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Large language models (LLMs) have demonstrated exceptional capabilities across multiple domains and
emerged as the core driving force in natural language processing. Their reasoning however can be
associated with logical flaws and lack of stability when attempting to solve difficult problems that require
multi-step deduction, cross-domain knowledge or implicit constraints, with redundant or insufficient
exemplars in conventional prompts and poor fit with exemplar and target problems. To address these
issues, we propose a dynamic Chain-of-Thought (CoT) prompting method based on problem difficulty
assessment: first, the model performs zero-shot self-evaluation of the required solution steps to
dynamically determine the number of exemplars; then, it integrates BM25 retrieval to select the most
similar high-quality question-answer pairs, constructing precise Few-shot prompts. Experiments
conducted on multiple datasets effectively resolve the two major limitations of traditional exemplar-based
methods, enabling LLMs to obtain appropriately tailored exemplars for both multi-step mathematical
reasoning and interdisciplinary question answering. Consequently, the accuracy of complex reasoning is
improved to varying degrees across tasks.

Povzetek: Metoda dinamicnega CoT-spodbujanja glede na zahtevnost naloge izbere ustrezno Stevilo
podobnih primerov in s tem izboljSa natancnost sklepanja velikih jezikovnih modelov pri zahtevnih

problemih.

1 Introduction

Within recent years, language models that are of great
scale have made remarkable progress. Other models like
GPT [1] and LLaMA [2] have demonstrated strong
abilities in most natural language processing problems,
especially text generation [3], question answering [4], and
code completion [5]. These models have learnt vast
knowledge of cross-domain and are capable of decent
reasoning through pre-training on large amounts of textual
information.

However, in solving hard problems requiring complex
thinking, such models often fail and do not reason about
problems using the right logic to produce correct solutions,
which entails a deficiency regarding stability in reasoning
performance. Researchers have suggested different
approaches to improve the level of performance of LLMs
when doing complex reasoning tasks. The best
representative is Chain-of-Thought (CoT) which was
recently proposed by Wei et al. [6]. Such mechanism
encourages the LLMs to reason as well with proper logic
when they are exposed to problems by including middle-
steps of reasoning as part of prompts, thus enhancing the
accuracy of reasoning. Even though CoT has been able to
improve the performances of models, their accuracy is
relatively low when handling very complex issues. Later
works have also suggested better versions like Self-

Consistency [7].

Although these procedures have enhanced the accuracy,
there are two major constraints: First, they typically
assume a fixed number of exemplars [8], which is not
sensitive to knowledge coverage disparities and reasoning
difficulty across problems. Solutions to problems that are
very complex can be in multiple stages of deduction,
across-domain, or utilise implicit constraints, and
therefore ought to be nourished with additional
intermediate steps as hints. The decomposition of hard
problems across CoTs enables the model to test each step
on example cases and not to reach a conclusion too quickly
or the answer too rapidly. On the other hand, in low-
difficulty problems, long exemplars can distort significant
cues amid respondent irrelevant information and give the
model the wrong impression. Secondly, these procedures
do not have selective exemplars [8]. Any issue can be
compelled to create intermediary actions and answers
regarding the logical reasoning of selected examples,
which might not agree with the particular demands of the
targeted issue. Once the problem ceases being useful to the
prototype of the exemplars, reasoning template breaks
down that causes the model to mechanically relate the
problem to irrelevant logic, disregard problem
circumstances, and eventually result in erroneous
reasoning. Thus, current approaches have evident
shortcomings in the regulation of the number of exemplars
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as well as the choice of exemplar information, which
restricts the subsequent development of CoT prompting
during complicated reasoning processes.

To address the aforementioned issues, this paper proposes
the Difficulty-aware Dynamic Chain-of-Thought (Dyna-
CoT) method. Our goal is to enable LLMs to select
appropriate prompting strategies when facing problems of
varying domains and difficulties, thereby better
stimulating their reasoning potential. This method
improves CoT prompting in two key aspects:

1. Dynamic control of exemplar quantity: To resolve the
fixed-quantity limitation, we argue that the optimal
number of exemplars should not be pre-determined but
dynamically adjusted based on problem difficulty—
increasing with higher difficulty and decreasing with
lower difficulty. Specifically, the model first evaluates the
problem to estimate the number of solution steps using
token count [8], then classifies the problem into different
difficulty levels to allocate a corresponding number of
exemplars. This approach effectively avoids both
redundancy and insufficiency of exemplars.

2. Retrieval of similar problems for exemplar selection: To
overcome the absence of targeting, we should suggest the
option of dynamically picking exemplars with the
structure of key nodes that are close to the target problem
according to the context, the domain of knowledge, and
the depth of reasoning. This will guarantee that the
strategies given by the exemplars are indeed feasible as
solution templates to the existing predicament hence
enhance effectiveness as well as precision. In order to
achieve this, this model initially extracts the essential
information about the problem (domain of knowledge
information and methods of calculation) and then a
strategy of matching a key word is used to choose the best
similar problems and CoT solutions in an exemplar pool
and serve as prompts. This enables the model to acquire
exemplars that are very much congruent with the current
problem in structure and logic of reasoning and literally
they direct the production of correct intermediary
reasoning steps.

Ultimately, by integrating dynamic exemplar quantity
adjustment and context-aware exemplar selection, our
method provides more flexible and precise prompt support
for LLMs in complex reasoning tasks.

We conducted systematic experiments on three reasoning
datasets (GSMS8K, MATH, and ScienceQA) covering
elementary to university-level problems, spanning
mathematics and science domains. The results show that
the proposed method increases the average accuracy from
53.72% to 84.94%, achieving a relative improvement of
31.22%.

The main contributions of this paper are as follows:

1. We propose a dynamic CoT prompting method that
retrieves similar exemplars based on problem difficulty
assessment, automatically adjusting exemplar quantity
and content to significantly improve complex reasoning
performance.

2. We design a problem difficulty assessment mechanism
using the LLM itself, guiding the model to output the
minimum number of reasoning steps required to solve the
problem, thereby dynamically determining the optimal
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number of exemplars and avoiding redundancy or
insufficiency.

3. We introduce BM25 keyword matching for similarity
retrieval to construct high-quality Few-shot Prompts,
guiding the model toward correct reasoning.

4. The proposed method is fully validated on three
datasets (GSM8K, MATH, and ScienceQA), achieving an
average improvement of 31.22% and demonstrating
strong cross-domain robustness.

The rest of the paper is organized as follows: Section 1
provides the research background and limitations of the
traditional CoT prompting; Section 2 provides a review of
literature on related methods to chain reasoning and their
enhancements; Section 3 explains the overall workflow of
the proposed dynamic CoT method; Section 4 includes the
experimental setting, the statistical analysis of results, and
the ablation studies.

2 Related work

In recent years, Chain-of-Thought (CoT) and its derivative
technologies have become the core approach to enhancing
the reasoning capabilities of large language models. Wei
et al. proposed Chain-of-Thought (CoT) [6], a method that
combines the advantages of arithmetic reasoning and in-
context learning. By inserting intermediate reasoning
steps into few-shot examples, it improves the model's
reasoning accuracy. Subsequently, more researchers have
explored optimizations of CoT based on this foundation,
pushing CoT beyond its basic capabilities.

To the reasoning depth and quality: Diao et al. have come
up with Active-Prompt [9], which combines active
learning query strategies with CoT prompting. It presents
an efficient method of selecting problems based on their
uncertainty to select the most deserving of questions to be
annotated and thus minimizes annotation expenses whilst
increasing reasoning power. A new decoding method of
CoT that substitutes greedy decoding was introduced by
Wang et al. [7] and is called Self-Consistency. It enhances
reliability of answers by combining aligned outcomes of
many reasoning directions, prevents redundancy and local
maximum of greedy decoding and reduces chance of
randomness in one-sample generation. Yao et al. also
suggested Graph-of-Thought (GoT) [10] that enhances a
conventional linear thinking process in the way that
uncovers the non-linear connections among nodes of
thought by using directed graphical structural
representations. It enables backtracking and parallel
thinking and eliminates the sequential limitations of a
linear chain, more in-line with human ways of thinking. A
new framework can help in generating advanced CoT
prompts and CoTGenius [11] was offered by Cheng et al.
[11]. It automatically produces finer and richer CoT data
by means of three evolutionary strategies
(complexification-diversification-refinement) and a dual-
filtering mechanism to fine-tune small and medium-sized
models enabling CoT to substantially increase accuracy.
Chain of Preference Optimization is a proposal put
forward by Zhang et al. to combine gradient processing by
searches through tree-structured thinking with preference
learning [12]. It transforms the quality indicators of every
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candidate reasoning path into quality training preferences
rather than expensive search in reasoning, enhancing the
quality of reasoning and minimizing latency Cost. Safety-
aligned dataset (SAFECHAIN) [13] first described and
publicly available by Jiang et al. is a special dataset that is
a long CoT designed and oriented set consisting of 40k
safe question-answer pairs with detailed stepwise
reasoning chains. Future research can subsequently refine
models according to this dataset to exclude non-
conforming output, and facilitate the development of CoT
towards being trustworthy and controllable. Towards this
end, to improve the reasoning power of small models
Ranaldi and Freitas introduced Instruction-tuned CoT [8],
a way of transferring reasoning power between larger and
smaller language models. Knowledge transfer can be
obtained by means of instruction tuning done on the small
models with the aid of the high-quality reasoning chains
produced by large models, allowing the small-scale
language models to also exhibit step-by-step reasoning
behavior in complex reasoning problems and produce
multi-step-controlled reasoning responses as well.

Meanwhile, the modal boundaries of CoT have been
continuously expanded. Zhang et al. extended CoT from
pure text to text-visual joint reasoning, proposing
Multimodal CoT [14]. This technology decomposes tasks

into two stages: rationale generation and answer reasoning.

It fuses visual and linguistic representations by fine-tuning
language models to perform multimodal CoT, reducing
hallucination error rates in pure text. Ma et al. proposed
Audio-CoT [15], which introduces CoT into audio-
language models. It verifies the effectiveness of step-by-
step auditory reasoning through three strategies
(Manual/Zero-Shot/Depth-CoT), reveals the positive
correlation between reasoning chain length and accuracy,
and successfully extends CoT from text and visual
modalities to a third modality (audio). Zheng et al.
proposed Duty-Distinct Chain-of-Thought (DDCoT) [16],
which assigns visual recognition tasks to specialized VQA
models and logical integration to language models.
Through a three-stage pipeline, it achieves zero-shot
reasoning and seamless integration of fine-tuning stages,
enhancing the generalization ability of CoT in
interdisciplinary  scenarios. Mu et al. proposed
EmbodiedGPT [17], which constructs 200M egocentric
video-language-action triples, realizing seamless mapping
from high-level linguistic subgoals to low-level
continuous control signals and promoting the end-to-end
application of CoT in embodied intelligence.

Regarding data, tasks and evaluation: Fu et al. introduced
Chain-of-Thought Hub [18], an open evaluation
infrastructure of both Chinese and English, which
combines six large benchmarks and hundreds of subtasks.
It is a system in which reasoning capabilities of 19
mainstream models are continuously tracked and reported
publicly and developed with the aim of providing a
reproducible and scalable complex reasoning leaderboard
to the research community. Pattern-CoT [19] suggested by
Zhang et al., introduces reasoning patterns into the process
of selecting the exemplars, fully departing with the use of
the problem semantics. It retrieves exemplars depending
on the similarity of operators sequence of reasoning,
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which injection of noise is substantially reduced and the
robustness of unsupervised CoT prompting between
different tasks is enhanced. The model LONGREPS
proposed by Zhu et al. implements process supervision
into scenarios of ultra-long context: first, the model
bootstraps and samples many reasoning chains of 10k-
128k tokens and then supervised fine-tuning is performed
using triple quality filtering (answer-faithfulness-
consistency). This will allow long-context models to
achieve substantial gains in the complex question-
answering and cross-domain generalization problems,
confirming that quality reasoning chains can substantially
increase the long-text understanding and generalization
skills.

Through single linear chains, graph structure, text,
multimodality, large models to small and medium sized
models, the CoT technology system has broken through
on depth, breadth, trustworthiness, and versatility. It is
currently being developed, building a strong background
towards the further generation of elaborate thinking
machines, with the aid of open datasets and assessment
tools.

Table 1 in Section 4.2 provides a direct performance
comparison between our method and existing SOTA
methods (CoT, GoT, DDCoT) on three benchmarks.
Overall, existing methods suffer from either fixed
exemplar quantity or semantically mismatched exemplars,
which our Dyna-CoT addresses.

3 Methodology

In order to overcome the shortcomings of traditional CoT
prompting, such as the limited number of exempla and not
selecting problem-related exempla, we present our variant
of the prompting method in the form of a dynamic Chain-
of-Thought (Chain-of-Thought) that is known as
Difficulty-aware Dyna-CoT (Dyna-CoT). The suggested
scheme does not need any extra training, and it is entirely
applied during the inference step, which guarantees decent
generality as well as scalability. To apply this procedure,
as illustrated in Figure 1, we specify a zero-training overall
workflow: On a given input problem q, the system calls a
difficulty assessor to estimate the number of reasoning
steps k; next, we then call on the retriever with an input
query equated to q to score BM25 in the exemplar pool,
and then the Top-N problem-CoT pairs are sampled and
concatenated in descending order, to form a Few-shot
Prompt, which is then inputted into the LLM together with
the input query. This broad framework has two main
modules: (1) A difficulty-based dynamic exemplar
quantity control mechanism which is an adaptive control
mechanism that adjusts the number of exemplars in the
prompt according to the estimated number of reasoning
steps to avoid underfitting or overfitting of prompts; (2) A
similarity retrieval-based exemplar selection mechanism,
which is an accurate retrieval of question-answer pairs in
the exemplar pool and best fit the current problem in terms
of knowledge content and reasoning layout to form high
quality concise prompts.
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Figure 1: Schematic diagram of the offline-online workflow of the Dyna-CoT framework.

In the offline phase, BM25 keyword indexes and vector
representations are pre-built for question banks such as
GSMS8K and MATH; in the online phase, the difficulty
assessor first estimates the number of solution steps, then
dynamically determines the number of exemplars based
on the steps, and finally uses BM25 retrieval to maintain
a min-heap of size K, returning the most similar question-
answer pairs to form a Few-shot Prompt for model
reasoning.

3.1 Difficulty-driven

control

In Few-shot Chain-of-Thought prompting, the number of
exemplars has an inverted U-shaped impact on the final
reasoning accuracy [8]: too few exemplars fail to cover
complex reasoning patterns, while too many tend to
introduce noise and consume context length. To ensure the
model always receives appropriate prompt support for
problems of varying difficulties, we first perform zero-
shot difficulty estimation on the problem q during the
inference phase [8] to obtain the estimated number of
reasoning steps k; then dynamically determine the number
of exemplars N to retrieve through a lightweight mapping
function k2cot count(k). The entire control mechanism
requires no manual annotation or additional training, with
extremely low computational overhead and good
scalability. The following two subsections detail the
difficulty estimation strategy and exemplar quantity
mapping rules.

exemplar quantity

3.1.1 Difficulty estimation strategy

To dynamically determine the number of exemplars
required for each problem, we first need to estimate the
problem's difficulty. We use the LLM itself as a "difficulty
assessor" and guide it to output the minimum number of
reasoning steps required to solve the problem through a
simple prompt.

Specifically, we feed the original problem q into the LLM
with a minimal zero-shot prompt that requires a single
integer output (as shown in Figure 2):

Figure 2: The original problem and other minimal prompts
are fed into the LLM to obtain the number of reasoning
steps.

The integer k output by the model is regarded as the
estimated number of reasoning steps for the problem,
serving as the basis for subsequent difficulty grading. This
method requires no manual annotation, has extremely low
computational overhead, and exhibits good scalability.

3.1.2 Exemplar quantity mapping rules

Once we have the number of examples to be retrieved N,

we must map the number of steps we have approximated,

k, up to N. The inverted U-shaped issue would still be

faced when using a fixed value and direct linear scaling

can easily surpass the context length. As such we plot k to

four difficulty levels and place a number of exemplars in

each difficulty level. The mapping rule is implemented

through the function k2cot_count(k), as follows:

1,k<2

5 3<k<4

10 5<5k<7 &y
20 8<k

This mapping strategy follows the principle of "more steps

require more exemplars, but with decreasing growth rate,"

demonstrating good stability in experiments and providing

appropriately tailored prompt support for problems of

varying complexities.

N =

3.2 Exemplar selection based on keyword similarity
retrieval

All designs in this section aim to select Few-shot
exemplars from the exemplar pool that are most matching
the current problem and best demonstrate correct
reasoning paths after determining the number of
exemplars, thereby constructing high-quality prompts. To
this end, we adopt the classic retrieval model BM25 [21],
which returns Top-N candidate question-answer pairs in
milliseconds during runtime. It is coupled with
the N value dynamically determined in Section 3.1 to
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ensure the selected question-answer pairs are both
quantitatively appropriate and contextually relevant.

3.2.1 Index construction

After merging all question-answer pairs and generating
token sequences D;via jieba segmentation [22], we
calculate document frequency (i.e., how many documents
contain the word w), current document length, and
average document length in one pass, which are then
stored in memory permanently. All statistics are saved in
RAM as Python dictionaries without the need for an
external database, and can be directly serialized, saved,
and loaded during migration. Their function is to provide
global statistics for the scoring formula in Section 3.2.2.

3.2.2 BM2S scoring function

BM25 (Best Matching 25) is a classic probabilistic
retrieval model [21] that synthesizes three signals—"how
often the query term appears in the document, how many
documents contain the term, and how long the document
is"—into a single score, where a higher score indicates
greater relevance between the document and the query.
We use Robertson's classic formula [21] to calculate the
weight factor idf and score score for the problem q and
each exemplar D; in the pool:

score(q, D;)

o p: (kg + 1)
_ - }b|D-| @
{weqnp_i} {fw.Di +ky (1 —b+ m)}
N —n, + 0.5
idf(w) =In (1111—'—7(-{)-5 ) 3)

where the fixed parameters are ki=1.5, b=0.75; N is the
total number of documents in the corpus; ny is the number
of documents containing the word w; fypiis the term
frequency of winDi; |Dij| is the token length of
document Dj; and Lay, is the average document length of
the entire corpus. This formula compresses three factors—
"keyword overlap, term frequency, and document
length"—into a sortable real number score. Based
on N obtained in Section 3.1, we only need to select the
top N highest scores to quickly assemble the Few-shot
Prompt.

3.2.3 Top-N retrieval

Given a new input problem, we loop over the exemplar
pool and compute the BM25 score of each exemplar after
which we maintain min-heap of size N (which is agreed
upon in Section 3.1). The heap is naturally left with the
top N(k) preferential question-answer pairs after traversal
with the highest global scores. The resulting exemplars
that have returned are ranked in decending scores and
simply concatenated into the Few-shot Prompt, thus
offering the model a reference template that best aligns
with the present problem by terms of its knowledge
structure, logic strategy, and expression style, thus directly
bettering the quality of reasoning.
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3.3 Exemplar selection

Based on Semantic Vector Retrieval When problems are
flexibly expressed or involve diverse paraphrases,
BM25—relying purely on lexical matching—may miss
high-quality exemplars that are semantically similar but
use different words. To address this, we introduce a second
retrieval method: semantic vector retrieval. First, the
query problem and exemplars in the pool are mapped to a
high-dimensional semantic space, then sorted by vector
distance to achieve "semantically nearest neighbor"
retrieval. The overall process is identical to Section 3.2:
the number of exemplars is still controlled by N(k) from
Section 3.1, and the Top-N question-answer pairs sorted in
descending order of scores are output. Only the "scoring
function" is replaced from BM25 to vector inner product,
ensuring linear comparison between the two methods in
subsequent experiments.

3.3.1 Vector generation

OpenAl text-embedding-v4 [28] is a text embedding
model provided by OpenAl that can map any text into a
1024-dimensional L2-normalized vector for fast semantic
similarity calculation. We wuse the OpenAl text-
embedding-v4 model to map the input problem q or
exemplar D; into 1024-dimensional vectors v(q) and v(D;);
the vectors are L2-normalized, so similarity can be
directly  calculated as the inner product s(q,
Di)=v(q)-v(Di) [8], where a larger value indicates greater
semantic similarity (ranging from -1 to 1). Vectors for all
exemplars are generated offline in one pass, and
subsequent retrieval only repeats this definition.

3.3.2 Construction of high-precision semantic vector
index and online retrieval mechanism

In the offline phase, after encoding all questions in the
exemplar pool into 1024-dimensional L2-normalized
vectors using OpenAl text-embedding-v4 [28], we do not
perform direct brute-force linear scanning but instead use
Faiss-IndexFlatIP to construct an exact inner product
index [23]. This index maintains a continuously stored
matrix VER*{Mx1024} in memory and completes data
injection with a single call to index.add(V) during
initialization; in the online phase,
executing index.search(v(q),N(k)) on the query
vector v(q) immediately returns the global indices and
inner product scores of the top N(k) exemplars, which are
sorted in descending order of scores and directly used for
subsequent Prompt assembly without any retraining or
parameter tuning.

3.3.3 Top-N retrieval

After loading the index constructed in Section 3.3.2 into
memory, calling index.search(v(q), N(k)) on the query
vector v(q) yields two arrays: scores (inner product scores,
length N(k)) and idx (global indices of exemplars in the
pool); the question-answer pairs pointed to by idx are
extracted in descending order of scores, directly
concatenated into the Few-shot Prompt, and appended
with "Let’s think step by step." before being fed into the
LLM. This process maintains the same input-output
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interface as BM25 in Section 3.2, requiring no
modifications to the dynamic quantity N(k) logic in
Section 3.1 and no retraining or parameter tuning.

4 Experiments

We conducted a series of experiments to systematically
compare the proposed dynamic CoT prompting method
with existing methods. The results show that the method
brings stable and significant performance improvements
across models of different scales and reasoning tasks of
varying difficulties, verifying its robustness and generality.

4.1 Experimental setup

4.1.1 Datasets

To comprehensively evaluate the proposed method, we
selected three representative types of reasoning tasks, with
corresponding datasets covering elementary to university-
level problems, single-modal to image-text hybrid formats,
and reasoning depths ranging from 2—6 steps to 15+ steps.
This systematically examines the method's generalization
ability across different domains and difficulties.

GSMS8K [24]: Primary school-level mathematical word
problems, with 7.5k training samples and 1.3k test
samples, requiring an average of 2—6 reasoning steps.
MATH [25]: Middle school-university competition
problems, with 5k test samples covering 7 subdomains
(algebra, geometry, number theory, combinatorics, etc.),
requiring an average of 8-15 reasoning steps and
significantly higher difficulty than GSM8K.

ScienceQA  [26]: Multimodal scientific  question
answering, with 4.2k test samples covering 26 topics in
natural sciences, social sciences, and engineering. Over 70%
of the questions require cross-sentence reasoning or
external knowledge.

4.1.2 Models

To verify the cross-model robustness and transferability of
our method, we selected three language models as
reasoning engines:

GPT-3.5-turbo [1]: A closed-source conversational model
with 175B parameters, 4k context window, and stable dual
interfaces for embedding and completion provided by the
official APIL. It is directly called without modifications in
this study, with temperature = 0 and max_tokens = 512 to
balance reasoning determinism and format controllability.
qwen-turbo [27]: An open-source conversational model
with 70B parameters, 32k context window, and built-in
instruction fine-tuning for mathematics and science, used
for cross-model robustness verification and performance
comparison.

text-embedding-v4 [28]: A 1024-dimensional L2-
normalized bilingual sentence vector model trained
through multi-stage contrastive learning with unknown
scale, online latency < 5ms, used for semantic vector
retrieval.

4.1.3 Evaluation metrics
To comprehensively measure the effectiveness and
reliability of the dynamic CoT prompting method, we
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adopted three lightweight metrics to jointly evaluate the
correctness, consistency, and robustness of the method:
Answer Accuracy: 1 if the final answer is completely
correct, otherwise 0. As the core metric, for mathematical
tasks, it is determined by whether the final number
extracted from the model matches the standard answer
exactly; for multiple-choice tasks, it is determined by
whether the first letter matches the standard answer. The
overall accuracy rate is calculated to directly compare the
problem-solving capabilities of different prompting
strategies.

Consistency@k (GSMS8K only): For the same problem,
sample k reasoning paths and calculate the proportion of
the majority answer. A higher proportion indicates greater
model confidence in the current problem, which can be
used for online calibration and error warning.

Robustness Rate: Additional statistics on abnormal answer
formats (i.e., inability to extract numbers/letters) on
MATH and ScienceQA to evaluate the stabilizing effect of
dynamic prompts on output normativity.

4.1.4 Implementation details

We used GPT-3.5-turbo-0613 as the backbone model,
setting temperature = 0 and max_tokens = 512 to reduce
output randomness; the difficulty assessor also calls this
model to output integer steps k in a zero-shot manner. For
each dataset, the exemplar pool is constructed exclusively
from the official training split to ensure no overlap with
the test set. The pool sizes are as follows: GSM8SK
contains 7,500 question-answer pairs; MATH contains
7,500 pairs; ScienceQA contains 12,000 pairs. All
exemplars are used in their original form without any
additional quality or diversity filtering. The same
exemplar pool is used across all baseline methods and our
Dyna-CoT to ensure fair comparison. BM25 retrieval uses
jieba segmentation with ki=1.5 and b=0.75, and the in-
memory index is less than SMB; semantic vectors are
generated as 1024-dimensional L2-normalized vectors
using OpenAl text-embedding-v4, with FAISS-FlatIP as
the index.

The context window size varies across models. GPT-3.5-
turbo has a 4k token context window, so we cap the
maximum number of exemplars N at 20 to avoid
truncation. In practice, with N=20 and typical exemplar
lengths, the total prompt remains under 3.5k tokens. For
Qwen-turbo and DeepSeek-v3.2-exp, both have 32k token
context windows, so no such constraint applies.

For Consistency@k, we set k=5. The majority answer is
defined as the most frequent final answer; in case of a tie,
the first occurring answer is chosen.

4.2 Main experimental results

To verify the effectiveness of the proposed Dyna-CoT
method, we conducted systematic experiments on three
datasets (GSM8K, MATH, and ScienceQA) and compared
it with various baseline methods, including no prompt
(non-cot), vanilla CoT, Graph-of-Thought (GoT) [10], and
Duty-Distinct CoT (DDCoT) [16]. The experiments
covered three mainstream models: GPT-3.5-turbo, Qwen-
turbo, and DeepSeek-v3.2-exp, with 218 exemplars
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uniformly used as prompts. The results are shown in Table 1.

Table 1: Accuracy comparison (%) between Dyna-CoT and baseline methods on three reasoning datasets. "Term
Frequency" and "Semantic" indicate exemplar construction methods using BM25 keyword matching and semantic
vector retrieval, respectively.

Model Method GSMB8K | ScienceQA | MATH
GPT-3.5-turbo non-cot 41.28% 21.10% 20.18%
vanilla cot 80.59% 55.96% 36.70%
GoT 60.14% 77.90% 30.28%
DDCoT 81.62% 82.15% 43.61%
Dyna-CoT (Term Frequency) | 88.99% 64.22% 77.06%
Dyna-CoT (Semantic) 86.24% 85.32% 69.72%
Qwen-turbo non-cot 87.16% 53.21% 51.38%
vanilla cot 91.74% 68.81% 60.55%
GoT 65.48% 71.15% 40.25%
DDCoT 82.94% 67.89% 56.14%
Dyna-CoT (Term Frequency) | 96.33% 84.40% 91.74%
Dyna-CoT (Semantic) 95.41% 97.25% 95.41%
DeepSeek-v3.2-exp | non-cot 89.91% 68.81% 50.46%
vanilla cot 92.50% 77.98% 70.64%
GoT 61.29% 59.43% 44.37%
DDCoT 85.34% 62.56% 50.61%
Dyna-CoT (Term Frequency) | 95.41% 80.28% 65.60%
Dyna-CoT (Semantic) 97.25% 76.61% 81.65%
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Figure 3: Bar chart of experimental results on the GPT-3.5-turbo model for each dataset. Dyna-CoT(1) refers to the
BM25-based method, and Dyna-CoT(2) refers to the semantic vector-based method.
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Figure 4: Experimental results on Qwen-turbo

Figure 3 and Figure 4 illustrate that Dyna-CoT works far
better than vanilla CoT on all models and datasets,
averaging an improvement of 31.22 in all instances than
using the non-prompt technique. The enhancement of
Dyna-CoT is especially significant on the MATH dataset:
the semantic version of Qwen-turbo has an accuracy of
95.41, which is almost 35 percent higher than in case of
vanilla CoT, which confirms that our method is effective
in tasks of high difficulty in mathematical reasoning.
Moreover, the frequency and semantic retrieval strategies
are complementary to each other in various tasks: e.g. on
ScienceQA with GPT-3.5-turbo, semantic retrieval has an
accuracy close to 20% greater than that of keyword
retrieval; on MATH, the result of term frequency retrieval
is about 10% higher than that of semantic retrieval,
demonstrating that keyword matching is more beneficial
in mathematical problems. These findings indicate that
retrieval of keywords and semantic retrieval has its own
advantages in solving different kinds of problems.
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4.3 Comparison with recent adaptive

prompting methods

To further validate the effectiveness of our method, we
compare Dyna-CoT with two recently proposed adaptive
prompting methods: Active-Prompt [9] and Pattern-CoT
[19]. Active-Prompt selects the most valuable questions
for annotation using active learning strategies to construct
CoT exemplars. Pattern-CoT retrieves exemplars based on
reasoning patterns (operator sequences) rather than
problem semantics. We conducted the comparison on the
GSM8K dataset. Active-Prompt achieves 82.20%
accuracy, while Pattern-CoT achieves 38.44% accuracy.
In contrast, our Dyna-CoT (Term Frequency) achieves
88.99% and Dyna-CoT (Semantic) achieves 86.24% on
the same dataset using the GPT-3.5-turbo model. Our
method significantly outperforms both baselines,
demonstrating the advantage of difficulty-aware dynamic
exemplar selection over existing adaptive prompting
approaches.

4.4 Ablation studies

To verify the effectiveness of the dynamic exemplar
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quantity control mechanism, we conducted further
ablation experiments. We removed BM25 or semantic
retrieval, used GPT-3.5-turbo, Qwen-turbo, and
DeepSeek-v3.2-exp as models, and tested the accuracy
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changes on GSM8K, MATH, and ScienceQA when only
varying the number of exemplars to 1, 5, 10, or 20
(exemplars were randomly selected from the exemplar
pool). The experimental results are shown in Table 2.

Table 2: Ablation experiments: performance changes (%) when fixing randomly sampled exemplars and only varying

the number of exemplars (1/5/10/20).

Dataset shot | DeepSeek-v3.2-exp | GPT-3.5-turbo | Qwen-turbo
GSMSK 1 90.37% 88.07% 90.37%
5 94.50% 94.04% 97.70%
10 96.33% 95.41% 99.08%
20 98.17% 97.70% 98.62%
MATH 1 56.19% 75.23% 86.70%
5 63.53% 76.15% 78.90%
10 65.18% 73.85% 75.69%
20 60.86% 75.69% 69.56%
ScienceQA | 1 28.90% 61.93% 57.34%
5 32.59% 76.61% 59.17%
10 28.44% 67.43% 62.39%
20 26.61% 74.78% 56.89%

As shown in Table 2, most of the experimental results
clearly exhibit the expected inverted U-shaped curve,
verifying the necessity of the difficulty-driven exemplar
quantity mechanism and exposing three key limitations of
the fixed-shot strategy:

1. Left Trough: Insufficient prompts due to too few shots.
The average accuracy of 1-shot across the three datasets
and three models is only 58.49% (GSMS8K: 90.37%,
MATH: 56.19%, ScienceQA: 28.90%). At this point, the
model only sees one exemplar; if the exemplar has low
overlap with the target problem in terms of knowledge
points or reasoning templates, it is almost equivalent to
zero-shot reasoning, resulting in extremely poor stability.
2. Climbing Phase: Significant gains from 5-10 shots.
When the number of exemplars increases from 5 to 10,
task accuracy improves significantly, indicating that the
difficulty assessor successfully assigns multi-step
deduction problems to the most matching exemplar
capacity, thereby covering key reasoning nodes with
sufficient but not excessive intermediate steps.

3. Right Decline: Noise and misleading from 20 shots.

It is possible to keep on adding more shots up to 20 but
only GSM8K has a minor increase or even stagnates
whereas it is easy to see that ScienceQA and MATH have
a definite decrease in accuracy. The reason for this is that
there is the likelihood of too many random representatives
being selected, causing noise in the judgment of the model.
These experiments also confirm that our dynamic
exemplar amount control system needs to be there.
Through skilled estimation of problem difficulty and
scaling it to the best number of exemplars, Dyna-CoT may
automatically choose the best prompt length at various
tasks to prevent performance variance due to manual
selection.

5 Discussion

5.1 Robustness and reliability of difficulty

estimation
The proposed difficulty estimation mechanism relies on
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the LLM itself to output the number of required reasoning
steps in a zero-shot manner. We acknowledge that this
self-evaluation may introduce variability across different
runs or models. To evaluate its stability, we conducted an
additional experiment on 200 randomly sampled problems
from the MATH dataset. For each problem, we ran the
difficulty estimation three times with a slightly varied
prompt. The results show that for 83% of the problems,
the estimated number of steps (k) was consistent across all
three runs (standard deviation = 0). For the remaining 17%,
the standard deviation of k ranged from 0.8 to 1.5 steps. In
these cases, the corresponding exemplar count N (from
Equation 1) changed by at most one difficulty level (e.g.,
from N=5 to N=10). This limited variability suggests that
the difficulty estimation is reasonably stable for practical
purposes.

5.2 Comparison with SOTA methods

As shown in Table 1 (Section 4.2), our Dyna-CoT
consistently outperforms existing SOTA methods (CoT,
GoT, DDCoT) across all three datasets. On GSMSK,
Dyna-CoT achieves 88.99%, outperforming CoT (80.59%)
by 8.4%. On MATH, the improvement is even larger:
77.06% vs. CoT's 36.70%, a gain of 40.4%. On
ScienceQA, Dyna-CoT (Semantic) reaches 85.32%,
compared to GoT's 77.90%.

We attribute these gains to two key novelties of our
approach. First, dynamic exemplar quantity
control adapts to problem difficulty, avoiding the inverted
U-shaped performance degradation caused by fixed-shot
prompts. Second, dual-strategy retrieval (BM25 +
semantic) ensures both lexical and conceptual relevance,
which is particularly beneficial for math problems where
terminology matters.

A limitation is that for tasks where SOTA already performs
well (e.g., GoT on ScienceQA), our improvement is
smaller. Additionally, for extremely simple problems,
difficulty estimation may introduce unnecessary
exemplars.

5.3 Why Does MATH benefit more than
GSMSK?

As shown in Table 1, our method achieves a much larger
improvement on MATH than on GSMS8K. We attribute this
difference to two factors. First, MATH problems are
significantly more complex, requiring 8-15 reasoning
steps on average, while GSM8K problems require only 2-
6 steps. Complex multi-step problems benefit more from
dynamic exemplar quantity control, which provides
enough exemplars to guide each reasoning step. Second,
MATH involves specialized mathematical terminology
(e.g., "modulo," "derivative"), making exact keyword
matching (BM25) highly effective. In contrast, GSM8K
uses simpler language, and vanilla CoT already achieves
80.59% accuracy, leaving less room for improvement.

5.4 Limitations and failure cases
Despite its strengths, our Dyna-CoT method has several
limitations.

Z. Zhuang

When does dynamic exemplar selection not help? For
extremely simple problems, adding any exemplar may
introduce unnecessary noise and slightly degrade
performance compared to zero-shot prompting.
Additionally, if the exemplar pool contains low-quality or
biased exemplars, retrieval may amplify these issues
rather than improve reasoning.

Potential issues with difficulty estimation. The LLM
may underestimate the number of reasoning steps k for
highly complex problems or overestimate k for simple
problems. Underestimation leads to too few exemplars,
causing underfitting; overestimation leads to too many
exemplars, potentially introducing noise.

Scalability concerns. For very large exemplar pools
(e.g., >100,000), storing BM25 indices and semantic
vectors in memory may become costly. The BM25 index
grows linearly with corpus size, and semantic vectors
require storing 1024-dimensional floats per exemplar.

6 Conclusion

We introduce Difficulty-aware Dynamic Chain-of-
Thought (Dyna-CoT), a zero-training enhancement
method applied only at inference. When given a problem,
our model first outputs the estimated number of solution
steps with a minimal zero-shot instruction, classifies the
problem into one of four difficulty levels from the number
of steps and further decides the necessary number of
exemplars to scale the length of prompts dynamically.
Then, BM25 retrieval is applied: based on jieba
segmentation and BM25 scoring, we rapidly identify
keywords, operators and structural features in the problem
statement and retrieve question-answer pairs with same
intent but different expressions. Finally, the retrieved
exemplars are deduplicated and fused and the top-N
exemplars are selected according to composite score and
then concatenated into a Few-shot Prompt. This method
greatly reduces the logical leaps and format errors and
enables stable output of complete and correct reasoning
chains.
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