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Abstract

Reasoning ability has become a central focus in
the advancement of Large Reasoning Models
(LRMs). Although notable progress has been
achieved on several reasoning benchmarks such
as MATHS500 and LiveCodeBench, existing
benchmarks for algorithmic reasoning remain
limited, failing to answer a critical question: Do
LRMs truly master algorithmic reasoning? To
answer this question, we propose AlgBench, an
expert-curated benchmark that evaluates LRMs
under an algorithm-centric paradigm.

AlgBench consists of over 3,000 origi-
nal problems spanning 27 algorithms, con-
structed by ACM algorithmic experts and or-
ganized under a comprehensive taxonomy, in-
cluding Euclidean-structured, non-Euclidean-
structured, non-optimized, local-optimized,
global-optimized, and heuristic-optimized cate-
gories. Empirical evaluations on leading LRMs
(e.g., Gemini-3-Pro, DeepSeek-v3.2-Speciale
and GPT-03) reveal substantial performance
heterogeneity: while models perform well on
non-optimized tasks (up to 92%), accuracy
drops sharply to around 49% on globally op-
timized algorithms such as dynamic program-
ming. Further analysis uncovers strategic over-
shifts, wherein models prematurely abandon
correct algorithmic designs due to necessary
low-entropy tokens. These findings expose
fundamental limitations of problem-centric re-
inforcement learning and highlight the neces-
sity of an algorithm-centric training paradigm
for robust algorithmic reasoning.

1 Introduction

Reasoning ability has emerged as a central con-
cern in both the research and practical deploy-
ment of large language models (LLMs) (Chen
et al., 2025, 2024b,a,c). The development of
advanced reasoning-oriented models, such as
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Gemini-3-pro (DeepMind, 2025), Deepseek-v3.2-
speciale (Liu et al., 2025) and OpenAl’s 03 (Ope-
nAl, 2025), underscores the significant potential of
this line of inquiry. To facilitate the design of high-
performance reasoning LLMs, the construction of
high-quality reasoning benchmarks has become in-
creasingly indispensable for both model training
and evaluation (Glazer et al., 2024; Gulati et al.,
2024; He et al., 2024; Tang et al., 2024; Huang
et al., 2025, 2024).

Significant progress has been made in the con-
struction of reasoning benchmarks, particularly
within the field of mathematical reasoning, exempli-
fied by resources such as MATH-500 (Hendrycks
et al., 2021b), AIME 2024 (He et al., 2024), and
AIME 2025 (Petrov et al., 2025). However, the
availability of high-quality benchmarks for algo-
rithmic reasoning remains limited, thereby hinder-
ing advancements in enhancing the algorithmic rea-
soning capabilities of LLMs (Li et al., 2024; Zheng
et al., 2025; Yang et al., 2025; Wei et al., 2025; Niu
et al., 2025; Peng et al., 2025b; Yu et al., 2025).
As illustrated in Figure 1, algorithmic reasoning
skills cannot be acquired merely through training
on mathematical reasoning benchmarks, owing to
several fundamental distinctions as follows: (1)
reasoning paradigms: mathematical reasoning pri-
marily follows a deductive paradigm, whereas al-
gorithmic reasoning is characterized by procedural
reasoning. As depicted in Figure 1, a classical
example of the deductive paradigm is Aristotle’s
three-stage reasoning (McLeod, 1995), which em-
phasizes axiom construction, theorem deduction,
and precise calculation. By contrast, a canonical
example of algorithmic reasoning is dynamic pro-
gramming, which centers on data structuring and
the systematic design of algorithmic procedures.
(2) reasoning domains: mathematical reasoning is
largely concerned with areas such as algebra, ge-
ometry, probability and so on, while algorithmic
reasoning places greater emphasis on tasks involv-
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ing sequence sorting, graph theory, dynamic pro-
gramming and so on (Xia et al., 2025; Jain et al.,
2024; Zheng et al., 2025; Peng et al., 2025a; Zhang
et al., 2025a,b, 2026; Peng et al., 2026). Given
these multi-level distinctions between mathemat-
ical and algorithmic reasoning, together with the
current scarcity of high-quality algorithmic reason-
ing benchmarks, the development of such bench-
marks constitutes an urgent and critical research
priority.

Although several algorithmic benchmarks have
been introduced, including CLRS-Text (Markeeva
et al., 2024), LeetCodeDataset (Xia et al., 2025),
LiveCodeBench (Jain et al., 2024) and Live-
CodeBenchPro (Zheng et al., 2025), they still fail
to answer a critical question: whether LRMs truly
learn algorithmic reasoning? More specifically,
these benchmarks continue to exhibit several criti-
cal limitations shown below:

Limitation I: Existing algorithmic benchmarks
frequently draw their problem sets from well-
known coding platforms such as CodeForces and
LeetCode. However, tasks sourced from these plat-
forms often encompass multiple algorithms simul-
taneously, giving rise to several challenges. First,
it becomes ill-suited for evaluating LRMs’ pro-
ficiency in a single algorithm, since failure on a
multi-algorithm task does not allow researchers to
isolate which specific algorithmic reasoning abil-
ity is lacking. Second, it is difficult for LLMs
to acquire a well-defined algorithmic reasoning
paradigm, as individual problems may require the
integration of reasoning skills across several al-
gorithms—demands that often exceed the current
capabilities of LLMs.

Limitation 2: The aforementioned benchmarks
encompass only a restricted subset of algorithms.
For example, CLRS-Text is limited to several fun-
damental algorithms presented in the Introduc-
tion to Algorithms textbook (Cormen et al., 2022),
while omitting a wide range of important algo-
rithms that are commonly utilized in algorithmic
competitions and industrial applications, such as
tree-based dynamic programming, network flow
and so on.

Limitation 3: Existing algorithmic benchmarks
are highly susceptible to data contamination, as
their problem sets are typically derived from pub-
licly available sources such as textbooks and com-
petitive programming websites. This makes it dif-
ficult to ensure that LLMs have not been exposed
to these problems during pretraining (White et al.,

2024; Jain et al., 2024; Zheng et al., 2025). A par-
allel case has been observed in the domain of math-
ematical reasoning, where Wu et al. demonstrated
that the Qwen2.5 series likely leveraged data from
benchmarks such as MATH and AIME, thereby
achieving inflated performance on mathematical
reasoning tasks (Shao et al., 2025).

To address the limitations illustrated above, we
introduce AlgBench, a novel benchmark for eval-
uating LRMs’ algorithmic reasoning. Figure 2
presents an overview of our benchmark. To sum-
marize, our contributions are as follow:

* Paradigm Shift: Unlike prior benchmarks
that adhere to a problem-centric paradigm, we
are the first to adopt the algorithm-centric
paradigm to the best of our knowledge, which
more closely aligns with the mechanisms of
human reasoning. As discussed in Limitation
1, existing benchmarks grounded in problem-
centric paradigms are insufficient to assess
whether LRMs genuinely acquire a coherent
and transferable understanding of a given algo-
rithm. To address this limitation, we adopt an
algorithm-centric paradigm in the construc-
tion of our dataset, enabling a more rigor-
ous and systematic evaluation of the algorith-
mic reasoning capabilities of state-of-the-art
LRMs.

* Novel-taxonomic and Contamination-free
Dataset Construction: We engage multi-
ple algorithmic experts to manually construct
problems guided by a novel algorithmic tax-
onomy, including Euclidean-structured, non-
Euclidean-structured, non-optimized, locally
optimized, globally optimized, and heuris-
tically optimized categories. The resulting
dataset comprises over 3,000 original prob-
lems spanning 27 distinct algorithms, thereby
substantially enhancing algorithmic diversity
while mitigating the risk of data contamina-
tion.

* Novel Research Questions: We systemati-
cally investigate: (1) To what extent do LRMs
demonstrate genuine mastery of algorithmic
reasoning? (2) What underlying factors con-
tribute to the performance deficits of LRMs
in algorithms requiring global optimization
strategies? Through a comprehensive evalua-
tion, we identify three salient findings: (1) pro-
nounced heterogeneity in LRM performance
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Figure 1: The difference between math reasoning and algorithmic reasoning.

across different algorithmic taxonomies; (2)
uneven performance gains across these tax-
onomies under parameter scaling; and (3) the
emergence of strategic over-shifts induced by
the presence of necessary low-entropy tokens
(shown in the lower-right of Figure 2).

2 Dataset Construction

Figure 2 illustrates the construction process of our
dataset.

2.1 Algorithm-centric Paradigm

As discussed in Limitation 1 of Section 1, exist-
ing algorithmic benchmarks predominantly draw
their problem sets from open platforms, where in-
dividual problem often requires the simultaneous
application of multiple algorithmic skills. This
characteristic makes it difficult to accurately as-
sess the performance of LLMs on specific and iso-
lated algorithms. Such benchmark pipelines fol-
low a problem-centric paradigm, emphasizing
the models’ ability to solve problems rather than
their capacity to comprehend and internalize the
underlying algorithmic principles, as illustrated in
Figure 2.

In contrast, our dataset construction follows
an algorithm-centric paradigm. Human learn-
ing does not occur solely through exposure to di-
verse problems; instead, individuals first acquire
an understanding of algorithms and their founda-
tional ideas, and subsequently evaluate their mas-
tery by applying these algorithms to relevant prob-
lems. Analogously, to enable LLMs to develop gen-
uine algorithmic reasoning abilities, we argue that

there is a pressing need for a new class of bench-
marks—those designed from an algorithm-centric
perspective—to evaluate model performance on
individual algorithms in isolation.

It is important to note that classical algorithms
are fundamentally devised to solve problems ef-
ficiently. This motivation has historically driven
humans either to apply optimization techniques di-
rectly or to leverage data structures that improve
the time—space complexity of computation. Con-
sequently, the core ideas underlying classical algo-
rithms can be broadly categorized into two groups,
as illustrated in Figure 2: (1) Optimization-oriented
ideas, encompassing non-optimized ideas (e.g.,
brute-force search), locally optimized ideas (e.g.,
greedy methods), globally optimized ideas (e.g.,
dynamic programming), and heuristic look-ahead
idas (e.g., A-star); and (2) Structure-oriented ideas,
which include both Euclidean-structured and non-
Euclidean-structured algorithmic principles. A de-
tailed explanation of these categories is provided
in Appendix C.1.

2.2 Dataset Curation

The detailed statistics of our constructed dataset
are presented in Table 1. To address the challenges
identified in Limitation I and Limitation 3 of Sec-
tion 1—specifically, the issues of inaccurate eval-
uation of LLMs on single-targeted algorithms and
potential data contamination—we engaged a group
of algorithm experts. All recruited experts are ac-
complished ACM competitors with extensive ex-
perience and deep understanding of complex al-
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Figure 2: The overview of the proposed benchmark.

gorithmic problem solving. Under their guidance,
we manually curated a collection of 3,000 original
problems covering 27 distinct algorithms, each de-
signed to require exactly one specific algorithm and
verified to have no overlap with any existing open-
source platforms. This construction process effec-
tively mitigates both the evaluation bias and data
contamination concerns that hinder prior bench-
marks. Furthermore, in order to evaluate the mas-
tery of LLMs on a targeted algorithm with a fine-
grained perspective, we divide each problem into
three difficulty levels, according to the computation
complexity.

3 LLMs Evaluation

In this section, we assess the efficacy of LRMs
in solving diverse algorithmic problems and crit-
ically analyze the boundaries of their reasoning
capabilities. Our evaluation addresses two primary
research questions: RQ1: To what extent do LRMs
demonstrate genuine mastery of algorithmic rea-
soning? RQ2: What underlying factors contribute
to the performance deficits of LRMs in algorithms
requiring global optimization strategies? The ex-
perimental setup and the evaluation settings are
detailed in Appendix A. Meanwhile, due to the
page limit, the additional experimental results are
put in Appendix D.

3.1 Exploring Robust Proficiency of LRMs in
Algorithm Reasoning (RQ1)

While LRMs demonstrate generally high capa-
bilities, their performance remains heterogeneous
across distinct algorithmic domains.

Evaluating LRMs’ Ability towards Various Al-
gorithmic Reasoning. To provide a rigorous quan-
titative assessment of LRM mastery, we devised
a set of problems designed to isolate individual
algorithm. We stratified these problems accord-
ing to the taxonomy introduced in Section 2.1 and
subsequently evaluated LRM efficacy across these
distinct categories. For each problem instance, we
sampled k responses from every comparison model
and employed the Pass @k metric for evaluation.
Under this metric, a sample is deemed correct if
at least one of the k generated responses matches
the ground-truth solution. Furthermore, to mitigate
the impact of disparate task difficulties across the
reasoning taxonomy, we adopted the normalization
protocol from prior work (Yu et al., 2023; Yuan
et al., 2024). Specifically, we computed the z-score
of the Pass@F accuracy for each model and task,
subsequently linearly rescaling these scores to the
interval [0, 1] as follows:

b Tij — pw(xit, -~ ,90z‘|M\)
Y oz, 52 ) 0
85 =1.0- zj — min(z)

max(z) — min(z)’
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Table 1: The detailed statistics of the AlgBench dataset.

Algorithm Taxonomy Euclidean-structured

Non-Euclidean-structured Heuristic-optimized

Algorithms ID PS Diff BS TDG TUG BGC BGM NF DT UG AS IDAS
Problem Numbers 30 60 60 150 120 120 120 120 120 120 120 120 120
Algorithm Taxonomy Non-optimized Local-optimized Global-optimized
Algorithms BO Recursion Searching Greedy SSSP MST DC LDP IDP TDP BLDP BDP MSSP LCA

Problem Numbers 30 150 120 120

120

120 120 150 150 120 150 150 120 120

where z;; is the z-score of model 7 on task j, and
si; is the normalized outcome.

Error Analysis. We investigate the error typolo-
gies exhibited by LRMs when solving algorithmic
problems. Our methodology relies on a defined tax-
onomy of error categories (refer to Appendix C.2)
implemented via an automated detection pipeline.
Following prior work (Guo et al., 2023; Yuan et al.,
2024), we first pre-process LRM outputs to en-
hance structural coherence. Specifically, we isolate
responses containing incorrect terminal answers,
segment them by double-newline delimiters, and
index each resulting segment as (7). We then em-
ploy Qwen3-235B to aggregate these segments
into semantic sections, summarizing each response
into tuples of (start-index, end-index, summary).
Finally, GPT-03 annotates each defined section
with one or more error categories, allowing us to
compute the distribution of error types across the
dataset.

Due to the page limit, we present the main exper-
imental results of strong LRMs in the main body,
while putting the remaining in the Appendix D. The
resulting data, showed in Tables 2, Figure 3 and
Figure 4, yield the following key observations:

@ LRMs cannot effectively handle complex al-
gorithm reasoning, such as global optimization
and heuristic-optimization algorithm reasoning.
As shown in Tables 2 and Figure 3, LRMs generally
exhibit superior proficiency in Euclidean-structured
and non-optimization algorithms. Conversely,
their performance diminishes in non-Euclidean
and local-optimization contexts, with the most sig-
nificant deficits observed in global-optimization
and heuristic-optimized algorithms. For instance,
DeepSeek-v3.2-speciale attains 88% and 92% accu-
racy on Euclidean-structured and non-optimization
algorithms, respectively. However, performance
declines moderately to 70% and 69% on non-
Euclidean and local-optimization tasks, followed
by a precipitous drop to 49% for both global-
optimization and heuristic-optimization algorithms.

This pattern of performance degradation was con-
sistent across the majority of evaluated models.

The primary cause of this degradation pattern
largely stems from the prevailing problem-centric
paradigm adopted by most reinforcement learning
(RL) fine-tuning strategies for LRMs. As discussed
in Section 2.1, such a paradigm inherently fails
to encode the fundamental ideas underlying algo-
rithmic reasoning, thereby limiting LRMs’ ability
to acquire and execute complex algorithm reason-
ing. Consider the case of Dynamic Programming
(DP). Under the problem-centric approach, RL fine-
tuning typically aggregates datasets containing DP
problem instances, corresponding solutions, and re-
ward signals, and then directly exposes the model
to these data during training. However, this process
provides no mechanism for the model to infer why
solutions to DP tasks take their specific structural
form. It is well understood that a valid DP formula-
tion must satisfy three key conditions: the presence
of overlapping subproblems, the optimal substruc-
ture property, and the absence of aftereffects (i.e.,
Markovian structure). None of these conditions are
explicitly manifested in the final solutions provided
in the datasets. Consequently, LRMs are unable
to reconstruct the appropriate DP states and tran-
sition functions required for systematic algorithm
reasoning.

3.2 Exploring Underlying Mechanisms for
Degradation Patterns of LRMs’ algorithm
Reasoning (RQ2)

In addressing RQ1, we observed that LRMs exhibit
heterogeneous performance across distinct algorith-
mic reasoning tasks. Specifically, while the major-
ity of LRMs demonstrate proficiency in solving
non-optimized and Euclidean-structured problems,
they show marked limitations when confronting
global- and heuristic-optimized problems. In this
section, we investigate the underlying mechanisms
driving this performance disparity.

Model scaling analysis. We begin by assessing

37820



DeepSeek-v3.2-Speciale grok4-vip

gemini-3-pro gpt-03

Qwen3-235B -
DeepSeek-R1

gemini-2.5-pro

—==Claude Opus

Non-optimized

Global-optimized

Heuristic-optimized

Euclidean-structured

Non-Euclidean-structured

Local-optimized

Figure 3: The normalized z-scores of LRMs on different algorithm taxonomies.

the relationship between model’s parameter and
algorithmic reasoning performance. We utilize a
comprehensive range of Qwen-series models for
this analysis: Qwen3-4B, Qwen3-8B, Qwen3-14B,
Qwen3-32B, and Qwen3-235B. Figure 5 (see in
Appendix D) depicts the comparative results, de-
tailing both the raw performance metrics and the
incremental improvements observed over the base
Qwen3-4B model.
Strategic over-exploration analysis. Our er-
ror analysis reveals a relatively significant preva-
lence of strategic over-exploration within global-
optimization algorithmic reasoning tasks, as de-
picted in Figure 4. To elucidate the mechanisms
driving this phenomenon, we calculate the policy
entropy of tokens proximal to strategic shift indica-
tors (e.g., wait, but, maybe, and so on). The details
of entropy calculation and the analysis process is
illustrated in Appendix C.3. The corresponding
experimental results are reported from Figure 7 to
Figure 11 in Appendix D.

Observing the above experimental results, we
summarize the findings as follows:
@ Improvements in the algorithmic reasoning
capabilities of LRMs are not commensurate
with the scaling of model parameters. As illus-
trated in Figure 5, the benefits of model scaling are
highly non-uniform across algorithm taxonomies.
LRMs exhibit substantial performance gains in
local-optimized and non-Euclidean-structured rea-

soning, whereas improvements in global- and
heuristic-optimized tasks are marginal. Notably,
scaling yields negligible benefits for non-optimized
and Euclidean-structured problems. For instance,
the Qwen-series achieves relative improvements
exceeding 120% and 80% in the local-optimized
and non-Euclidean categories, respectively, com-
pared to gains of less than 20% in non-optimized
and Euclidean-structured domains.

Recall Finding 1 from Section 3.1, which es-
tablished that LRMs exhibit superior performance
in Euclidean-structured and non-optimized algo-
rithms, but only moderate performance in local-
optimized and non-Euclidean-structured contexts.
Consequently, the limited scaling gains observed
in the former categories can be attributed to per-
formance saturation: since LRMs have already
achieved high proficiency in these areas, the margin
for further improvement is constrained. Conversely,
non-Euclidean-structured and local-optimized al-
gorithms are characterized by limited observation-
overhead (i.e., moderate algorithmic difficulty). In
these domains, the complexity is sufficient to ben-
efit from increased capacity, which means scaling
laws remain highly effective in these two algorith-
mic reasoning.

However, improvements in global- and heuristic-
optimized algorithmic reasoning remain marginal,
as well as these domains exhibiting the lowest ab-
solute performance (see Table 2, Figure 3, and
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Table 2: Leading LRMs’ performance on problems with different algorimic ideas.

Euclidean-structured algorithms

non-Euclidean-structured algorithms

LLMs
ID PS Diff BS Avg ‘ TDG TUG BGC BGM NF DT UG Avg.
DeepSeek-v3.2-Speciale  0.77 093 093 089 088 | 0.73 0.72 058 059 058 090 083 0.70
gemini-3-pro 093 093 048 095 083 | 08 058 056 062 063 09 0.78 0.70
grok4-vip 080 0.78 096 0.66 080 | 0.87 072 076 070 0.62 096 080 0.78
gpt-03 063 095 048 094 075 | 087 075 044 058 062 085 0.70 0.69
Qwen3-235B 0.63 095 050 089 0.74 | 0.81 050 042 056 050 0.76 0.68 0.60
DeepSeek-R1 064 093 050 091 0.74 | 059 049 050 053 052 075 0.65 0.58
gemini-2.5-pro 0.63 088 050 055 0.64 | 067 053 037 058 048 080 048 0.56
Claude Opus 0.64 057 050 071 0.60 | 0.67 0.57 031 056 040 073 035 0.51
gpt-0ss-120B 040 060 042 063 051 | 054 042 026 040 027 058 035 040
LLMs local-optimized algorithms ‘ global-optimized algorithms
Greedy SSSP MST DC Avg. |LDP IDP TDP BLDP BDP MSSP LCA Avg
DeepSeek-v3.2-Speciale ~ 0.51 078 0.69 0.78 0.69 | 0.63 0.65 0.18 054 050 038 053 049
gemini-3-pro 0.54 0.73 061 063 063|073 030 0.8 052 027 039 061 043
grok4-vip 0.56 082 069 077 0.71 | 047 0.62 0.17 047 054 048 060 048
gpt-03 0.52 078 0.64 078 0.68 | 0.59 047 020 056 047 040 048 045
Qwen3-235B 0.57 075 053 043 057 | 059 034 022 052 038 037 033 039
DeepSeek-R1 0.47 0.69 047 063 056 | 054 043 0.14 032 039 040 040 038
gemini-2.5-pro 0.42 068 046 059 054|041 044 0.16 053 033 034 039 037
Claude Opus 0.48 0.68 030 058 051026 039 019 043 026 037 032 032
gpt-oss-120B 0.36 062 050 061 052|030 029 0.2 041 023 021 039 028
LLMs non-optimized algorithms ‘ heuristic-optimized algorithms
BO Recursion Searching Avg. ‘ AS IDAS Avg.
DeepSeek-v3.2-Speciale  0.97 0.93 0.87 092 | 039 0.58 0.49
gemini-3-pro 0.97 091 0.78 0.89 | 0.34 0.25 0.30
grok4-vip 0.90 0.53 0.87 0.77 | 040 0.39 0.39
gpt-03 1.0 0.89 0.80 090 | 0.32 047 0.39
Qwen3-235B 0.80 0.78 0.77 0.78 | 0.38 0.45 0.41
DeepSeek-R1 0.85 0.86 0.75 0.82 | 041 0.65 0.53
gemini-2.5-pro 0.84 0.87 0.69 0.80 | 0.24 0.26 0.25
Claude Opus 0.85 0.89 0.61 0.79 | 0.37 0.55 0.46
gpt-0ss-120B 0.47 0.37 0.60 048 | 026 0.30 0.28

Figure 5). This stagnation corroborates our obser-
vation in Section 3.1 that the prevailing problem-
centric RL paradigm is insufficient for acquiring
abstract algorithmic ideas. Consequently, we ad-
vocate for a paradigm shift from problem-centric
to algorithm-centric RL. This transition is essential
to effectively leverage scaling laws and develop
LRMs with robust algorithmic reasoning capabili-
ties.

Example 1 .

Let me think about this problem. We need to
track both the total D and P, and the number
of contestants selected, perhaps the state
can be represented as dpli][k][d][p], and the
transition function can be dp[i][k][d][p]
max {dpi — 1][j][m — D;][n — P}]}.
Thus, the initial state is dp[0][0][0][0] = 1,
dp[1][0][0][0] = O, - - -. Wait, maybe there
is a better solution. Let me rethink about
how to model this. - - -

\. J

@ The presence of necessary low-entropy tokens
hinders the successful completion of algorithmic
reasoning processes, thereby inducing multiple

strategic over-shifts. Recall that the error anal-
ysis results presented in Figure 4 indicate a rela-
tively high prevalence of strategic over-exploration
in global-optimized algorithmic reasoning, a chal-
lenge that most LRMs struggle to address effec-
tively. A closer examination of the false responses
reveals an intriguing phenomenon: although LRMs
are capable of constructing correct algorithms, they
often fail to faithfully execute the designed pro-
cedures and instead prematurely abandon them in
favor of alternative strategies, as shown in the Ex-
ample 1.

Considering the maximum-entropy principle un-
derlying prevailing RL paradigms, we analyze the
distribution of low-entropy tokens in the vicinity
of indicator tokens, as illustrated from Figure 7
to Figure 11, with a detailed illustration about to-
ken entropy calculation and analysis illustrated in
Appendix C.3. The results substantiate our find-
ing that the presence of necessary low-entropy to-
kens in globally optimized algorithms (e.g., nu-
merical constants, delimiters such as “][”, and re-
lated structural symbols) can impede the success-
ful completion of global optimization—oriented al-
gorithmic reasoning. This observation stands in
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Figure 4: Error type distributions across algorithmic reasoning taxonomies for Qwen3-8B.

tension with the dominant maximum-entropy RL
paradigm, suggesting that not all low-entropy to-
kens should be uniformly penalized during algorith-
mic reasoning. Instead, RL fine-tuning could ex-
plicitly assign higher rewards to such indispensable
low-entropy tokens, or alternatively, adopt agent-
style paradigms that incorporate auxiliary tools to
assist LRMs in executing reasoning steps when this
phenomenon arises.

4 Conclusion

In this study, we presented AlgBench, a benchmark
designed to move beyond problem-centric evalua-
tion toward an algorithm-centric understanding of
LRM capabilities. Through the manual curation of
3,000 original problems by algorithmic experts, we
provided a contamination-free benchmark to rigor-
ously test LRMs’ mastery over specific algorithmic
taxonomies.

Our comprehensive evaluation yielded three crit-
ical insights into the current state of algorithmic
reasoning in LRMs:

* Performance Heterogeneity: LRMs exhibit
superior proficiency in Euclidean-structured
and non-optimized algorithms but struggle
significantly with global-optimization and
heuristic-optimization tasks.

* Scaling Limitations: Improvements in al-
gorithmic reasoning are not commensurate
with model parameter scaling. While scal-
ing benefits algorithms like local-optimization
and non-Euclidean-structured ones, it yields
marginal gains for complex global- and heuris-
tic optimization domains, suggesting that per-
formance in these areas has reached a plateau
under current training paradigms.

* Strategic Over-shifts and Low-Entropy
Barriers: We identified that the presence of
indispensable low-entropy tokens (e.g., struc-
tural delimiters and numerical constants) of-
ten triggers "strategic over-shifts". Models
may construct correct algorithmic states but
fail during execution, prematurely abandoning
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valid strategies in favor of alternative, often
incorrect, reasoning paths.

Ultimately, our results substantiate that a
paradigm shift from problem-centric to algorithm-
centric RL is essential for LRMs to achieve robust,
human-level algorithmic reasoning.

Limitations

Although the proposed AlgBench provides an ef-
fective evaluation of the algorithmic reasoning ca-
pabilities of leading LRMs, it nevertheless exhibits
several limitations, which are discussed from three
perspectives below.

Complex Competitive Algorithm Gap. Although
our dataset covers 27 algorithms, several complex
competitive algorithms are not included in the cur-
rent version (e.g., Segment Tree, Aho—Corasick
and so on). Expanding the benchmark to incorpo-
rate such algorithms remains an important direction
for future work.

Ambiguous Difficulty Quantification of Algo-
rithm Taxonomies. Although our work proposes a
novel algorithmic taxonomy comprising six funda-
mental algorithmic principles, it remains challeng-
ing to rigorously quantify the relative difficulty of
these algorithms and to establish a clear relation-
ship between algorithmic difficulty and the algo-
rithmic reasoning capabilities of LRMs.

Limited Dataset Size. Although our dataset com-
prises over 3,000 problems for evaluating the algo-
rithmic reasoning capabilities of LRMs, it remains
insufficient for pre-training or fine-tuning LRMs.
Consequently, continually expanding the dataset
is essential to support more robust and effective
pre-training or fine-tuning in future work.
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A Experimental Setup

Evaluated LRMs. Our evaluation encompasses
25 state-of-the-art LRMs, including both closed-
source commercial models and open-source LRMs.
Leveraging AlgBench, we conduct a comprehen-
sive assessment of the algorithmic reasoning ca-
pabilities of contemporary LRMs. The evaluated
models are listed in Table 3:

Table 3: The detailed information about evaluated
LRMs.

Model Name Organization Release Date

DeepSeek

DeepSeek-v3.2-Speciale December 2025

gemini-3-pro Google DeepMind  November 2025
grok4 XAI July 2025
gpt-03 OpenAl April 2025
Qwen3-235B Alibaba July 2025
DeepSeek-R1 DeepSeek January 2025
gemini-2.5-pro Google DeepMind April 2025
Claude Opus Anthropic November 2025
gpt-oss-120B OpenAl August 2025
Qwen3-4B Alibaba April 2025
Qwen3-8B Alibaba April 2025
Qwen3-14B Alibaba April 2025
Qwen3-32B Alibaba April 2025
QwQ-32B Alibaba March 2025
DeepSeek-R1-0528-Qwen3-8B DeepSeek May 2025
DeepSeek-R1-Distill-Qwen-32B DeepSeek May 2025
OpenThinker2-32B OpenThoughts March 2025
Skyworker-OR1-32B SkyworkAl May 2025
Qwen3-Coder-30B-A3B-Instruct Alibaba July 2025
Llama-3.3-70b-instruct Meta December 2024
gemma3-12B Google March 2025
gemma3-27B Google March 2025
Llama3-8B Meta September 2024
Llama3.1-8B Meta September 2024
Mixtral-8x7B Mistral Al December 2023

Evaluation Settings. We employ pass@k to eval-
uate the average performance of LRMs on algo-
rithmic reasoning, and the z-score to mitigate the
impact of disparate problems’ difficulties across the
algorithmic reasoning taxonomy, as illustrated in
Section 3.1. To evaluate the performance of LRMs
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on a target algorithm, each prompt is appended
with explicit instructions (e.g., “Please solve this
problem using the XXX algorithm™). The detailed
prompt templates are provided in Appendix C.4.
To maintain consistency in evaluations and fa-
cilitate reproduction, we set the maximum output
length to 32k tokens and employ a greedy decoding
strategy with temperature 0.6.
Experiment Environment. To ensure repro-
ducibility, we report the hardware and software
configurations employed in our experiments. All
experiments were conducted on a server equipped
with an Intel(R) Xeon(R) Gold 6240 CPU (2.60
GHz) and 8 NVIDIA A800 GPUs, each with 80
GB of memory, using CUDA version 12.4.

B Related Work

Benchmarking LRMs on Math Problems. Math-
ematical reasoning has long attracted many at-
tentions from both academic and industry. Mul-
tiple math-related benchmarks have been pro-
posed in this area (Koncel-Kedziorski et al., 2016;
Hendrycks et al., 2021b; Cobbe et al., 2021;
Chen et al., 2022; He et al., 2024; Xu et al.,
2025; Petrov et al., 2025). Among these, MATH-
500 (Hendrycks et al., 2021b), AIME 2024 (He
et al., 2024), and AIME 2025 (Petrov et al., 2025)
are those among the most representative datasets
for the training and evaluation of LRMs on high-
level mathematical reasoning abilities. However,
as stated in Section 1, these training and evaluation
cannot help improve or testify the reasoning capac-
ity of LRMs on algorithm reasoning, since there are
significant difference between these two reasoning
domains. Thus, in order to thoroughly promote the
development of LRMs towards genuine artificial
general intelligence (AGI), it is necessary for build-
ing benchmarks for LRMs’ algorithmic reasoning
abilities as well.

Benchmarking LRMs on Competitive Algorith-
mic Programming. As algorithmic reasoning con-
stitutes a fundamental capability that LRMs must
acquire to advance toward genuine AGI, a number
of benchmarks have been proposed to evaluate such
abilities (Hendrycks et al., 2021a; Li et al., 2022,
2023; Xia et al., 2025; White et al., 2024; Jain et al.,
2024; Zheng et al., 2025). Among these, several
benchmarks achieve considerable influence among
academic and industrial areas, such as LeetCode-
Dataset (Xia et al., 2025), LiveCodeBench (Jain
et al., 2024) and LiveCodeBench Pro (Zheng et al.,

2025). However, all of these existing benchmarks
predominantly adopt a problem-centric paradigm,
emphasizing the accuracy of LRMs in solving al-
gorithmic tasks rather than assessing whether they
have genuinely internalized the underlying prin-
ciples of a specific algorithm. To achieve this
objective, and to the best of our knowledge, we
are the first to introduce a paradigm shift toward
an algorithm-centric framework, which places pri-
mary emphasis on assessing whether LRMs have
genuinely mastered an algorithm and its underlying
core principles.

C Definition and Explanation

C.1 Detailed Illustration of Algorithm
Taxonomy

This appendix provides a detailed rationale for the
taxonomy used in the dataset. The algorithms
are categorized based on the algorithm-centric
paradigm.

C.1.1 Euclidean-structured

Category Characteristics: This category encom-
passes algorithms that operate on data structures
with a defined linear order or coordinate system
(e.g., arrays, sequences, grids). The core feature
is that the data elements have fixed, indexable po-
sitions. Problem-solving relies heavily on dimen-
sion partitioning, interval operations, or searching
within a linear metric space.

Algorithm Justification:

Difference Arrays & Prefix Sum: Both  algo-
rithms strictly depend on the continuity
and ordering of linear arrays. They utilize
the sequential arrangement of elements to
perform range updates or queries in O(1) time,
leveraging the Euclidean property of distance
and position.

Binary Search: This algorithm is predicated on
the "sorted" property, which implies a strong
linear constraint. It operates in a 1D Euclidean
space (a number line), systematically reducing
the search interval based on coordinate compar-
ison.

Iterative Deepening: While often applied to
graphs, the mechanism itself maps a complex
search space onto a linear dimension (depth
d=1,2,3...). It treats the search radius as a
gradually expanding Euclidean boundary.
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C.1.2 Non-Euclidean-structured

Category Characteristics: Algorithms in this
category deal with topological structures where el-
ements (nodes) are connected by relations (edges)
rather than fixed coordinates. The focus is on con-
nectivity, structural shape (cycles, components),
and flow, rather than spatial position.

Algorithm Justification:

Bipartite Graph, Diameter, & Unicyclic: These
tasks involve analyzing the intrinsic shape of
the graph. Identifying a bipartite set, finding
the longest path (diameter), or detecting a ring
in a tree (unicyclic) are purely topological
properties independent of embedding.

Connectivity (Directed/Undirected):
Connectivity algorithms (finding SCCs or
BCCs) analyze the reachability among nodes, a
fundamental property of non-Euclidean graph
theory.

Network Flow & Bipartite Matching: These
are complex graph problems that view edges as
capacities or relationships. They optimize flow
or associations based strictly on the graph’s
adjacency matrix, not on geometric proximity.

C.1.3 Non-optimized

Category Characteristics: These algorithms are
fundamentally procedural or computational in na-
ture. Rather than incorporating optimization princi-
ples to reduce time or space complexity, they rely
on deterministic computations, logical operations,
or exhaustive traversal strategies to produce correct
outputs.

Algorithm Justification:

Bitwise: Involves low-level arithmetic and logi-
cal manipulation of binary representations. It
is a calculation process, not an optimization
search.

Recursive: Represents a control flow mechanism
for task decomposition. Without an associated
cost function or memoization, pure recursion
is simply a method of execution.

Searching (BFS/DFS): Fundamental traversal
strategies. Used alone, the goal is visiting
nodes or verifying existence, not optimizing a
numerical value.

C.1.4 Local-optimized

Category Characteristics: This category encom-
passes algorithms that iteratively construct solu-
tions by selecting locally optimal actions at each
step, such as those satisfying the greedy-choice
property, or by applying local relaxation opera-
tions. Such algorithms generally do not preserve
a comprehensive global state history and are pred-
icated on the assumption that a sequence of local
improvements will converge to a globally optimal
solution.

Algorithm Justification:

Greedy: Greedy algorithm is one of the most clas-
sical local-optimized algorithms. It makes
irrevocable decisions only based on locally op-
timal strategies without observing the global
state information.

Shortest Single (Dijkstra/Bellman-Ford):

These algorithms are based on relaxation,
a local operation that evaluates whether a
candidate path can be improved through a
given edge. In particular, Dijkstra’s algorithm
adopts a greedy strategy by iteratively select-
ing the unvisited node with the minimum
tentative distance.

MST (Prim/Kruskal): The construction of a Min-
imum Spanning Tree is a canonical example
of a greedy paradigm. Algorithms such as
Prim’s and Kruskal’s incrementally expand
the spanning structure by selecting, respec-
tively, the nearest admissible node or the
minimum-weight edge. These selection rules
are inherently locally optimal, as they rely
exclusively on immediate, local information
rather than on a globally optimized view of
the graph.

Difference Constraints: These systems are typi-
cally solved by transforming them into Single-
Source Shortest Path problems, thus inheriting
the local relaxation characteristics of Bellman-
Ford or SPFA.

C.1.5 Global-optimization

Category Characteristics: Algorithms in this
category address problems by decomposing them
into overlapping subproblems and systematically
integrating their solutions. A defining characteris-
tic is the maintenance of a global state—typically
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through dynamic programming tables or memo-
ization—which guarantees that the final solution
is globally optimal by accounting for all relevant
state transitions.

Algorithm Justification:

DP Variants (Linear, Interval, Tree, Bitmask
and Binarly Lifting): Dynamic Program-
ming is the epitome of global optimization.
It systematically explores all relevant states
and transitions, using the valid DP transition
function to guarantee the global optimum is
found from sub-solutions.

LCA: Although primarily employed to answer
queries, the preprocessing stage constructs a
global state table (e.g., ancestor[i][j], denot-
ing the 2/-th ancestor of node 7). This pro-
cedure is governed by the state transition re-
lation f(i,5) = f (f(i,7 —1),5 — 1), which
exemplifies the global state propagation and
optimization logic characteristic of dynamic
programming.

Shortest Multi (Floyd-Warshall): In contrast to
Dijkstra’s algorithm, Floyd—Warshall adopts
a dynamic programming framework that sys-
tematically accounts for the effect of every
node as a potential intermediate vertex be-
tween all pairs of nodes, thereby achieving
a globally optimized solution over the entire
distance matrix.

C.1.6 Heuristic-optimization

Category Characteristics: This category serves
as an intermediate paradigm between deterministic
optimization methods and heuristic search strate-
gies. It incorporates domain-specific knowledge
through a heuristic evaluation function f(n) =
g(n) + h(n), which combines the accumulated
cost of the current state with an estimate of the
remaining cost to the goal. By jointly accounting
for present progress and future potential, this for-
mulation guides and prioritizes the search process,
enabling more efficient solution discovery.

Algorithm Justification:

A* (A-Star): One of the most classical algorithms
for heuristic search. It optimizes the path-
finding process by adding an estimated future
cost h(n) to the known path cost, guiding the
search intelligently.

IDA*: Combines the space efficiency of Iterative
Deepening with the directional guidance of
heuristics. It uses the heuristic threshold to
prune branches that exceed the estimated opti-
mal cost.

C.2 Error Type Classification

We categorize model errors into four major classes:

C.2.1 Algorithm Design (AD)

Errors in this category arise when the model fails
to formulate a theoretically sound algorithmic ap-
proach for the given problem.

AV (Admissibility Violation) The heuristic func-
tion used in search algorithms (e.g., A*) over-
estimates the true cost to the goal (h(n) >
actual_cost), invalidating optimality guaran-
tees or causing the pruning of optimal paths.

CCYV (Capacity Constraint Violation) In  net-
work flow problems, the model proposes a
flow assignment that exceeds edge capacities
or results in invalid negative flows.

DMC (Direct Mathematical Calculation) The
model attempts to bypass the required algo-
rithmic design (e.g., Dynamic Programming)
by deriving the answer directly through a
mathematical formula or shortcut.

EFE (Evaluation Function Error) The total esti-
mated cost f(n) is calculated incorrectly (e.g.,
f(n) # g(n) + h(n)) within heuristic search
algorithms.

FCV (Flow Conservation Violation) The model
violates flow conservation constraints (inflow
# outflow) for non-source/sink nodes in net-
work flow problems.

IBMS (Initial Bounds Mis-specified) In binary
search, the starting bounds (low/high) fail to
cover the feasible range or exclude the correct
answer.

IA (Incorrect Algorithm) The model selects an
algorithm that is fundamentally unsuitable for
the problem constraints or objectives (e.g., us-
ing a greedy approach for a problem requiring
DP).

IGS (Incorrect Greedy Strategy) The  model
identifies a flawed local criterion for making
greedy choices, leading to suboptimal or
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invalid solutions, often failing the exchange
argument.

IH (Ineffective Heuristic) The heuristic is techni-
cally admissible (e.g., h(n) = 0) but provides
poor guidance, causing the search to degrade
into a less efficient algorithm (e.g., A* becom-
ing Dijkstra’s)12.

MCLE (Midpoint Comparison Logic Error)
The comparison logic in binary search is
inverted or incorrect, leading to search
directions that exclude the target.

MPYV (Markov Property Violation) In Dynamic
Programming, the state definition fails to en-
capsulate all necessary history, leading to in-
valid transitions.

OSYV (Optimal Substructure Violation) The
model fails to recognize that the optimal
solution can be constructed from optimal
sub-solutions, leading to incorrect DP state
definitions or recurrence relations.

PM (Problem Misunderstanding) The model
misinterprets the problem’s constraints,
objective function, or edge cases, resulting in
a flawed algorithmic model.

SPAE (Shortest Path Algorithm Error) In dif-
ference constraints or graph problems, the
model selects an inappropriate shortest path
algorithm (e.g., using an algorithm that can-
not handle negative weights when they are
present).

SSPV (Search Space Precondition Violation)
The model applies an algorithm (e.g.,
binary search) without verifying essential
preconditions, such as array sortedness or
monotonicity.

SSRE (State Space Representation Error) The
definition of the search space is flawed, in-
cluding incomplete state definitions, incorrect
successor generation, or miscalculated edge
costs.

C.2.2 Algorithm Execution (AE)

Errors in this category occur when the high-level
logic is generally correct, but mistakes are made
during the step-by-step implementation or calcula-
tion of the algorithm.

AIE (Ancestor Identification Error) In Lowest
Common Ancestor (LCA) problems, the
model fails to correctly identify the common
ancestor or finds one that is not the lowest.

APE (Augmenting Path Error) The model fails
to correctly identify or construct augmenting
paths in matching or flow problems, or termi-
nates the search prematurely.

BIE (Bridge Identification Error) In graph con-
nectivity, the model uses incorrect con-
ditions (e.g., comparing low[child] and
df n[current]) to identify bridge edges.

BMC (Bipartite Matching Confusion) The
model misapplies theorems (e.g., K"onig’s
theorem) regarding the relationship be-
tween vertex covers, independent sets, and
matchings.

BPE (Bipartite Partition Error) The model in-
correctly assigns vertices to partitions or fails
to identify the bipartite structure of the graph.

BVE (Bipartite Verification Error) The model
incorrectly determines graph bipartiteness or
assumes it without verification.

CDE (Cycle Detection Error) The model fails to
detect cycles during graph construction (e.g.,
in MST algorithms), allowing invalid edges to
be added.

CE (Computation Errors) General arithmetic
mistakes occurring during intermediate
calculations, prefix sum accumulations, or
variable updates.

CNIE (Cycle Node Identification Error) In uni-
cyclic graphs, the model confuses nodes be-
longing to the cycle with those in attached tree
branches.

CRE (Complement Relationship Error) The
model fails to correctly apply the complement
relationship (e.g., | M axIndependentSet| =
|V| — |MinVertexCover|).

CVIE (Cut Vertex Identification Error) The
model incorrectly identifies articulation
points, often mishandling root node cases or
low-link value conditions.

ESE (Edge Sorting Error) In algorithms like
Kruskal’s, the model fails to sort edges cor-
rectly by weight.
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FACE (Final Answer Construction Error) The
algorithmic execution is sound, but the model
fails to format, index, or construct the final
output correctly.

GCE (Graph Construction Error) The model
makes mistakes in building the underlying
graph structure, such as missing edges or
incorrect node representations.

IC (Index Confusions) The model confuses O-
based and 1-based indexing, or mixes row/col-
umn indices, leading to off-by-one errors.

IT (Incorrect Termination) The algorithm termi-
nates at the wrong moment (e.g., A* stopping
when a goal is seen rather than popped from
the priority queue).

NPE (Neighbor Processing Error) The model
incorrectly identifies valid neighbors, fails
boundary checks, or processes neighbors in
an invalid order during graph traversal.

PQE (Priority Queue Error) The model mis-
manages priority queue operations, such as
incorrect priority updates or extraction logic.

PTE (Path Traversal Error) The model fails to
correctly navigate paths in trees or graphs,
missing nodes or making wrong directional
decisions.

ROE (Relaxation Operation Error) In shortest
path algorithms, the model fails to correctly
implement the edge relaxation step or update
distances.

SCCEE (SCC Extraction Error) In Tarjan’s al-
gorithm, the model fails to correctly identify
the condition for extracting an SCC from the
stack, where SCC stands for Strongly Con-
nected Component.

SOE (Strategic Over-exploration) In Dynamic
Programming, the model establishes correct
states but wastes computation searching for
unnecessary "better" strategies instead of exe-
cuting the transition.

STE (State Transition Error) The model applies
the DP transition formula incorrectly, using
wrong indices or logic during the update step.

TBPE (Tree Branch Processing Error) In uni-
cyclic graphs, the model mishandles the pro-
cessing of tree components attached to cycle
nodes.

TTE (Tree Traversal Error) The model imple-
ments incorrect logic for DFS/BFS traversals
on trees, such as visiting nodes redundantly.

C.2.3 Instruction-inconsistent Algorithm
(I1A)

Errors where the model deviates from the specific

algorithmic method requested in the prompt, re-

gardless of the correctness of the alternative solu-

tion.

BFS (Brute-force Substitution) The model re-
sorts to exhaustive enumeration or nested
loops instead of the requested efficient algo-
rithm (e.g., replacing DP or binary search with
linear scans).

DMC (Direct Mathematical Calculation) The
model skips the requested algorithmic process
(e.g., DP or simulation) entirely in favor of a
direct formula derivation.

EU (Execution Unwillingness) The model ex-
plicitly refuses to perform the detailed steps
of the algorithm (e.g., refusing to compute a
prefix sum matrix).

RG (Random Guess) The model abandons logi-
cal reasoning and provides a baseless answer
or switches to an unrelated method without
justification.

C.2.4 Information (Info)

KG (Knowledge Gap) The model demonstrates
a fundamental lack of understanding of key
concepts (e.g., optimal substructure, Markov
property, or specific graph theorems) required
to solve the problem.

C.3 Detailed Illustration of Token Entropy
Analysis

Token Entropy Calculation. We follow the prior
work of entropy calculation and obtain the corre-
sponding token entropy in our experiments (Shan-
non, 1948; Kuhn et al., 2023; Wang et al., 2025;
Xu and Lu, 2025). Formally, given the policy dis-
tribution p; at token index ¢ and the vocabulary V,
the corresponding token entropy H (p;) is defined
as follow:
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Token Entropy Analysis. After computing token
entropy, we rank all tokens in each LRM-generated
response according to their entropy values and iden-
tify the corresponding top-k high-entropy tokens
and bottom-k low-entropy tokens. We then quan-
tify the co-occurrence between indicator tokens
(e.g., wait, but, and so on) and the selected high-
/low-entropy tokens by counting their occurrences
within a predefined local context window around
each indicator token (specifically, a distance of 10
tokens in our experiments). Based on this proce-
dure, we obtain the experimental results presented

in Figures 7 through 11.

C.4 Additional Algorithm Question
Explanation

This section illustrates several examples of our
prompts about the algorithm questions, including
the system prompts and the question prompts, as
shown in the Example 2 and 3 below.

Example 2: System Prompt

You are a professional algorithm assistant.
Please answer questions according to the
following requirements:

1. Do not use any code execution or pro-
gramming tools to calculate the answer.

2. You must give your thinking process be-
fore outputting the final result in the format
"Final answer: [numberl, number2, num-
ber3, ...]".

3. Make sure the output array format is cor-
rect, with numbers separated by commas and
spaces.

Note: Do not rely on code execution results.

\. J

Example 3: Question Prompt

There are 8 students ready to take photos,
arranged in 3 rows with [6, 1, 1] persons
respectively. The first row is in the front,
and the last row is in the back. The students
have distinct heights and are labeled from
1 to 8 in descending order of height. Dur-
ing the photo arrangement, it is required that
in each row, the heights decrease from left

to right, and in each column, the heights
decrease from back to front. How many dif-
ferent valid arrangements are possible for
the group photo? Please solve this using a
linear dynamic programming algorithm.

. .

As illustrated in Section 1 and Appendix A, one
of the primary goals of this benchmark is to eval-
uate LRMs’ algorithmic reasoning ability towards
a targeted algorithm. Thus, we specifically require
LRMs not to use any code execution in system
prompt and also require LRMs to use the specified
algorithm in the question prompt.

D Additional Experimental Results

This section presents the additional experimental
results in Section 3, including Table 4, Table 5,
Figure 5, Figure 6, Figure 7, Figure 8, Figure 9,
Figure 10 and Figure 11.
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Table 4: Complete Models’ performance on algorithms of structure-oriented, local-optimized and global-optimized
ideas.

Euclidean-structured algorithms non-Euclidean-structured algorithms

LLMs

ID PS Diff BS Avg. ‘ TDG TUG BGC BGM NF DT UG Avg.

DeepSeek-v3.2-Speciale 0.77 093 093 0.89 088 | 073 0.72 058 0.59 058 090 0.83 0.70
gemini-3-pro 093 093 048 095 083 | 086 058 056 0.62 063 09 078 0.70
grok4-vip 0.80 0.78 096 0.66 0.80 | 087 0.72 0.76 0.70 0.62 096 0.80 0.78

gpt-03 0.63 095 048 094 0.75| 087 0.75 044 058 0.62 0.85 0.70 0.69
Qwen3-235B 0.63 095 050 0.89 0.74 | 0.81 050 042 056 050 076 0.68 0.60
DeepSeek-R1 0.64 093 0.50 091 074 | 059 049 050 053 052 075 0.65 0.58
gemini-2.5-pro 0.63 0.88 0.50 0.55 064 | 067 053 037 058 048 0.80 048 0.56
Claude Opus 0.64 0.57 050 0.71 0.60 | 0.67 057 031 056 040 0.73 035 0.51
gpt-0ss-120B 040 0.60 042 0.63 051 | 054 042 026 040 027 058 035 040
Qwen3-4B 0.60 093 040 0.62 064 | 024 029 023 038 026 032 0.13 0.26
Qwen3-8B 0.53 093 047 076 067 | 033 043 032 046 028 039 023 035
Qwen3-14B 0.57 093 050 0.83 0.71 | 045 043 038 048 033 047 027 040
Qwen3-32B 0.67 045 038 0.83 058 | 050 048 029 048 033 038 027 0.39
QwQ-32B 0.57 095 037 083 068 | 062 040 033 050 041 062 034 0.46
DeepSeek-R1-0528-Qwen3-8B  0.50 0.88 0.40 0.73 0.63 | 0.38 045 028 043 034 046 028 0.37
Distill-Qwen-32B 0.50 095 045 0.76 0.67 | 050 039 0.19 047 038 045 022 037
OpenThinker2-32B 0.63 0.80 0.50 0.81 0.69 | 043 041 028 043 040 055 026 0.39
Skyworker-OR1-32B 0.67 093 0.50 0.86 0.74 | 056 049 033 049 040 058 029 045
Qwen3-Coder-30B-A3B-Instruct  0.47 0.80 0.22 0.57 051 | 012 0.12 008 039 0.17 021 007 0.17
Llama-3.3-70b-instruct 0.17 0.62 0.12 038 032 | 007 008 003 0.17 003 0.19 0.10 0.09
gemma3-12B 033 040 00 039 028 | 0.10 0.03 0.09 030 0.04 0.18 0.04 0.11
gemma3-27B 0.30 0.50 0.08 049 034 | 0.11 0.08 006 0.29 008 022 008 0.13
Llama3-8B 0.07 0.07 00 0.13 0.07 | 005 0.03 007 0.02 003 0.09 003 0.04
Llama3.1-8B 0.07 0.13 00 020 0.10| 003 003 006 009 0.02 0.08 003 0.05
Mixtral-8x7B 0.07 0.03 00 0.15 0.06 | 0.08 0.01 001 0.09 00 0.13 0.02 0.05

LLMs local-optimized algorithms ‘ global-optimized algorithms

Greedy SSSP MST DC Avg. ‘ LDP IDP TDP BLDP BDP MSSP LCA Avg.

DeepSeek-v3.2-Speciale 0.51 078 0.69 0.78 0.69 | 0.63 0.65 0.18 054 050 038 053 049
gemini-3-pro 0.54 073 0.61 0.63 0.63 | 073 030 0.18 052 027 039 061 043
grok4-vip 0.56 082 0.69 0.77 0.71 | 047 0.62 0.17 047 054 048 060 048
gpt-03 0.52 078 0.64 0.78 0.68 | 0.59 047 020 056 047 040 048 045
Qwen3-235B 0.57 075 053 043 057 | 059 034 022 052 038 037 033 0.39
DeepSeek-R1 0.47 069 047 063 056 | 054 043 0.14 032 039 040 040 038
gemini-2.5-pro 0.42 068 046 0.59 054|041 044 0.16 053 033 034 039 037
Claude Opus 0.48 068 030 058 051|026 039 019 043 026 037 032 032
gpt-oss-120B 0.36 062 050 0.61 052|030 029 012 041 023 021 039 0.28
Qwen3-4B 0.27 049 0.17 033 031|022 027 022 031 0.18 028 027 025
Qwen3-8B 0.32 051 026 038 036|037 027 030 032 022 028 031 0.29
Qwen3-14B 0.39 045 029 038 038|045 031 028 036 028 037 034 034
Qwen3-32B 0.34 052 022 0.8 032|035 035 027 033 0.17 038 040 0.32
QwQ-32B 0.33 058 0.19 053 041|049 031 019 040 028 033 037 034
DeepSeek-R1-0528-Qwen3-8B 0.25 052 0.16 053 036 | 034 021 019 034 023 028 028 0.27
Distill-Qwen-32B 0.27 043 024 042 034|037 027 009 031 020 029 031 0.26
OpenThinker2-32B 0.31 0.57 025 040 038|033 022 0.11 035 023 032 036 027
Skyworker-OR1-32B 0.33 050 038 048 042 | 044 029 0.08 036 024 031 033 0.29
Qwen3-Coder-30B-A3B-Instruct ~ 0.15 031 0.04 028 020|006 0.12 018 013 0.14 015 0.10 0.13
Llama-3.3-70b-instruct 0.19 0.13 0.01 0.08 0.10 | 0.06 0.09 0.09 0.18 0.15 008 0.08 0.10
gemma3-12B 0.12 0.16 00 0.17 0.11 | 0.08 0.05 0.11 009 0.14 012 006 0.10
gemma3-27B 0.17 0.18 0.03 0.22 0.15]|0.17 0.13 0.08 0.14 0.17 021 0.03 0.13
Llama3-8B 0.05 013 00 0.13 008 | 00 005 00 002 00 002 0.0 0.01
Llama3.1-8B 0.02 008 00 0.11 0.05]| 003 0.03 006 003 0.03 003 001 0.03
Mixtral-8x7B 0.01 008 00 0.12 0.05| 0.01 0.01 0.01 0.0 001 0.01 0.01 001
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Table 5: Complete Models’ performance on algorithms of structure-oriented ideas.

LLMs non-optimized algorithms ‘ heuristic-optimized algorithms
BO Recursion Searching Avg. ‘ AS IDAS Avg.
DeepSeek-v3.2-Speciale 0.97 0.93 0.87 092 | 039 0.58 0.49
gemini-3-pro 0.97 0.91 0.78 0.89 | 034 0.25 0.30
grok4-vip 0.90 0.53 0.87 0.77 | 0.40 0.39 0.39
gpt-03 1.0 0.89 0.80 090 | 032 047 0.39
Qwen3-235B 0.80 0.78 0.77 0.78 | 0.38 0.45 0.41
DeepSeck-R1 0.85 0.86 0.75 0.82 | 041 0.65 0.53
gemini-2.5-pro 0.84 0.87 0.69 0.80 | 0.24 0.26 0.25
Claude Opus 0.85 0.89 0.61 0.79 | 037 0.55 0.46
gpt-oss-120B 0.47 0.37 0.60 0.48 | 0.26 0.30 0.28
Qwen3-4B 0.82 0.86 0.41 0.70 | 0.22 0.40 0.31
Qwen3-8B 0.93 091 0.33 0.72 | 0.28 0.48 0.38
Qwen3-14B 0.87 0.94 0.53 0.78 | 0.28 0.54 0.41
Qwen3-32B 0.73 0.70 0.50 0.64 | 0.24 0.50 0.37
QwQ-32B 0.80 0.72 0.33 0.62 | 0.27 0.55 0.41
DeepSeek-R1-0528-Qwen3-8B  0.73 0.77 0.54 0.68 | 0.27 0.53 0.40
Distill-Qwen-32B 0.81 0.83 0.48 0.71 | 031 044 0.38
OpenThinker2-32B 0.82 0.81 0.51 0.71 | 0.28 0.52 0.40
Skyworker-OR1-32B 0.73 0.72 0.55 0.67 | 0.33 0.51 0.42
Qwen3-Coder-30B-A3B-Instruct  0.63 0.31 0.19 0.38 | 0.16 0.29 0.23
Llama-3.3-70b-instruct 0.47 0.69 0.20 045 | 0.10 0.32 0.21
gemma3-12B 0.37 0.63 0.16 0.38 | 0.08 0.31 0.19
gemma3-27B 0.50 0.77 0.23 0.50 | 0.16 0.29 0.23
Llama3-8B 0.17 0.06 0.10 0.11 | 0.02 0.06 0.04
Llama3.1-8B 0.13 0.33 0.08 0.18 | 0.06 0.13 0.10
Mixtral-8x7B 0.17 0.11 0.03 0.07 | 0.07 0.13 0.10
Performance Accuracy Performance Improvement
s non-optimized s non-Euclidean-structured ~ wwm  global-optimized =88 non-optimized ~#= non-Euclidean-structured ~ =A= global-optimized

wen Euclidean-structured Algorithms local-optimized mmm heuristic-optimized ~@- Euclidean-structured Algorithms local-optimized =fr- heuristic-optimized

1.0

Performance
(%) Iuswanosdw| 2dOuew.10419d
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Models

Figure 5: The results of models’ parameters scaling.
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Figure 7: The co-occurrence heatmap of Qwen3-4B for low-entropy tokens proximal to indicator tokens (e.g., wait,
but and so on) in global-optimized algorithmic reasoning. The blue segments along the x-axis denote necessary
low-entropy tokens proximal to indicator tokens, whereas the orange segments correspond to regular high-entropy

tokens appearing in the similar contextual positions.
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Figure 8: The co-occurrence heatmap of Qwen3-8B for low-entropy tokens proximal to indicator tokens (e.g., wait,
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Figure 9: The co-occurrence heatmap of Qwen3-14B for low-entropy tokens proximal to indicator tokens (e.g., wait,
but and so on) in global-optimized algorithmic reasoning. The blue segments along the x-axis denote necessary
low-entropy tokens proximal to indicator tokens, whereas the orange segments correspond to regular high-entropy
tokens appearing in the similar contextual positions.
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Figure 10: The co-occurrence heatmap of Qwen3-32B for low-entropy tokens proximal to indicator tokens (e.g.,
wait, but and so on) in global-optimized algorithmic reasoning. The blue segments along the x-axis denote necessary
low-entropy tokens proximal to indicator tokens, whereas the orange segments correspond to regular high-entropy
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Figure 11: The co-occurrence heatmap of Qwen3-235B for low-entropy tokens proximal to indicator tokens (e.g.,
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