as an LLM-judge.

To further validate the dataset, we randomly selected five
prompts from each category and provided them to engineers
and applied researchers in our team. These team members
were asked to respond to the prompts, allowing us to col-
lect human responses and also validate the subset of the
generated dataset. By comparing these human responses
with model outputs, we gained insights into how well large
language models (LLMs) handle different challenges and
whether the tasks were intuitive for human participants. We
did not provide any specific guidelines to the human subjects
to ensure questions were clear and the human responses re-
main as unbiased as possible.

Models

We evaluate a variety of LLMs to assess their performance
on the dataset. The models are categorized as follows:

* Reasoning LLMs (RLMs): These models are designed
for advanced reasoning tasks and include OpenAI-O3-
mini, and DeepSeek-R1.

Distilled Reasoning Models: These models are trained
using long reasoning paths generated by the DeepSeek-
R1 model. They aim to preserve strong reasoning capa-
bilities while being computationally efficient, including:
DeepSeek-R1-Distill-Qwen-14B, DeepSeek-R1-Distill-
Qwen-32B, and DeepSeek-R1-Distill-Llama-70B.
Regular CoT Models: This category includes GPT-4o,
which is a general-purpose CoT reasoning model. We use
GPT-4o0 as the baseline model.

Results

Prompts in DNR Bench are designed to be understandable
without any additional instructions. As confirmed by our hu-
man study, humans can infer the expected response directly
from the prompts. To ensure a comprehensive evaluation, we
include instruction-based conditions to assess the impact of



0.8 Il No Instr.
[ (With Instr.
§0_6 I Strict
804
<
0.2
0.0

C-3.7TDS-R1 G40 03-m R1-1.5R1-14 R1-32 R1-70
Model

Figure 1: Changes in model accuracy across different in-
structions. C3.7T - Claude 3.7 Thinking; DS-R1 - Deepseek-
R1; G4o - OpenAl GPT40; R(1.5,14,32) - Deepseck-
R1-Distill-Qwen - (1.5B,14B,32B); R1-70 - Deepseek-R1-
Distill-Llama-70B
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Figure 2: Accuracy across different data categories and in-
structions.

guidance on model responses. However, our primary focus
is on the default setup, as it reflects how we expect mod-
els to behave when presented with the benchmark questions.
Specifically, we evaluate under three conditions:

(1) Default (No Instructions): The benchmark presents only
the question, with no explicit instructions on how to answer.
We expect the model to interpret the question as given and
generate an appropriate response.

(2) With Instructions: A set of instructions is provided to
guide models toward the expected behavior, such as abstain-
ing from answering when necessary.

(3) Strict Instructions: The same instructions as in (2) are
provided, with an additional constraint discouraging spuri-
ous Or unnecessary reasoning.

Human Evaluation

We randomly select 5 prompts from each category of our
dataset and distributed them via an open link to researchers
within our organization. No additional context or prompting
was provided; participants were simply asked to respond to
the questions as naturally as possible. This approach aimed
to gain insights into human responses and assess whether
the prompts were straightforward enough for participants to
identify the underlying issues. We observe the following pat-
terns in their responses.

1. Human respondents had minimal difficulty identifying
and responding, especially when the information pre-
sented in the questions was not sufficient to answer them.
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Figure 3: Changes in model accuracy across different in-
structions. C3.7T - Claude 3.7 Thinking; DS-R1 - Deepseek-
R1; G4o - OpenAl GPT40; R(1.5,14,32) - Deepseek-
R1-Distill-Qwen - (1.5B,14B,32B); R1-70 - Deepseek-R1-
Distill-Llama-70B
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Figure 4: Mean token count across different data categories
and instructions.

. Humans often provided short and concise responses to
the questions. Specifically, humans were able to answer
the questions within 10 words 60% of the time, and
within 20 words 80% of the time.

. The mathematics category had the largest diversity and
length of responses in humans, with some attempting to
solve the question within their response and then con-
cluding its unanswerability, or coming to a definitive con-
clusion with the given constraints.

. Participants answered each question between 11 and 42
seconds with an average accuracy of 82%. All questions
have been answered correctly by at least two people. The
mathematics category has the longest response time (av-
erage of 59 sec) with the lowest accuracy (the lowest
among the participants is 60%).

We acknowledge the limitations of this experiment, par-
ticularly the challenge of capturing the participants’ thought
processes leading to their final answers, as this experiment
only captures what the participants write as the response and
not all the thoughts they had to come up with that reasoning
and response.

Benchmark Results

Model Accuracy-Data Categories and Instructions: Ta-
ble 2 compares the performance of the models under the two
conditions: with and without instructions. In the table, we
use OpenAI-GPT-4o results as the baseline as we expect a
reasoning model to do better in these tasks as they reason on
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Figure 5: Average token inefficiency I;oken, €qn. 1, for dif-
ferent data categories averaged across all models.

the prompts to understand the expected behavior.

However, as shown in table 2, OpenAI-GPT-40 performs
better than the RLM’s in almost all categories. As also de-
picted in Figures 1 and 2 using instructions increases the
accuracy across all data categories. The only exception is
the “indifferent” category where adding instructions hurt the
performance. The main contributor in accuracy improve-
ment is the instruction to refrain from answering if the prob-
lem is not answerable. It suggests that the model may know
that the problem is not answerable, but it keeps reasoning
about the problem to solve it.

The highest accuracy increase is achieved by DeepSeek-
R1 and O3-mini-high, which on average across all categories
outperform GPT-40 when the instructions are added and no
limitations are imposed on the number of generated tokens.
Token Inefficiency: Figures 3 and 4 compare the total num-
ber of the generated tokens (in reasoning and response when
reasoning tokens are available). Using instructions reduces
the number of generated tokens across all categories and
models. This reduction is more pronounced for OpenAI-O3-
mini-high. Among the data categories, “unanswerable” and
“redundant” have the highest drop in the number of tokens
when the instructions are provided.

Figure 5 compares the average token inefficiency (equa-
tion 1) of the models across different data categories. With-
out providing any instructions, the RLMs generate up to
70x tokens compared to GPT-4o to solve the problem with
lower accuracy, as was shown in table 2. When instructions
are provided to guide the models, the ratio decreases and is
ranged between 2x to 20x more than OpenAI-GPT-4o. It
shows that the models cannot reason about the unsolvability
of the tasks without explicitly being instructed to.

Accuracy vs. Number of Tokens: Figure 6 presents the
overall accuracy as a function of the number of tokens in
both reasoning and response. The trend indicates that all
models exhibit lower accuracy in longer responses. O3-
mini-high has the best performance across different token
numbers, followed by Claude-3.7-sonnet-Thinking. Similar
trends are observed in Figure 7, illustrating regression in av-
erage accuracy of all models across different data categories
as the number of tokens increases. In the “imaginary refer-
ence” category, there is an increase in the accuracy at very
high number of tokens, indicating that some samples can
be answered correctly when generating very long reasoning
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Figure 6: Model accuracy changes across different response
lengths, for different models. DS: DeepSeek, Q: Qwen 2.5,
and L: Llama 3.1.
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Figure 7: Changes in model accuracy across different re-
sponse lengths for different data categories.

traces. However, this recovery is very subtle and the overall
accuracy remains below GPT-4o.

Reasoning Budget Controlling

Using controlled reasoning (Feng et al. 2025) is an emerg-
ing method to mitigate excessive thinking for simpler prob-
lems. Gemini-2.5-Pro is trained to put more effort in solving
harder problems and GPT-OSS models (Agarwal et al. 2025)
accept an argument to adjust their reasoning budget. Table 3
shows performance of these models across DNR-Bench data
categories.

Gemini-2.5-Pro uses more than 2000 tokens on average,
which is around 10x higher than what GPT-40, and achieves
lower accuracy in all categories other than math, showing
that the inefficiency gap still exists. GPT-OSS is more effi-
cient in the number of tokens with an average of around 1000
tokens across the categories. However, they have a huge gap
in performance in unanswerable, redundant, and math cate-
gories. GPT-OSS models have high performance at identi-
fying missing references and ambiguous questions, showing
that they have been trained on such scenarios.

Qualitative Observations

Reasoning Models might not trust their intuition: Rea-
soning models sometimes fall into reasoning traps in which
they doubt their own abilities. This causes them to con-
tinue to think about a problem, despite having a sufficient
response within the first 1000 tokens. In these cases, we ob-
serve that defining explicit instructions is very beneficial in
reducing the number of tokens generated.



Model Imag.-Ref.Indiff. MathRedun.Unans.

Gemini-2.5-Pro 0.32 0.64 0.64 044 0.22
high 0.80 0.76 0.08 0.04 0.0
GPT-OSS-20B medium 0.80  0.88 0.08 0.0 0.02
low 0.80 0.80 0.04 0.12 0.02
high 0.88 0.88 0.16 0.28 0.12
GPT—OSS-120BmeL§um 0.80 0.76 0.16 0.20 0.16
low 0.88 0.72 0.24 020 0.14

Table 3: Performance of models with Budget control.

See the following excerpt from the “math” category, run on
DeepSeek-R1-Distill-32B. The model is prompted with the
question :

“A recipe requires 200 mL of milk. If 60% is used
in the batter and the remaining milk is split equally
between frosting and glaze, but the frosting uses 70
mL, how much milk is used for the glaze?”

In the above question, the expectation is for the model to
identify and state that if the remaining 40% of the milk is
split between frosting and glaze, then the frosting cannot use
70 mL (since 0.40 x 200 = 80 mL and 70 mL # 40 mL).
As the reasoning trace below shows, the model promptly de-
tects this inconsistency but continues to elaborate on its rea-
soning despite the contradiction. While a slight increase in
token count might be anticipated for a correct resolution, in
this case, the model generates over 29,000 tokens in an at-
tempt to justify its flawed observation:

“Okay, so I have this recipe problem here..... Let me

try to break it down step by step.

First, the recipe requires 200 mL of milk in total. Out
of this, 60% is used in the batter. Hmm, okay, so I
need to calculate 60% of 200 mL to find out how
much milk goes into the batter.

Let me do that calculation. 60% of 200 mL is 0.6 mul-
tiplied by 200. So, 0.6 * 200 = 120 mL. Got it, so 120
mL of milk is used in the batter.

Now, the remaining milk after using it in the batter
is split equally between frosting and glaze. Wait, but
hold on, the problem also mentions that the frosting
uses 70 mL. Hmm, that seems a bit confusing because
if the remaining milk is split equally... right? .....”

When instructing the model to avoid such traps, it generates
a correct answer within 2760 tokens.

Why not think about something else? Our analysis indi-
cates that when certain reasoning models encounter ambigu-
ous prompts, they become confined to repetitive inference
cycles, reiterating the same reasoning pathway without ex-
ploring alternative strategies. Consider the following sample
prompt from the “Unanswerable” category of DNR Bench.

“On a serene afternoon near the lakeside, Lily’s only
child organized a mini concert stall (44.0062 mod 3)
blocks from Cedar Road on the first day of the tenth
month, with tunes set at (7 x 2+ 1/9) beats per
minute; what was the color of the stage curtains?”
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When presented with this prompt, the Deepseek-R1-Distill-
14B model produced a response exceeding 27,000 tokens.
Notably, after a prolonged period of reasoning, it redun-
dantly outputs the following text block 120 times without
exploring alternative solution paths:

“Alternatively, maybe the color is determined by the
number of blocks, 1, which is associated with white,
as in the first color.Alternatively, maybe the color is
determined by the number of beats per ... primes are
associated with certain colors, but I don’t know.
Alternatively, maybe the color is determined by the
combination of the two numbers, 1 and 17, such as 1
+ 17 = 18, which is associated with white.”

GPT-40 generated an accurate response in only 300 tokens,
without requiring explicit instructions to avoid spurious rea-
soning or to acknowledge the question’s unanswerability.
Stricter instructions aren’t always the answer: We ob-
serve that on the indifferent category of our dataset, the
accuracy of OpenAl-GPT4o0 and Claude 3.7 Thinking re-
duces when we instruct the models to avoid the pitfalls in
our dataset. Further analysis of the responses generated by
these models in this case shows interesting behavior of these
models with and without instructions.

Consider the following sample prompt from the Indifferent
category of our dataset:

“An astrophysicist friend of, ... was recently im-
mersed in a challenging problem: Model the gravi-
tational lensing effects of a black hole..... On a much
lighter note, how’s everything going on your end?”

The expected behavior is for the models to briefly acknowl-
edge the initial statement and then answer the final question.
Our tests show that without explicit instructions, both
GPT4o and Claude 3.7 Thinking work as expected. How-
ever, when we add specific instructions for handling unan-
swerable queries or missing questions, neither model re-
sponds to the final query.

Conclusion

We introduced DNR Bench, a benchmark designed to ex-
pose over-reasoning in reasoning-trained LLMs (RLMs).
Using DNR Bench, we demonstrate that RLMs frequently
generate excessively long responses, often failing on tasks
where standard LLMs, like GPT-40, perform efficiently. Our
findings highlight three key insights: (1) Over-reasoning
leads to inefficiencies, with RLMs generating 3x to 70x
more tokens than necessary; (2) Explicit instructions par-
tially mitigate over-reasoning, particularly for tasks requir-
ing abstention, but do not fully address the issue; (3) In-
creased token budgets do not necessarily improve accuracy,
and in many cases, prolonged reasoning correlates with de-
creased performance. These results underscore the need for
more effective mechanisms to regulate reasoning depth in
RLMs, ensuring that computational resources are utilized
efficiently without sacrificing accuracy. Future work should
explore adaptive reasoning strategies that dynamically ad-
just token usage based on task complexity.
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