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Abstract

Large language models (LLMs) exhibit strong generative ca-
pabilities and have shown great potential in code generation.
Existing chain-of-thought (CoT) prompting methods enhance
model reasoning by eliciting intermediate steps, but suffer
from two major limitations: First, their uniform application
tends to induce overthinking on simple tasks. Second, they
lack intention abstraction in code generation, such as explic-
itly modeling core algorithmic design and efficiency, leading
models to focus on surface-level structures while neglecting
the global problem objective. Inspired by the cognitive econ-
omy principle of engaging structured reasoning only when
necessary to conserve cognitive resources, we propose Rout-
ingGen, a novel difficulty-aware routing framework that dy-
namically adapts prompting strategies for code generation.
For simple tasks, it adopts few-shot prompting; for more com-
plex ones, it invokes a structured reasoning strategy, termed
Intention Chain-of-Thought (ICoT), which we introduce to
guide the model in capturing task intention, such as the core
algorithmic logic and its time complexity. Experiments across
three models and six standard code generation benchmarks
show that RoutingGen achieves state-of-the-art performance
in most settings, while reducing total token usage by 46.37%
on average across settings. Furthermore, ICoT outperforms
six existing prompting baselines on challenging benchmarks.

Code — https://github.com/Guai001/RoutingGen

Introduction
Code generation focuses on translating user requirements
into executable programs and is regarded as a core task
in software engineering (Chen et al. 2021; Austin et al.
2021). LLMs exhibit strong generative capabilities and have
shown great potential in this task. This performance stems
from their ability to simulate complex reasoning processes
in structured problem solving (Wei et al. 2022; Zheng et al.
2025; Tian et al. 2025). However, a critical gap remains be-
tween this reasoning capability and its application in code
generation: LLMs tend to produce syntactically correct pro-
grams that fail to align with the task intention, resulting in

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

functionally incorrect outputs (Cobbe et al. 2021; Jiang et al.
2024; Chen et al. 2023).

To address these challenges, recent studies have explored
prompting strategies that guide models to generate interme-
diate steps. Scratchpads (Nye et al. 2021) introduced the idea
of showing intermediate computations. CoT prompting (Wei
et al. 2022) then generalized this idea across tasks, followed
by self-consistency decoding (Wang et al. 2023b), which
enhances consistency through multiple sampled traces. To
better align model reasoning with programming tasks, sub-
sequent work has proposed code-centric prompting strate-
gies such as Program-of-Thought (Chen et al. 2023),
CodeCoT (Huang et al. 2024), and self-planning (Jiang
et al. 2024). Despite their progress, these methods reveal
two key limitations. First, their uniform application across
functional-level programming problems often induces over-
thinking on simple tasks, resulting in disorganized logic and
reduced accuracy (Figure 1(A)). Second, they lack intention
abstraction in code generation, failing to explicitly model
core algorithmic design and efficiency considerations. As a
result, models tend to focus on structural correctness while
neglecting the intended task objective (Figure 1(B)).

Dual-process theories of human cognition describe two
complementary systems: System 1 supports rapid and intu-
itive responses to simple or familiar problems, while System
2 is engaged for deliberate and structured reasoning when
tasks are complex (Kahneman 2011). This adaptive mech-
anism reflects the principle of cognitive economy, which
promotes conserving cognitive resources by activating struc-
tured deliberation only when necessary (Stanovich and West
2000). Inspired by this principle, we propose RoutingGen,
a difficulty-aware dynamic routing framework that employs
a classifier to estimate problem difficulty and dynamically
selects appropriate prompting strategies. For simpler tasks,
RoutingGen generates code directly via few-shot prompting,
which mitigates unnecessary reasoning and prevents over-
thinking. For more complex problems, it invokes a struc-
tured reasoning strategy, termed Intention Chain-of-Thought
(ICoT), which we introduce to guide the model in capturing
task intent. Specifically, ICoT comprises two components:
a Specification element that defines the input-output con-
straints, and an Idea element that captures the core algorith-
mic logic and estimates time complexity. This decomposi-
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Write a python function to find whether a number is divisible by 11.
is_Diff (12345) => False
is_Diff(1212112) => True…

RoutingGen

Produces unnecessarily complex reasoning

Specification:In:… Out:…
Idea: 
- Convert both strings to
sets of characters.
- Compare the sets…
- …time complexity of O(m 
+ n), where m and n are 
the lengths of the strings.

def same_chars(s0, s1) -> 
bool:

return set(s0) == 
set(s1)

CoT

RoutingGen generates 
code directly via few-
shot prompting, which
mitigates 
unnecessary 
reasoning and 
prevents overthinking.

def same_chars(s0, s1) -> bool:
char_set = set(s0)
for ch in s1:

if ch not in char_set:
return False

return True

Failing to model intention and efficiency

Lack intention abstraction

SCoT

Write a function to Check if two words have the same chars.
same_chars(‘abcd’, ‘ddabc’) => True
same_chars('eabcd', 'ddabc') => False…

Input: s0, s1: two strings
Output: bool: True…, False…
1: Initialize a set char_set…
2: for each character ch in s1:
3: If ch is not in char_set: return False
4: return True

def is_Diff(n):
num_str = str(n)
total_sum = sum(int(digit) for digit in num_str)
if total_sum > 9: 

return is_divisible_by_11(total_sum)
return total_sum in {0, 11}

To determine…, we can use… "digital root" method… 
repeatedly summing the digits of the number…
1. Sum the digits of the number.
2. If the resulting sum has more than one digit, repeat 
the process until you get a single-digit number.
3. The original number… if the single-digit number is 0/11.

def is_Diff(number):
if number % 11 == 0:

return True
else:

return False
Overthinking

RoutingGen
ICoT-Guided GenerationFew-shot Generation

(A) Overthinking on simple tasks (B) The lack of intention abstraction

Figure 1: Limitations of existing CoT prompting methods in code generation. (A) Overthinking on simple tasks due to uniform
application of structured prompting at the functional code level. (B) The lack of intention abstraction in code generation, such
as algorithmic design and efficiency modeling.

tion reflects the classic problem-solving strategy of separat-
ing task comprehension from solution design (Polya 1945),
whose importance has been further underscored by recent
advances in mathematical reasoning with LLMs (Wang et al.
2023a). As a result, this intention representation helps steer
code generation toward solutions that preserve structural
guidance while explicitly modeling the task’s functional re-
quirements.

We evaluate RoutingGen and ICoT across three models
and six standard code generation benchmarks. RoutingGen
achieves state-of-the-art performance in most settings while
reducing total token usage by 46.37% on average. Addition-
ally, ICoT consistently outperforms six prompting baselines
on challenging benchmarks. Furthermore, ablation results
show that RoutingGen demonstrates robustness to variations
in the difficulty classification model and that both the Spec-
ification and Idea stages contribute to ICoT’s effectiveness.

Our contributions are threefold:
• We focus on the issue of overthinking on simple tasks

due to uniform application of structured prompting at
the functional code level, and identify a core limitation
in existing methods: the lack of intention abstraction in
code generation, such as algorithmic design and effi-
ciency modeling.

• We propose RoutingGen, a novel difficulty-aware rout-
ing framework that dynamically adapts prompting strate-
gies for code generation. For simple tasks, it adopts few-
shot prompting; for more complex ones, it invokes a
structured reasoning strategy, termed Intention Chain-of-
Thought (ICoT), which we introduce to guide the model
in capturing task intent, including core algorithmic logic
and estimated time complexity.

• We empirically validate that RoutingGen achieves state-
of-the-art performance in most settings while substan-
tially reducing token usage. Additionally, ICoT consis-
tently outperforms six prompting baselines on challeng-
ing benchmarks.

Related Work
The impressive reasoning capabilities exhibited by LLMs
have led to extensive research on prompting strategies (Wei
et al. 2022; Kojima et al. 2022; Kaplan et al. 2020). A
seminal contribution in this direction is the CoT prompting
method (Wei et al. 2022; Kojima et al. 2022), which guides
models to articulate intermediate reasoning steps. This ap-
proach has inspired a range of prompting methods designed
to make reasoning more explicit and structured. Representa-
tive strategies include enhancing robustness through multi-
path sampling as in Self-Consistency (Wang et al. 2023b),
applying structured planning in Tree-of-Thoughts (Yao et al.
2023), incorporating step-wise decomposition (Zhou et al.
2023), and enabling self-correction via reflexion (Shinn
et al. 2023). However, the uniform application of these meth-
ods tends to induce overthinking on simple tasks.

To better align model reasoning with programming tasks,
recent work has proposed code-centric prompting strategies,
such as leveraging abstract syntax trees (Yin and Neubig
2017), incorporating self-planning (Jiang et al. 2024), em-
ploying structured reasoning frameworks (Li et al. 2025),
integrating execution-time validation with compiler feed-
back (Gao et al. 2023; Zelikman et al. 2024), and leveraging
in-context learning to organize requirements observed in de-
scriptions and to extrapolate unexpressed requirements (Han
et al. 2024). In contrast to their approach, we place greater
emphasis on the abstraction of task intention in code gen-
eration, which helps steer code generation toward solutions
that preserve structural guidance while explicitly modeling
the task’s functional requirements.

Current studies on routing techniques mainly focus on
demonstration selection or cost efficiency. For example,
Auto-CoT automates prompt construction through cluster-
ing (Zhang et al. 2022), while other studies route queries
to different models or adapt sampling strategies (Varangot-
Reille et al. 2025; Wang et al. 2025). Our framework differs
in that it is motivated by the principle of cognitive econ-
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Question Input

def reverse_String(str):\"\"\" Write a 
python function to reverse the given 
string.\"\"\"Pass

HumanEval MBPP-sanitizedOpenEval MCEval

Function definition and description

def binary_Search(sorted_lst, 
target):\"\"\" Write a python function to 
perform binary search on a sorted list to
find the target element. \"\"\"Pass

Question1 (Q1)

Question2 (Q2)

ICoT-Guided GenerationDiff-Aware Dynamic Routing

Q1 Q2

Difficulty-Aware 

Difficulty：Simple or Complex?

def binary_Search(lst, target):
low, high = 0, len(sorted_lst) - 1
while low <= high:

mid = (low + high) // 2 
if sorted_lst[mid] == target:

return mid
elif sorted_lst[mid] < target:

low = mid + 1
else:

high = mid - 1
return -1

1: Specification:
- Input: A sorted list of numbers… and a target… 
- Output: The index of the target… or -1…
2: Idea:
- Use binary search to find the target in O(log n)…

Stage1 (S1): ICoT Generation

Stage2 (S2): Code GenerationSimple Reason

because it only 
requires basic string 
manipulation…

Direct generate
(Few-shot)

def 
reverse_String(str):

return str[::-1]

Complex Reason

because it requires 
understanding of divide-
and-conquer logic…

LLM generates 
code based on 
the input 
question and 
ICoT.

Q2 ICoT

ICoT-Guided
Generation

S1: ICoT Generation
S2: Code Generation

Figure 2: The RoutingGen Framework for Difficulty-Aware Dynamic Routing. For simple problems, it adopts few-shot prompt-
ing, while for more challenging cases, it leverages a structured reasoning strategy we propose, termed ICoT, which captures
task intention, including the core algorithmic logic and time complexity.

omy and uniquely routes between distinct reasoning strate-
gies based on task complexity.

Methodology
In this section, we introduce RoutingGen, a novel difficulty-
aware routing framework that dynamically adapts prompt-
ing strategies based on problem difficulty in code genera-
tion. As illustrated in Figure 2, the overall workflow con-
sists of two key components following the initial input: a
Difficulty-Aware Routing module that dynamically assigns
each problem to a suitable generation strategy, and an ICoT-
Guided Generation process for complex tasks, which guides
the model in capturing task intent.

Difficulty-Aware Dynamic Routing
RoutingGen leverages Mcls (Qwen3-8B) as a difficulty-
aware classifier to steer the selection of prompting strate-
gies for a given input problem q. Conditioned on a carefully
designed prompt, the classifier assigns q to one of two dif-
ficulty levels from the label space L = {Simple,Complex}
and generates a textual rationale r explaining its decision.
Formally, this classification step is defined as:

(d∗, r∗) = argmax
(d,r) s.t. d∈L

PMcls(d, r | q, Tcls) (1)

where Tcls is the classification prompt. Here, d∗ denotes the
assigned difficulty label, and r∗ is the corresponding ratio-
nale produced by the classifier.

Based on the assigned difficulty label d∗, RoutingGen
subsequently applies the corresponding generation strategy
tailored to the task complexity:

Gstrategy = f(d∗) =

{
GDirect if d∗ = Simple

GICoT if d∗ = Complex
(2)

we use a model Mgen to perform both intention and code
generation throughout the framework. For problems classi-
fied as Simple, RoutingGen applies a direct, low-cost genera-
tion strategy Gdirect based on few-shot prompting. The model

generates a set of n candidate code solutions by sampling
from its conditional distribution:

C∗
i ∼ PMgen(· | q, TDirect) for i = 1, . . . , n (3)

where Tdirect is a predefined few-shot prompt template. The
resulting set of outputs is denoted as:

GDirect(q) = {C∗
1 , . . . , C

∗
n} (4)

this constitutes the output of the direct generation strategy
for simple problems.

In contrast, for more challenging cases classified as Com-
plex, RoutingGen employs a structured reasoning strategy,
which we term ICoT-Guided Generation. We detail this
two-stage process in the following subsection.

ICoT-Guided Generation
The ICoT-guided generation process, illustrated in the right
panel of Figure 2, comprises two stages. The first stage,
ICoT Generation, explicitly models the task intention us-
ing a specification-and-idea structure that captures both the
functional requirements and the global algorithmic strategy,
including core logic and efficiency considerations. The sec-
ond stage, Code Generation, directs the model to generate
code conditioned on both the input question and the gener-
ated ICoT.

Stage 1: ICoT Generation In this stage, the model is
prompted with the input problem to generate a diverse set
of n candidate ICoT instances. Each instance is a structured
pair of a Specification and an Idea. This generation process
leverages stochastic decoding techniques (e.g., nucleus sam-
pling) applied over the model’s conditional distribution. The
resulting set is denoted as RICoT = {ICoTi}ni=1, where each
instance is sampled as:

ICoTi ∼ PMgen(· | q, T
(1)
ICoT) for i = 1, . . . , n (5)

here, T (1)
ICoT denotes the prompt used for Intention genera-

tion, and PMgen is the conditional distribution induced by
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Mgen. Each ICoTi is a unified structured output compris-
ing a Specification Si and an Idea Ii, i.e., ICoTi = (Si, Ii).
These pairs are generated jointly in a single decoding pass.

Stage 2: Code Generation In the second stage, each
ICoTi = (Si, Ii) from RICoT is used to generate a corre-
sponding code solution C∗

i via greedy decoding. The model
is conditioned on both the input problem q and its associ-
ated ICoTi, guiding code generation aligned with the task’s
functional objective:

C∗
i = GreedyMgen

(q, ICoTi, T
(2)
ICoT) for i = 1, . . . , n (6)

where T
(2)
ICoT denotes the prompt template for code genera-

tion. Each implementation C∗
i is the unique token sequence

deterministically generated by Mgen under greedy decoding.
The final output is a set of n candidate code completions

derived from the ICoT-guided process:

GICoT(q) = {C∗
1 , . . . , C

∗
n} (7)

Experiment Setup
Benchmarks
Following recent work in LLM evaluation (OpenAI 2024;
Jiang et al. 2024; Yang et al. 2025), we evaluate
on six widely used code generation benchmarks. Hu-
manEval(Chen et al. 2021) contains 164 Python prob-
lems with reference implementations and test cases. MBPP-
sanitized(Austin et al. 2021) includes 427 verified tasks
with three tests per instance. HumanEval-ET and MBPP-
ET(Dong et al. 2025) extend the original sets with around
100 edge-case tests per problem. OpenEval(Yang et al.
2024) comprises 178 challenging problems from AVATAR,
with manually written test cases. McEval (Chai et al. 2024)
is a multilingual benchmark; we use its Python subset of 50
problems, adopting the difficulty labels from the original re-
lease.

Large Language Models
Difficulty-Aware Classifier. We employ Qwen3-8B as the
difficulty classifier, selected for its strong performance on
code reasoning tasks and competitive alignment with human
preferences (Yang et al. 2025).

Code Generation. We evaluate our method on three
high-performing models specialized for code generation.
Qwen2.5-Coder-3B-Instruct (Hui et al. 2024) is a 3B-
parameter instruction-tuned model in the Qwen series
(formerly CodeQwen), demonstrating strong performance
on code generation, mathematical reasoning, and general
problem solving. DeepSeek-Coder-6.7B-Instruct (Guo
et al. 2024) is a state-of-the-art open-source model that
demonstrates robust results across multiple programming
languages and standard benchmarks. We also include
DeepSeek-V3 (Liu et al. 2025), a Mixture-of-Experts model
with 671B total parameters, which achieves performance
competitive with or surpassing proprietary LLMs.

Baselines
Self-CoT (Yang et al. 2024) encourages the model to gen-
erate natural language reasoning before producing the final
output. Zero-shot-CoT (Kojima et al. 2022), denoted as ZS-
CoT in our results, is a zero-shot prompting approach that
guides multi-step reasoning through a simple prefix. Self-
planning (Jiang et al. 2024), denoted as SP in our results,
adopts a two-stage framework, where the model first gener-
ates a numbered subtask plan and then uses it to guide code
generation. SCoT (Li et al. 2025) incorporates sequential,
branching, and looping structures into natural language rea-
soning to align prompts with program logic.

Evaluation Metrics
We evaluate our method along two primary axes: generative
effectiveness and computational efficiency.

Effectiveness. We measure effectiveness using the
Pass@k metric (Li et al. 2022), which estimates the prob-
ability that at least one correct program is included when
selecting k candidates (where k ≤ n) uniformly at random
without replacement from a set of n generated candidates,
among which c candidates pass all test cases. The unbiased
estimator of Pass@k is defined as:

Pass@k := Eproblem

[
1−

(
n−c
k

)(
n
k

) ]
(8)

Efficiency. To quantify the computational efficiency
promised by our framework, we measure the total number
of tokens processed per problem. The total cost for a prob-
lem q is determined by the routing decision d∗ and defined
as the sum of its input and output token counts. For problems
routed to the direct generator (Gdirect), the cost comprises the
tokens in the single input prompt and the cumulative tokens
of all n generated code candidates. For problems routed to
ICoT (GICoT), the cost is aggregated across its two-stage pro-
cess. The first stage cost includes one input prompt and the
n resulting intention outputs. The second stage cost includes
n separate input prompts (one for each intention) and their
corresponding single code outputs. Formally, let C(·) de-
note the token count of a text sequence. The input and output
costs are defined as:

Cin(q) =

C(Tdirect(q)), Simple

C(T
(1)
ICoT(q)) +

n∑
i=1

C(T
(2)
ICoT(Ini)), Complex

(9)

Cout(q) =


n∑

i=1

C(codei), Simple

n∑
i=1

C(ICoTi) +
n∑

i=1

C(codei), Complex

(10)
where Tdirect and T

(1,2)
ICoT are the respective prompt templates,

ICoTi is the i-th generated ICoT, Ini refers to the pair
(q, ICoTi) and codei is the final code snippet generated
from the corresponding path.
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Method HumanEval HumanEval-ET MBPP-sanitized MBPP-ET OpenEval McEval

Qwen2.5-Coder-3B-Instruct

zero-shot 75.49% 67.29% 61.42% 44.12% 35.06% 26.80%
few-shot 72.80% (-3.56%) 65.91% (-2.05%) 68.74% (+11.92%) 48.20% (+9.25%) 34.75% (-0.88%) 31.10% (+16.04%)
Self-CoT 71.55% (-5.22%) 64.18% (-4.62%) 66.01% (+7.47%) 46.51% (+5.42%) 34.13% (-2.65%) 23.50% (-12.31%)
ZS-CoT 75.70% (+0.28%) 67.99% (+1.04%) 66.73% (+8.65%) 47.24% (+7.07%) 35.42% (+1.03%) 26.20% (-2.24%)

SP 72.84% (-3.51%) 64.02% (-4.86%) 53.69% (-12.59%) 36.93% (-16.30%) 35.65% (+1.68%) 25.30% (-5.60%)
SCoT 65.27% (-13.54%) 58.60% (-12.91%) 61.62% (+0.33%) 41.87% (-5.10%) 33.57% (-4.25%) 35.10% (+30.97%)

RoutingGen 76.65% (+1.54%) 69.02% (+2.57%) 68.84% (+13.71%) 49.33% (+11.81%) 35.76% (+2.00%) 35.30% (+31.72%)
ICoT 77.10% (+2.13%) 69.73% (+3.63%) 69.11% (+12.52%) 48.58% (+10.11%) 35.70% (+1.83%) 38.90% (+45.15%)

DeepSeek-Coder-6.7B-Instruct

zero-shot 45.95% 39.60% 46.08% 31.10% 16.74% 23.80%
few-shot 72.68% (+58.17%) 64.27% (+62.30%) 73.40% (+59.29%) 51.64% (+66.05%) 37.89% (+126.34%) 39.30% (+65.13%)
Self-CoT 68.29% (+48.62%) 60.27% (+52.20%) 36.70% (-20.36%) 23.95% (-22.99%) 35.34% (+111.11%) 38.70% (+62.61%)
ZS-CoT 63.66% (+38.54%) 55.58% (+40.35%) 38.01% (-17.51%) 24.75% (-20.42%) 34.35% (+105.20%) 34.80% (+46.22%)

SP 58.90% (+28.18%) 52.47% (+32.50%) 49.19% (+6.75%) 33.72% (+8.42%) 25.17% (+50.36%) 30.50% (+28.15%)
SCoT 70.79% (+54.06%) 62.87% (+58.76%) 67.70% (+46.92%) 46.58% (+49.77%) 36.91% (+120.49%) 40.90% (+71.85%)

RoutingGen 73.51% (+59.97%) 64.76% (+63.53%) 72.30% (+56.90%) 51.73% (+66.33%) 38.74% (+131.42%) 41.00% (+72.27%)
ICoT 73.14% (+59.17%) 65.03% (+64.22%) 71.24% (+54.60%) 50.85% (+63.50%) 38.23% (+128.38%) 42.90% (+80.25%)

DeepSeek-V3-671B

zero-shot 85.61% 77.93% 88.99% 63.04% 46.97% 33.20%
few-shot 84.76% (-0.99%) 75.73% (-2.82%) 89.23% (+0.27%) 63.23% (+0.30%) 42.81% (-8.86%) 51.60% (+55.42%)
Self-CoT 91.34% (+6.69%) 81.71% (+4.85%) 83.98% (-5.63%) 60.09% (-4.68%) 45.51% (-3.11%) 64.40% (+93.98%)
ZS-CoT 90.85% (+6.12%) 82.32% (+5.63%) 84.92% (-4.57%) 60.42% (-4.16%) 41.01% (-12.69%) 54.00% (+62.65%)

SP 80.37% (-6.12%) 73.17% (-6.11%) 80.52% (-9.52%) 55.93% (-11.28%) 42.81% (-8.86%) 51.60% (+55.42%)
SCoT 90.98% (+6.27%) 81.34% (+4.38%) 79.30% (-10.89%) 54.71% (-13.21%) 47.08% (+0.23%) 60.00% (+80.72%)

RoutingGen 91.83% (+7.27%) 82.07% (+5.31%) 90.21% (+1.37%) 63.14% (+0.16%) 47.98% (+2.15%) 65.20% (+96.39%)
ICoT 92.07% (+7.55%) 82.68% (+6.10%) 80.70% (-9.31%) 56.25% (-10.77%) 47.30%(+0.70%) 67.20% (+102.41%)

Table 1: Pass@1 comparison across three models and six code generation benchmarks. Results cover two direct generation
baselines, four structured prompting baselines, and the proposed RoutingGen and ICoT. Bold and underline indicate the best
and second-best among our proposed methods and all baselines. Parentheses indicate relative improvements over zero-shot.

The total token usage per problem is:

Cost(q) = Cin(q) + Cout(q) (11)

32.32% 64.40%

67.68% 35.60%

35.96%

64.04%

60.00%

40.00%

HumanEval MBPP-sanitized OpenEval McEval

Simple Complex

Figure 3: Difficulty perception results across four evaluation
benchmarks. These distributions reflect the model’s under-
standing of task complexity and inform the routing decisions
in RoutingGen.

Sampling Settings
Following recent work (Jiang et al. 2024; Li et al. 2025),
we employ nucleus sampling with top-p filtering to gener-
ate candidate programs, ensuring fair comparison across all
methods. By default, we generate 20 candidates per prob-
lem. For single-stage approaches such as zero-shot and few-

shot prompting, we set the sampling temperature to 0.8, top-
p to 0.95, and the maximum output length to 300 tokens.
In few-shot settings, we select three representative question-
code examples, and apply the same configuration in Rout-
ingGen to ensure consistency with the baseline. For Self-
CoT, the maximum length is extended to 600 tokens to ac-
commodate longer reasoning chains, while other parame-
ters remain unchanged. For multi-stage approaches includ-
ing SCoT, ICoT, and Self-Planning, we sample 20 reasoning
chains with temperature 0.8, followed by deterministic code
generation with temperature 0. Both stages are capped at 300
tokens. An exception is made for DeepSeek-V3, where we
generate 5 candidates per problem due to API constraints.
All other configurations remain identical to the above.

Experimental Results

Effectiveness and Efficiency of RoutingGen

This section presents a comprehensive evaluation of the pro-
posed RoutingGen framework from three perspectives: over-
all performance as reported in Table 1, generation cost in
terms of token usage in Table 2, and difficulty-aware routing
outcomes illustrated in Figure 3.
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Main Performance. As presented in Table 1, RoutingGen
achieves state-of-the-art Pass@1 performance across most
models and benchmarks, demonstrating both accuracy and
generality.

MT HE MP OE ME Avg

RT 42,872 61,001 35,328 0 34,800

Qwen2.5-Coder-3B-Instruct

SCoT 4,191,205 12,857,146 4,294,749 1,501,005 5,711,026
ICoT 4,275,896 12,770,188 4,490,805 1,560,068 5,774,239
RG 3,309,539 4,909,856 3,149,950 835,969 3,051,329

R2S 881,666 7,947,290 1,144,799 665,036 2,659,698
(21.04%) (61.81%) (26.66%) (44.31%) (46.57%)

R2I 966,357 7,860,332 1,340,855 724,099 2,722,911
(22.60%) (61.55%) (29.86%) (46.41%) (47.16%)

DeepSeek-Coder-6.7B-Instruct

SCoT 5,118,415 14,762,151 5,295,607 1,865,235 6,760,352
ICoT 4,980,141 14,706,320 4,867,249 1,760,589 6,578,575
RG 3,774,494 6,020,323 3,429,603 925,268 3,537,422

R2S 1,343,921 8,741,828 1,866,004 939,967 3,222,930
(26.26%) (59.22%) (35.24%) (50.39%) (47.67%)

R2I 1,205,647 8,685,997 1,437,646 835,321 3,041,153
(24.21%) (59.06%) (29.54%) (47.45%) (46.23%)

DeepSeek-V3-671B

SCoT 1,333,100 4,335,969 1,399,146 471,552 1,884,942
ICoT 1,225,360 4,071,784 1,324,069 416,401 1,759,404
RG 993,628 1,907,516 1,050,021 230,027 1,045,298

R2S 339,472 2,428,453 349,125 241,525 839,644
(25.46%) (56.01%) (24.95%) (51.22%) (44.54%)

R2I 231,732 2,164,268 274,048 186,374 714,106
(18.91%) (53.15%) (20.70%) (44.76%) (40.59%)

Table 2: Total token usage of SCoT, ICoT, and RoutingGen
across benchmarks. RT denotes token usage of the routing
module; RG indicates the total usage of RoutingGen includ-
ing inference and routing tokens. R2S and R2I represent
RG’s token reduction relative to SCoT and ICoT, showing
both absolute and percentage decreases. Avg denotes the
average of per-benchmark token reductions and the corre-
sponding relative proportion with respect to the total token
usage of the baseline method. MT refers to the prompting
method. HE, MP, OE, and ME refer to the HumanEval,
MBPP-sanitized, OpenEval, and McEval benchmarks, re-
spectively.

For instance, it reaches 90.21% on MBPP-sanitized and
91.83% on HumanEval with DeepSeek-V3-671B. Notably,
structured prompts underperform compared to simpler few-
shot approaches on benchmarks such as MBPP-sanitized.
The efficiency of RoutingGen derives from its difficulty-
aware routing strategy. As shown in Figure 3, a majority
of tasks in MBPP-sanitized and McEval are classified as
Simple, accounting for 64.40% and 60.00%, respectively,
while HumanEval and OpenEval exhibit substantially lower
simple-task proportions, both below 36%.

As shown in Table 2, RoutingGen consistently and sub-

stantially reduces token usage compared to both SCoT and
ICoT across all evaluated models and benchmarks. All
reported token usage values include both routing tokens
and inference tokens. On average, RoutingGen achieves a
46.37% relative reduction in total token usage across set-
tings. For instance, on the MBPP-sanitized benchmark with
DeepSeek-Coder-6.7B-Instruct, RoutingGen reduces token
usage by 8.74 million compared to SCoT, corresponding to
a 59.22% reduction. Similar trends are consistently observed
across other datasets and models, underscoring the effi-
ciency gains introduced by RoutingGen’s difficulty-aware
routing strategy.

Analysis. The results empirically validate a key limita-
tion: indiscriminate use of complex prompting strategies of-
ten leads to overthinking on simple tasks, resulting in re-
duced performance and increased computational cost. On
MBPP-sanitized and MBPP-ET, which contain a higher
proportion of simpler problems, several structured prompt-
ing methods perform worse than simpler zero-shot or few-
shot baselines. For instance, on MBPP-ET, Self-CoT with
DeepSeek-Coder-6.7B-Instruct exhibits the largest perfor-
mance drop, with its Pass@1 score falling 22.99% below
the zero-shot baseline.

In contrast, RoutingGen mitigates this limitation by dy-
namically selecting prompting strategies based on task
difficulty, achieving more accurate and efficient code
generation. On MBPP-sanitized (64.40% Simple by our
classifier), RoutingGen with DeepSeek-Coder-6.7B-Instruct
routes most tasks to few-shot generation, achieving a
59.22% token reduction and an accuracy improvement of
4.60 percentage points over the resource-intensive SCoT
(72.30% vs. 67.70%). Conversely, on HumanEval (67.68%
Complex by our classifier), RoutingGen achieves a compa-
rable performance (73.51%) to ICoT (73.14%), with a mod-
erate token reduction of 24.21%, reflecting the necessary
computational investment for harder problems. The consis-
tent performance across three distinct models and six bench-
marks demonstrates the robustness of RoutingGen to varia-
tions in model architecture and task distribution. In partic-
ular, discrepancies between our baseline results and official
reports are expected, as our standardized instructions used
for fair cross-model comparison differ from the highly op-
timized model-specific prompts designed to maximize re-
ported performance (Luo et al. 2024). Detailed experimental
settings and results are provided in the Appendix.

Effectiveness of ICoT Prompting
To further assess the standalone effectiveness of ICoT within
the RoutingGen framework, we evaluate ICoT under a static
prompting configuration without dynamic routing.

Results. As shown in Table 1, ICoT consistently outper-
forms baseline prompting methods across the majority of
models and benchmarks. The gains are particularly notable
when using Qwen2.5-Coder-3B-Instruct and DeepSeek-
Coder-6.7B-Instruct. For instance, with DeepSeek-Coder-
6.7B-Instruct, ICoT achieves a Pass@1 score of 38.23%
on OpenEval, representing a 128.38% relative improvement
over the zero-shot baseline. Similarly, with Qwen2.5-Coder-
3B-Instruct, ICoT demonstrates strong performance across
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Figure 4: Pass@1 accuracy of ICoT and its ablated variants across six benchmarks using DeepSeek-V3-671B. “ICoT” denotes
the model with both specification and idea stages. “w/o Intermediate Reasoning” removes the structured reasoning component
entirely. “w/o Specification” omits the specification stage, while “w/o Idea” excludes the idea stage.

all six benchmarks, including a 45.15% relative improve-
ment on McEval. Moreover, ICoT demonstrates strong scal-
ability on DeepSeek-V3-671B, achieving a Pass@1 score
of 82.68% on HumanEval-ET and 67.20% on McEval.
These results represent relative improvements of 6.10% and
102.41% over the respective zero-shot baselines.

Analysis. The effectiveness of ICoT stems from its two-
stage process, which guides the model from explicit mod-
eling of task requirements to core algorithmic design, as il-
lustrated in the “same chars” example (Figure 1(B)). In the
Specification stage, the model grounds the task by defining
the inputs (two strings s0 and s1) and the functional require-
ment of the output (a boolean indicating whether both strings
contain the same set of characters). Crucially, the subse-
quent Idea stage abstracts the core algorithmic logic. In-
stead of prescribing a surface-level procedural loop as in the
SCoT baseline, it formulates an intention abstraction: “con-
vert both strings to sets of characters” and then “compare the
sets.” This abstraction, which also includes an explicit con-
sideration of time complexity (O(m + n)), directly steers
code generation toward a concise and correct solution: “re-
turn set(s0) == set(s1)”.

Dataset Method Simple Complex Total Pass@1

HumanEval
Qwen3-8B 53 111 164 73.51%

GPT-4o 78 86 164 72.99%

Different pairs: 37 Different rate: 22.56%

MBPP-sanitized
Qwen3-8B 275 152 427 72.30%

GPT-4o 363 64 427 72.79%

Different pairs: 100 Different rate: 23.42%

OpenEval
Qwen3-8B 64 114 178 38.74%

GPT-4o 69 109 178 38.51%

Different pairs: 15 Different rate: 8.43%

Table 3: Comparison of difficulty-aware routing and code
generation across models. This table compares task-level
difficulty labels Simple and Complex classified by Qwen3-
8B and GPT-4o, and reports Pass@1 scores based on
DeepSeek-Coder-6.7B-Instruct. The “Different pairs” indi-
cates the number of tasks with conflicting difficulty labels
between the two models, while “Different rate” denotes their
proportion relative to the total.

Ablation Analysis

Robustness to Difficulty Classifier Variants. We evalu-
ate the robustness of RoutingGen under different difficulty
classifiers by comparing Qwen3-8B and GPT-4o on three
benchmarks. As shown in Table 3, the two models pro-
duce conflicting difficulty labels for 22.56% of HumanEval,
23.42% of MBPP-sanitized, and 8.43% of OpenEval tasks.
Despite this variation, RoutingGen consistently outperforms
all baseline methods under both classifiers. On MBPP-
sanitized, it achieves Pass@1 scores of 72.30% and 72.79%
with Qwen3-8B and GPT-4o, respectively. Similar trends
are also observed when applying self-routing. The consis-
tent gains across classifier variants show that RoutingGen
generalizes well under different difficulty estimation condi-
tions.

Effectiveness of ICoT Components. As shown in Fig-
ure 4, the full ICoT method consistently outperforms all
ablated variants on the more challenging benchmarks, con-
firming the synergistic contribution of both the Specifica-
tion and Idea stages. For example, on HumanEval, remov-
ing the Specification stage reduces Pass@1 from 92.07% to
88.17%, while on McEval, removing the Idea stage leads
to a drop from 67.20% to 59.20%. Concurrently, the variant
without intermediate reasoning achieves the strongest results
on the simpler MBPP-sanitized and MBPP-ET datasets.
This supports our prior finding that elaborate prompt struc-
tures can be counterproductive for simple problems.

Conclusion
In this work, we address two key limitations in code gen-
eration: overthinking caused by uniformly applying struc-
tured prompting on simple tasks and the lack of intention
abstraction in existing methods. We propose RoutingGen, a
difficulty-aware routing framework that dynamically adapts
prompting strategies using a classifier to direct simple prob-
lems to direct generation and complex ones to ICoT, a two-
stage reasoning process that formulates specifications and
algorithmic ideas. Experiments on three models and six
benchmarks demonstrate that RoutingGen achieves state-of-
the-art performance with significantly reduced token usage,
and ICoT consistently outperforms other prompting base-
lines on challenging benchmarks.
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