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Abstract

Recent breakthroughs in LLMs have signifi-
cantly enhanced their abilities to reason and
solve thinking problems in various domains.
Reinforcement learning (RL) and Supervised
Fine Tuning (SFT)-based post-training mech-
anisms along with high-quality curated data
have enabled models such as DeepSeek-R1,
Qwen2.5-Math, OpenAl ol etc to outperform
the state-of-the-art even in challenging bench-
marks such as AIME’24 and MATH-500. How-
ever, a significant drawback of these models
is the large Chain-of-Thought (CoT) genera-
tion step required to get to the final response,
increasing resource requirement and response
time. RL-based approaches with rewards for
brevity as well as accuracy reduce verbosity,
but require custom training with multiple gen-
erations per problem, involving significant re-
source usage, often limiting practitioners to
small LLMs. Additionally, the performance
lift obtained can be inconsistent. In this pa-
per, we introduce TeleMathLang, a minimal
syntax for reasoning and math that enables
LLMs to generate complete chains of reason-
ing while reducing response length by 30-65%
across GSM8K, AI2-ARC, and MATH-500.
We show that LLMs condense their responses
when TeleMathLang is used purely as a prompt-
ing strategy as well as for finetuning (even
small LLMs with 1.5B parameters). Further,
we show that it outperforms other concise rea-
soning prompts in accuracy as well as seman-
tic entropy, preserving what makes CoT work
while reducing verbosity.

1 Introduction

Recent advances in large language models (LLMs)
have led to remarkable improvements in the abil-
ities of LLMs to perform complex reasoning and
mathematical tasks, with models such as DeepSeek-
R1, Qwen 2.5 Math and OpenAl ol (DeepSeek-
Al et al., 2025; OpenAl et al., 2024; Qwen et al.,
2025) showing impressive results on challenging
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Figure 1: Correlation between large response size and
accuracy in recent works. Top left from Jin et al. (2024)
bottom left from (Muennighoff et al., 2025), right from
DeepSeek-Al et al. (2025)

math and reasoning benchmarks such as AI2-ARC,
AIME’24, MATH-500 (Clark et al., 2018; Hug-
gingFaceH4, 2024; Hendrycks et al., 2021) etc.
This can largely be attributed to extensive post-
training that aims to incentivise the generation of
large chains-of-thought (CoT) (Wei et al., 2023) be-
fore returning the final output. This phenomenon in
three recent works is illustrated in Figure 1. How-
ever, while accurate, CoT-based responses are often
highly verbose with lengthy explanations which
do not always help performance (Aggarwal and
Welleck, 2025; Fatemi et al., 2025), inflating infer-
ence cost and latency. At the same time, attempting
to reduce the CoT output length through specifying
number of reasoning steps or output tokens leads
to degraded performance (Jin et al., 2024).

One line of prior work has explored reinforce-
ment learning (RL) techniques to shorten reason-
ing chains while preserving accuracy. For exam-
ple, specialized RL algorithms such as Group Rel-
ative Policy Optimization (GRPO) (DeepSeek-Al
et al., 2025) have been applied with reward func-
tions that encourage shorter correct answers and



penalize overly long solutions (Fatemi et al., 2025;
Aggarwal and Welleck, 2025; Liu et al., 2025; Hou
et al., 2025). In practice, these RL-based meth-
ods can compress chains-of-thought. However, RL
approaches tend to be computationally expensive,
often requiring iterative training phases (Hou et al.,
2025) and heavy compute investment - for instance,
GRPO on a 1.5B parameter LLM with 6 genera-
tions with only 4096 tokens per step can require as
many as 4 48GB GPUs to complete 1 epoch in 1
day on 40k training samples (Dang and Ngo, 2025).
This practically limits a large number of users to
small, open-source models. Moreover, fine-tuning
LLMs with RL can be unstable and brittle — small
changes in hyperparameters or even random seeds
can lead to large variance in results (Hochlehn-
ert et al., 2025). Finally, aiming to reduce output
length through reward functions can lead to LLMs
learning reasoning processes through reward hack-
ing (Gao et al., 2022).

In this paper, we introduce TeleMathLang, a sim-
ple, minimal syntax comprising of reasoning tokens
and rules, that generates token-efficient reasoning
chains without sacrificing accuracy. TeleMathLang
works with instruction-tuned models by passing
the syntax via prompts, and with heavily post-
trained models (that work best under certain sys-
tem and user prompts such as Qwen et al. (2025)),
we show that finetuning on small datasets with
TeleMathLang-formatted solutions for few epochs
is sufficient to reduce token count without sacrific-
ing accuracy (section 4.1.4). Under both these se-
tups, it is resource efficient unlike RL-based meth-
ods. Further, we show that it outperforms other
concise prompting techniques (Lee et al., 2025; Xu
et al., 2025), without leading to increased genera-
tion uncertainty, which can be quantified by mea-
suring semantic entropy (Shannon, 1948; Farquhar
et al., 2024) (section 4.1.3).

To summarize, we make the following contribu-
tions:

* We introduce TeleMathLang: a novel reason-
ing syntax comprising of thinking tokens and
rules which enables LL.Ms to generate com-
plete reasoning chains, achieving CoT-level
accuracy on complex reasoning tasks while
reducing token count significantly.

* We apply TeleMathLang to public math and
reasoning benchmark datasets (MATH-500,
GSMS8K and AI2-ARC) with 5 different
LLMs under prompt-based and and finetuned

setups, and show that our method consistently
achieves comparable or higher accuracy com-
pared to CoT with token count reduction up to
65%+, outperforming other concise prompt-
ing strategies.

* Using the concept of semantic entropy, we
show that TeleMathLang does not increase
response uncertainty relative to CoT reasoning
chains even in complex problems, unlike other
concise reasoning methods. We also show
that it is able to automatically adapt reasoning
length to problem complexity, ensuring token
efficiency does not sacrifice accuracy.

2 Related Work

LLM Reasoning Brown et.al. (Brown et al., 2020)
showed that LLMs are able to generalize to un-
seen tasks if few illustrative examples were in-
cluded in the prompt. Chain-of-Thought (CoT)
prompting (Wei et al., 2023) significantly improved
LLM performance in tasks that required reason-
ing, through the usage of few-shot examples that
showed multi-step reasoning. By breaking down
complex problems into smaller, manageable steps,
CoT allows LLMs to generate chains of reason
that lead to the correct answer (discussed in more
detail section 3). Kojima et al. (Kojima et al.,
2023) showed that models can be encouraged to
generate chains of thoughts even without few-shot
examples. More sophisticated structured reasoning
methods have been proposed more recently (Yao
et al., 2023a; Chen et al., 2023; Xu et al., 2025; Yao
et al., 2023b), which attempt to increase accuracy
by maintaining multiple reasoning chains, using
computational tools, or multi-step reason-observe-
act chains. However, CoT remains widely used.
More recently, thinking models have been devel-
oped that are explicitly designed to think longer
during inference (DeepSeek-Al et al., 2025; Qwen
et al., 2025; Shao et al., 2024; OpenAl et al., 2024).
These models are trained on high-quality super-
vised fine-tuning (SFT) data with responses in CoT
and program-of-thought (PoT) format (Chen et al.,
2023). SFT checkpoints are then further incen-
tivized to generate larger CoT through reinforce-
ment learning (RL). DeepSeek R1 (DeepSeek-Al
et al., 2025) reported that during the course of ex-
tensive reinforcement learning, the model learned
to correct itself and generate longer chains. These
recent reasoning models have achieved state-of-the-
art performance on LLM benchmarks across do-



mains. However, CoT-based training often biases
models to generate responses with high verbosity
and lengthy explanations which do not always help
performance (Aggarwal and Welleck, 2025; Fatemi
et al., 2025), inflating inference cost and latency.
It can be shown that RL objectives can bias mod-
els to generate long chains if intermediate steps
are suboptimal (Liu et al., 2025), and it has been
noticed that comparatively larger chains are often
associated with incorrect responses (Aggarwal and
Welleck, 2025).

Concise Reasoning To address the verbosity
in CoT responses, studies have explored concise
prompting strategies. Lee et al. (2025) explore
the performance of a host of prompting strate-
gies across multiple LLMs. (Xu et al., 2025) pro-
pose chain-of-draft, where LLMs are instructed
to limit each thinking token to 5 words at most.
Kang et al. (2024) proposes finetuning on a small
training dataset with short-form CoT solutions
(C30T). While these approaches are promising,
they have limitations. Chain-of-draft shows notice-
ably poor performance in small LLMs, while C30T
requires finetuning and will not work with propri-
etary LLMs, making both these approaches less
generalizable than ours. Additionally, we discuss
theoretically why concise prompting in suboptimal
in section 3, and in section 4, we show the draw-
backs of concise prompting with respect to both
accuracy and uncertainty (measured with semantic
entropy).

Several studies have also explored reinforcement
learning (RL) approaches aimed at producing more
concise reasoning paths. Liu et al. (2025) propose
a modification to GRPO by removing normaliza-
tion term in the objective. Aggarwal and Welleck
(2025); Fatemi et al. (2025) propose modifications
to GRPO using token constraints, and Hou et al.
(2025) uses an iterative approach to reduce token
count gradually. While these approaches show
promise, they often require substantial computa-
tional resources and can be unstable during training.
Additionally, the gains made by RL-based methods
are brittle, as shown by (Hochlehnert et al., 2025).
In this paper, we will show that TeleMathLang is
able to generate concise reasoning without signif-
icant computational overhead consistently across
LLMs and datasets.

Semantic entropy Shannon (Shannon, 1948)
introduced the concept of entropy in information
theory to quantify the amount of uncertainty or ran-
domness associated with a source of information.

In NLP, entropy is associated with the probability
distribution of tokens. In the presence of uncer-
tainty, none of the probabilities is particularly high.
However, in natural language responses difference
of tokens is less relevant than the difference in se-
mantic meaning. For example, "Best of Luck!" and
"Break a Leg!" use completely different tokens but
are semantically equivalent. Farquhar et al. (2024)
introduced the concept of semantic entropy to ad-
dress this. However, this is notoriously difficult to
estimate due to the vagueness of semantic equiv-
alence. Methods such as Semantic Entity Probes
(Kossen et al., 2024) have been proposed to approx-
imate semantic entropy scalably. In this paper, we
introduce a simple pairwise distance-based metric
for semantic entropy (section 4.1.3).

3 Proposed Methodology

In this section, we first provide a theoretical analy-
sis of what causes CoT to be so effective in boost-
ing an LLM’s ability to reason using the vocabulary
of Boolean circuit complexity. We then discuss
how our proposed method, TeleMathLang, aims to
preserve CoT performance boost while avoiding
the drawbacks of concise prompting instructions.

3.1 Preliminaries

Boolean Circuit Complexity Boolean circuits pro-
vide a useful framework for understanding the
computational limits of transformer architectures.
A Boolean circuit, formally, is a directed acyclic
graph where nodes are AND, OR, or NOT gates.
A circuit consists of input and output layers, with
feedforward connections (composed of logic gates)
between each other. The circuit’s depth is the
longest path from input to output, while the size
of the circuit is the total number of gates in it (Li
et al., 2024). Boolean circuit complexity classes
categorize computational problems based on the
shape and depth of Boolean circuits (networks of
AND/OR/NOT gates) needed to solve them. AC?
and TCO are fundamental classes in this hierarchy,
comprising circuits are highly parallel but shallow,
able to perform computations that do not involve
a large number of sequential steps. Definitions of
these classes can be found in appendix A.
Transformer expressivity Transformers
(Vaswani et al., 2017) are designed to allow
parallel training, capturing positional information
through positional encodings, instead of sequential
training as in RNNs. Through the self-attention



mechanism, transformers learn the dependencies
between all input tokens, eliminating issues such
as failure to learn long term dependence. Despite
their impressive capabilities, it has been shown
that transformer expressivity can be bounded by
low-complexity classes such as TC? with log
precision assumption (Merrill and Sabharwal,
2023) and AC® with constant-bit precision (Li
et al., 2024), as they are not designed to perform
deep sequential computations unlike RNNs.

3.2 Why does CoT work so well?

CoT enhances transformer expressivity In CoT
prompting, each reasoning step (each intermedi-
ate token or sentence the model generates) can be
viewed as a new input for the next step. The trans-
former processes the input (which now includes
the previously generated thought) with its fixed lay-
ers, produces the next step of the chain-of-thought,
essentially turning a single deep computation into
what Li et al. (2024) calls "a sequence of shallow
computations". Figure 2 illustrates this with an
example.

Shallow
computation —>\

Shallow computation
o

shallow co

Figure 2: CoT reduces complex operations to a sequence
of simpler sequential operations, including previous
steps in context

Li et al. (2024) prove that with T steps of CoT,
a constant-depth transformer (even with constant-
bit precision and modest width like O(log n)) can
simulate any Boolean circuit of size T. A number
of steps polynomial in the input length in theory

allows a transformer to solve problems in P (poly-
nomial time), because poly-size circuits can be
simulated by sufficient CoT steps.

This theoretical result is confirmed by empirical
works such as Madaan et al. (2023) which shows
that the form of CoT is more important that the
content. However, at the same time, it is crucial
to make each CoT step informative, solving prob-
lems with circuit complexity ACY, to ensure the in-
creased output length actually increases expressiv-
ity. This has been shown for example in ablations
in (Wei et al., 2023; Lanham et al., 2023), where
simply increasing inference-time token count does
not work. Any reasoning vocabulary proposed as
an alternative to CoT (which consists typically of
a few demonstrations or a general instruction to
start with "Let’s think step-by-step") should have
sufficient vocabulary to handle problems with this
complexity.

Finally, with works such as DeepSeek-Al et al.

(2025), recently LLLMs are tuned on large corpuses
with CoT outputs included in the response. This
further helps boost CoT performance during infer-
ence.
Limitations of concise prompting instructions
Works such as Lee et al. (2025); Kang et al. (2024)
explore prompting instructions and fine-tuning
strategies to reduce CoT length in LLM responses.
However, these instructions miss out on the key
insight that CoT allows transformers to be more
expressive by enabling them to perform serial com-
putations. General instructions to "Be Concise"
or to not use proper grammar, for instance, do not
provide LL.Ms with a mechanism to reduce ver-
bosity while preserving the number of reasoning
steps. In section 4.1.3, we show that these instruc-
tions lead to increased LLM uncertainty and higher
semantic entropy as they attempt to reduce token
count even if it means reducing number of reason-
ing steps, making each step more complex than
CoT. While chain-of-drafts (Xu et al., 2025) allows
serial computation, by limiting each step to 5 words
they limit the vocabulary of the LLM, which means
every step may not be informative. Chain-of-drafts
does not perform well in small LLMs, which is
acknowledged in the paper, and is corroborated by
our findings in section 4.1.4.

3.3 TeleMathLang

As discussed, CoT increases a decoder-only trans-
former’s ability to perform complex operations by
increasing the depth of computation. While ar-
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Figure 3: Overall

chitecture depth is constant, CoT simulates depth
increase by performing a shallow computation and
putting the computation back into the LL.M’s con-
text. Therefore, in order to maintain peformance
gains from CoT, it is vital to allow serial computa-
tion for as many steps as required for the problem,
with sufficient vocabulary for reasoning, i.e. the
tokens chosen should be sufficient to ensure the
shallow computation is exact. Our key insight is to
provide a fixed set of tokens for forcing sequential
computation while allowing LLMs to use any token
required inside each thinking step.

To force sequential computation and thinking
step, we develop on Kojy works such as Ye et al.
(2025); Muennighoff et al. (2025); DeepSeek-Al
et al. (2025), which show the association between
the existence of self-correcting/self-reflecting to-
kens (wait, however) and logical connectors (there-
fore, since), and increased reasoning steps (and
accuracy). We provide LLMs with TeleMathLang,
which we define as a syntax with a fixed set of
reasoning keywords that can be used to begin
a sentence, and rules to ensure reasoning key-
words are used ( Table 1). These keywords are
chosen to force thinking and sequential problem
solving, avoiding the limitations of concise prompt-
ing instructions. We divide the keywords into core
and extended, where core keywords are very com-
monly used and extended keywords are used in

()| Train Dataset TeleMathLang
Solution

Prompt-Based Approach Finetuning Approach
TeleMathLang Prompt
on inference problem

Few-shot 4;
examples N
TeleMathLang Solution TeleMathLang Solution

on open-deepscaler +CoT Solution
dataset

Foundational Model

Class conditi
training
Inference )
TeleMathLang Solution Finetuned Model
. on inference problem
TeleMathLang Prompt
on inference problem
Conditioned
Inference
TeleMathLang Solution
on inference problem
Method Flow

more complex problems.

Prompting In few-shot or zero shot setup with
foundational models, the prompt provided con-
sists of a description of TeleMathLang as an ultra-
minimal syntax, the keywords and rules, few-
shot labelled examples (or zero-shot, as is the case)
and the instruction "Please think step-by-step in
TeleMathLang, and return your final answer in
boxed{answer}". The few-shot labelled examples
are kept fixed across all evaluation benchmarks
to assess generalizability of our method. The full
prompt template and few-shot examples can be
found in appendix B and C.

In section 4 we show that motivating TeleMath-
Lang as an ultra-minimal syntax to LLMs consis-
tently reduces token count while preserving ac-
curacy. We also show that the idea of starting
each sentence with a sequential reasoning keyword
maintains low semantic entropy compared to other
concise prompting techniques, implying that each
thinking step is simpler. Figure 4 shows an exam-
ple of CoT v/s TeleMathLang where we find that
the number of thinking steps is higher in TeleMath-
Lang while total token count is lower.

Finetuning We use TeleMathLang in a few-shot
prompting setting as well as a finetuning setting.
For finetuning, TeleMathLang responses are pre-
pared for the train dataset using a state-of-the-art
LLM, generally Claude 3.7 Sonnet (Anthropic,



Core Reasoning Keywords Extended Reasoning Keywords Syntax Rules

Given: facts and setup Approach: strategy selection Begin each line with one of

Let: define variables Case: case analysis the keywords

Then: next logical step Insight: key observations Use LaTeX for mathematical notation
So: intermediate result Assume: for assumptions (e.g., 2xx, (a+b), x2)

Check: verify logic Lemma: supporting claims Evaluate expressions when possible
Therefore: conclusion Contradiction:  proof method (e.g., "Letx =3x2=6"),

Verify: double check Induction: inductive steps showing calculation

Answer: final result Generalize: extending patterns

Table 1: TeleMathLang Syntax

Chain-of-Thought
Reasoning

TeleMathLang
Reasoning

Figure 4: CoT v/s TeleMathLang reasoning chains

2025). To leverage the familiarity of recent LLMs
with CoT due finetuning on CoT samples, we carry
out conditioned training (Kang et al., 2024). We
create a train dataset comprising of CoT as well
as TeleMathLang demonstrations, creating a class-
conditioned fine-tuning dataset (with one class for
CoT and one for TeleMathLang, distinguished by
the associated prompt). The purpose of this is to
allow LLMs to learn the correspondence between
CoT and TeleMathLang reasoning. During infer-
ence, we provide the TeleMathLang prompt to get
concise reasoning and response. More descriptions
of labelling, training and testing are present in Sec-
tion 4.

Figure 3 illustrates the overall flow with la-
belling, prompt-based algorithm and finetuning al-
gorithm.

4 Experimental Setup and Results

4.1 Experimental Setup

Models and Benchmark Datasets We use three
external benchmark datasets focusing on math and
reasoning: MATH-500 (Hendrycks et al., 2021),
GSMSK (Cobbe et al., 2021) and AI2-ARC (Clark
et al., 2018). While GSMS8k contains grade school
math problems, MATH-500 is more challenging,
containing competition math problems. ARC con-
tains grade school science problems which require
logic to solve. Combined, these benchmarks show
an LLM’s ability to reason, calculate and solve
sequential problems.

Models To assess the generalizability of our ap-
proach across LLMs we run experiments across
0 shot, 4 shot and 8 shot setups on Claude 3.5
Sonnet vl (Anthropic, 2024), Claude 3.7 Sonnet
(Anthropic, 2025), Nova Pro (Intelligence, 2024)
and Gemma 3 27B (Team et al., 2025) and report
the average increase in accuracy and avg token re-
duction using TeleMathLang wrt CoT. The 4 shot
and 8 shot examples were derived from the open-
deepscaler dataset (Dang and Ngo, 2025) which
contains challenging math problems not present in
the 3 evaluation datasets.

Finetuning The Claude, Nova and Gemma mod-
els are instruction-tuned to be helpful and general
purpose. In contrast, models such as the Qwen 2.5
instruct series are post-trained on large corpuses
of data with responses in long-CoT format(Qwen
et al., 2025). This is done to explicitly increase
output length, and the models perform best when
prompts match post-training data, and with in-
creased test-time computation (Muennighoff et al.,
2025). We show that prompting-based methods
show poor performance here, and that this can be
overcome with finetuning. For Qwen 2.5, we fine-
tune the 1.5B instruction-tuned model in a condi-
tional generation framework as discussed in section
3 and compare against CoT instructions as well as



Model MATH-500 GSMSK AI2-ARC Average

CoT TML Token, CoT TML Token CoT TML Token,| | Token|
Sonnet 3.5 vl | 54.00% 58.67% 61.33% | 89.66% 95.48% 69.21% | 95.09% 94.65% 24.10% | 51.55%
Sonnet 3.7 70.30% 75.90% 1598% | 95.98% 96.29% 24.76% | 96.21% 95.88% 28.35% | 23.03%
Nova Pro 72.87% 69.33%  46.52% | 95.07% 9391% 53.68% | 93.87% 93.65% 46.33% | 48.84%
Gemma 327B | 76.50% 78.50% 35.88% | 93.44% 93.33% 26.40% | 92.30% 91.42% 32.46% | 31.58%

Table 2: Performance comparison between CoT and TeleMathLang (TML) across datasets averaged across 0, 4
and 8 shot settings, showing accuracy and token reduction (Token/).TeleMathLang maintains comparable accuracy
while significantly reducing token count. Instances where it outperforms CoT are in bold.

Prompt Type MATH-500 GSMSK
Acc. Token,| Acc. Token|
CoT 74.0%  0.00% | 9598%  0.00%
TeleMathLang 759% 1598% | 96.29%  24.76%
BeConcise 73.0% 3451% | 95.75%  30.52%
NoProperGrammar | 72.2%  35.42% | 96.05%  40.54%

Table 3: Comparison of prompting strategies on MATH-500 and GSM8K using Claude 3.7. Token| shows

percentage reduction in token count compared to CoT.

CoT-based finetuning. The implementation details
can be found in appendix D. We reviewed the li-
censes for all these datasets and models, and en-
sured that we stick to the intended usage of these
for research purposes.

4.1.1 Performance Analysis

Overall performance results are shown in Table
2. The gains for some models in particular are
noticeably large - Claude 3.5 vl and Nova Pro
achieve token count reductions of ~50%- over
CoT while preserving accuracy. Accuracy is pre-
served in other models as well, with token count
reductions of 20-35%. This shows that TeleMath-
Lang consistently reduces the number of generated
tokens across LLMs and benchmark datasets while
maintaining comparable or improved accuracy.

4.1.2 TeleMathLang outperforms concise
prompting instructions

Recent prompting strategies such as BeConcise,
NoProperGrammar etc (Lee et al., 2025) have
demonstrated the ability to reduce output token
count without major loss in accuracy on simpler
tasks. Table 3 compares them against TeleMath-
Lang. All three minimal prompting approaches
reduce token count. However, TeleMathLang
uniquely preserves accuracy across both datasets.
On GSMSK, a relatively less complex bench-
mark, all prompting methods maintain high perfor-
mance, while on the more challenging MATH-500
benchmark, both BeConcise and NoProperGram-
mar show degraded performance as they prioritize

brevity. TeleMathLang maintains high accuracy
while token reduction is lesser. This aligns with the
token complexity hypothesis (Lee et al., 2025) that
problems possess an intrinsic token complexity
threshold, below which reliable solution genera-
tion becomes statistically improbable. TeleMath-
Lang allows LLMs to adaptively shorten output
token count in response to the complexity of the
task.

4.1.3 TeleMathLang allows models to perform
concise reasoning with low semantic
entropy

As discussed in Section 2, semantic entropy can
be used to measure LLLM response certainty and
consistency. In this experiment, we compare the se-
mantic entropy of TeleMathLang with 0 shot CoT,
BeConcise and NoProperGrammar prompts.
Semantic Entropy Measurement We randomly
sample the MATH-500 dataset and pick 100 prob-
lems. For each problem, we generate 20 responses
from Claude 3.7 for each prompting approach. We
then use gte-large (Li et al., 2023) to get sentence
embeddings for the entire output. Finally, we cal-
culate the pairwise distances of these embeddings
and compare their means. Using sentence embed-
dings ensures that the focus remains on semantic
meaning and not on individual tokens, and pairwise
distances between similar lines of reasoning should
be smaller than different lines of reasoning. The
results are shown in Table 4.

We observe that TeleMathLang’s mean pairwise
distance is similar to CoT, while BeConcise and



Prompt Type

Mean Pairwise Distance

Increase Relative to CoT

CoT 0.048
TeleMathLang 0.049
BeConcise 0.057
NoProperGrammar 0.065

0.00%
2.08%
18.75%
35.42%

Table 4: Mean pairwise cosine distance between response embeddings across prompt types. CoT is used as the

baseline.
Dataset CoT TeleMathLang BeConcise NoProperGrammar Chain-of-Draft
Acc. Token] Acc. Tokenl, Acc. Tokenl] Acc. Tokenl] Acc. Tokenl]
AI2-ARC | 55.85% 0.00% | 44.30% 26.71% | 28.42% 26.83% | 17.05% 27.95% 6.68%  67.54%
GSMSK 72.23%  0.00% | 67.12% -4.71% | 69.21% 24.24% | 69.14% 28.94% 51.18%  40.08%

Table 5: Performance comparison of concise promp-based strategies using Qwen 2.5 1.5B. Each cell shows accuracy

and token reduction relative to CoT.

Dataset CoT (non-FT) CoT (FT) TeleMathLang (FT) | Conditional Gen.

Acc. Token] Acc. Token] Acc. Token] Acc. Token]
AI2-ARC | 55.85% 0.00% | 72.24% 8.18% | 70.23% 40.06% 74.92% 38.98%
GSMSK 71.86% 0.00% | 71.86% 2.07% | 69.85% 52.82% 71.36%  46.29%

Table 6: Qwen-2.5-1.5B on AI2-ARC and GSMS8K with various inference strategies. Token| shows percentage
reduction in generated tokens relative to non-fine-tuned CoT.

NoProperGrammar result in significantly higher
distances. Providing a syntax of reasoning key-
words ensure LLMs perform as many reasoning
steps as required, allowing them to be more consis-
tent in their outputs, while general concise prompt-
ing instructions may lead to increased uncertainty
as LL.Ms try to perform complex operations in a
single step.

4.14 TeleMathLang reduces token count even
in models post-trained to generate long
output

As mentioned in section 2, recent advancements
especially in math benchmarks are largely at-
tributable to significant investments on post-
training on CoT datasets. Due to the usage of
CoT in SFT, models such as Qwen 2.5 are op-
timized only in setups where model is asked to
generate long step-by-step reasoning. Restricting
these models through instructions hampers perfor-
mance, and we noticed that prompt-based strategies
(BeConcise, NoProperGrammar, chain-of-draft) do
not work in these models(Table 5).

We finetuned Qwen 2.5 1.5B using pure
TeleMathLang samples as well as combined sam-
ples for conditional generation, and compared it
with CoT prompting as well as finetuning. We find
that this helps the model learn to perform concise
reasoning without compromizing on quality, over-

coming the inflexibility of the base model. Condi-
tional generation shows the best performance, as
the model learns to associate TeleMathLang solu-
tions with CoT since both solutions are present in
the training data. The results are shown in table 6.

5 Conclusion

In this work, we proposed TeleMathLLang, a min-
imal syntax with reasoning keywords and rules
that enables LLMs to generate complete chains-
of-thought while reducing total token count. We
showed that it generalizes well across instruction-
tuned LLMs, and requires light finetuning in mod-
els which have been explicitly trained to generate
longer chains of thought. It showed significant
reduction in output token count without compro-
mising accuracy, adaptively changing CoT length
according to the token complexity of problems.
Finally, the specified keywords and syntactical
framework allows LLMs to generate output with
low semantic entropy (representing uncertainty)
compared to other minimal prompting techniques.
The combination of low resource requirement and
no loss in accuracy positions TeleMathLang as a
promising direction of research, and future work
could focus on optimizing reasoning tokens as well
as reducing token count within each reasoning step.



Limitations

We acknowledge the limitations of TeleMathLang
with a view to motivating further research in this
field. TeleMathLang-syntax based prompts gener-
alize well across LLMs, except for models heavily
post-trained on problems with CoT solutions. Fine-
tuning such models may require labelled samples,
which can be generated using other LLMs, but
care needs to be taken with respect to their accu-
racy. Additionally, we provide a set of keywords
beyond just "wait" as in (Muennighoff et al., 2025),
but more investigation needs to be done in future
works to understand the most optimal reasoning
keywords using more diverse reasoning datasets, to
avoid the risk of disallowing certain critical logical
operations. Finally, we will explore reducing token
count further within reasoning steps through more
explicit instructions.
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A Boolean Circuit Complexity Classes

A family of circuits C), is of constant depth if there
exists a constant K such that the depth of C,, is
bounded by K for all n. A family of circuits is of
polynomial size if there exists a constant ¢ such that
the size of C), is bounded by nc + ¢ for all n. The
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set AC is the set of families of Boolean circuits
of both constant depth and polynomial size (Hao
et al., 2022). The set TC is a slightly larger set of
circuit families that include threshold gates. These
sets, with varying depths, sizes and operations, are
used to represent complexity of computations - for
instance, an operation like majority voting is too
complex for AC? but belongs to TCP.

B TeleMathLang prompt template

TELEMATHLANG PROMPT

<SYSTEM> PLEASE REASON STEP BY STEP USING
TELEMATHLANG, AND PUT YOUR FINAL ANSWER
WITHIN \BOXED{ VALUE }

<USER> YOU SOLVE MATH PROBLEMS USING ULTRA-
MINIMAL TELEMATHLANG LANGUAGE. HERE’S THE
SYNTAX SYNTAX: <SYNTAX IN TABLE 1>

HERE’S A FEW EXAMPLES: <FEW-SHOT>

PROBLEM: <PROBLEM>

Table 7: TeleMathLang Prompt

C Few-shot examples

Here we share a few few-shot TeleMathLang ex-
amples. We provide the CoT solution side-by-side
for reference only. The actual few shot examples
included in the prompt only include the TeleMath-
Lang solutions.

Example 1: Square Window Problem

Problem: Doug constructs a square window using
8 equal-size panes of glass. The ratio of the height
to width for each pane is 5 : 2, and the borders
around and between the panes are 2 inches wide.
In inches, what is the side length of the square
window?
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https://doi.org/10.48550/ARXIV.1706.03762
https://arxiv.org/abs/2201.11903
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https://arxiv.org/abs/2210.03629
https://arxiv.org/abs/2502.03387
https://arxiv.org/abs/2502.03387
https://arxiv.org/abs/2502.03387

Chain-of-Thought (CoT) Reasoning

1. Identify the dimensions of each pane:
Given that the ratio of the height to the
width of each pane is 5 : 2, let the height of
each pane be 5z inches and the width be 2x
inches.

2. Calculate the total dimensions of the
window: The window is constructed with
8 panes arranged in 2 rows and 4 columns.
The borders between and around the panes
are 2 inches wide.

3. Calculate the total width of the win-
dow:

* There are 4 panes in each row, each
with a width of 2z inches.

* There are 3 borders of 2 inches be-
tween panes and 2 borders on the sides.

« Total width = 4(2z) + 5(2) = 8z + 10

4. Calculate the total height of the win-
dow:

* There are 2 panes in each column, each
with a height of 5x inches.

e There is 1 border between panes and 2
borders at the top and bottom.

* Total height = 2(5z) +3(2) = 102+ 6

5. Set up the equation for the square:
Since the window is square,

8z + 10 = 10z + 6

6. Solve for z:

8z + 10 = 10z + 6

10 =22+ 6
4 =2x
=2

7. Calculate side length:

8(2) + 10 = 16 + 10 = 26 inches

8. Final Answer:
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TeleMathLang Reasoning

* Given: Square window, 8 panes, pane
ratio 5:2 (h:w), 2-inch borders

* Let: Pane height = 5z, width = 2z

e Then: Window layout = 2 rows X 4
columns

* Then: Total width = 4(2z) + 5(2) =
8z + 10

* Then: Total height = 2(5z) + 3(2) =
10z + 6

e Check: 8z 4+ 10 = 10z + 6
e Then: x = 2

e Then: Side length = 26

* Verify: 26 = 26

e Answer:




Example 2: Polynomial Interpolation
Problem

Problem: Let P(x) be a polynomial of degree 3n
such that:

P(3k) =
PGk —2)=1,
PBk—-1)=0, fork=1,...,n

and P(3n + 1) = 730. Find n.

Chain-of-Thought (CoT) Reasoning

To solve for n, we analyze the polynomial P(z) using
Lagrange Interpolation.

1. Define points:

e P(3k)=2fork=0,1,...,n
e PBk—2)=1,k=1,...,n
e PBk—1)=0,k=1,...,n
2. Interpolation:
z r—r
P(z) =2 II
p=00<r<3n p-r
r#3p
z r—r
+ H 3p—2—1r
p=10<r<3n
r#3p—2
3. Evaluate at z = 3n + 1:
2 n+1-—r
P(3 1)=2 _—
@ren=23 [] 2L
p=00<r<3n
r#3p
3n—|—1—7°
£y T Al

p=10<r<3n
r#£3p—2

4. Simplify with alternating binomial sum:

3n+1 3n+1
e = (") -("37)
+<3n6+ 1) —> @1 -1)+1

5. Given: P(3n + 1) = 730:

(alternating sum) (2(—1)*" — 1) = 729
6. Use lemma:

23n+2 . Sin3n+l (%)

3 =729=>n=4

7. Conclusion:
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Given: P(z) of degree 3n

Let: P(3k) = 2,P(3k —2) = 1,P(3k — 1)
for respective ranges

Let: P(3n+ 1) = 730

Approach: Lagrange interpolation

Then:

=0

i r—7rT
—+ Il 55

p=17r#3p—2

p=0 r¢3p

So:

3n_1)+1

Check: Matches given P(3n + 1) = 730

Solve: Alternating binomial identity

3n+2 . 3n+1
Lemma: > " (/3 — 799 = p =4

Answer:

D Finetuning Implementation Details

Implementation details We use Qwen’s recom-
mended settings (temperature, repetition penalty
etc) shared by Qwen developers (Qwen, 2024)
with vllm for inference, and for finetuning, we use
huggingface’s TRL library. We evaluate the per-
formance of Conditional Generation against CoT
w/o fine tuning, CoT with fine-tuning, and solely
TeleMathLang fine-tuning. The model is trained
for 10 epochs on a train dataset sample of size 1000,
with learning rate 5e ~° for TeleMathLang and CoT,
and for 5 epochs with combined 2000 samples for
conditional generation
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