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Abstract

Recent large language models (LLMs) have demonstrated
the ability to perform explicit multi-step reasoning such
as chain-of-thought prompting. However, their intermediate
steps often contain errors that can propagate leading to in-
accurate final predictions. Additionally, LLMs still struggle
with hallucinations and often fail to adhere to prescribed out-
put formats, which is particularly problematic for tasks like
generating mathematical expressions or source code. This
work introduces EDCIM (Error Detection and Correction for
Interpretable Mathematics), a method for detecting and cor-
recting these errors in interpretable mathematics tasks, where
the model must generate the exact functional form that explic-
itly solve the problem (expressed in natural language) rather
than a black-box solution. EDCIM uses LLMs to generate a
system of equations for a given problem, followed by a sym-
bolic error-detection framework that identifies errors and pro-
vides targeted feedback for LLM-based correction. To opti-
mize efficiency, EDCIM integrates lightweight, open-source
LLMs with more powerful proprietary models, balancing cost
and accuracy. This balance is controlled by a single hyper-
parameter, allowing users to control the trade-off based on
their cost and accuracy requirements. Experimental results
across different datasets show that EDCIM significantly re-
duces both computational and financial costs, while main-
taining, and even improving, prediction accuracy when the
balance is properly configured.

Code — https://github.com/lab-v2/EDCIM
Extended version — https://arxiv.org/abs/2508.03500

Introduction

Large language models (LLMs) have shown significant po-
tential for converting unstructured natural language (NL)
text into structured formats suitable for downstream tasks,
such as equation solvers or code compilers. This capability
has been applied to a wide range of tasks, including solving
math problems (Lewkowycz et al. 2022), combinatorial op-
timization problems (Ye et al. 2023; Zhao et al. 2023), and
declarative logic (He-Yueya et al. 2023). However, despite
these advances, LLMs often produce intermediate steps with
errors, which can propagate to the final output and lead to
inaccurate predictions. This is particularly problematic for
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structured outputs like mathematical equations, where even
minor errors can result in completely incorrect solutions.
Moreover, LLMs are prone to hallucinations and frequently
struggle to adhere to strict output formats. To address these
challenges, recent work has focused on re-prompting meth-
ods to reduce errors and improve the reliability of LLM out-
puts (Gou et al. 2023; An et al. 2023). However, these meth-
ods often require multiple re-prompting steps, as they do not
have explicit error detection, resulting in significant resource
consumption and high costs, especially when using powerful
state-of-the-art LLMs.

To address these challenges, we introduce EDCIM (Error
Detection and Correction for Interpretable Mathematics),
a novel error detection and correction framework specif-
ically designed for interpretable mathematical reasoning
and inspired by concepts from meta-cognition (“thinking
about thinking”) (Flavell 1976; Didolkar et al. 2024). Un-
like prior methods (Gou et al. 2023), which assume every re-
sponse is potentially incorrect and thus re-query every sam-
ple, EDCIM uses a more selective approach. It combines
lightweight, open-source LLMs for initial response gener-
ation with more powerful, cloud-based models for targeted
error correction, reducing overall costs while maintaining
high accuracy. Alternatively, it can also be used to enhance
the performance of an LLM, whether local or cloud-based,
by enabling it to iteratively correct and refine its own out-
puts. This approach is made possible via the use of symbolic
Error Detection Rules, adapted from Kricheli et al. (2024),
which identify specific error patterns in the generated equa-
tions before deciding whether to trigger a correction via re-
prompting. This approach also brings the benefit of explain-
ability, as it provides explicit feedback on the potential mis-
takes made by the LLM.

A key feature of EDCIM is its ability to balance the cost
and accuracy via a single hyperparameter, which directly
controls the re-prompt rate. This flexibility is fundamental
for practical applications, allowing users to adapt to differ-
ent computational budgets. For example, in large-scale ex-
periments or industrial systems that involve millions of LLM
queries, controlling cost and latency becomes as important
as accuracy. Unlike prior methods with limited re-prompting
control, EDCIM offers a simple and effective way to man-
age this trade-off. Our experiments show that using local
models (Phi3) for initial solutions, combined with selective



cloud-based (DeepSeek or GPT40) queries for error correc-
tion, significantly reduces costs with minimal accuracy loss.
Specifically, EDCIM re-prompts in only about one-third of
cases while maintaining over 90% of the full re-prompt ac-
curacy. Another major contribution of our work is EDCIM’s
improved correction quality: even when full correction is not
possible, it consistently brings generated equations closer to
the ground truth. Finally, although EDCIM was designed
for mathematical reasoning, our approach can be extended
to other structured tasks, such as declarative logic, program
synthesis, and combinatorial optimization.

LLMs are computationally intensive, consuming signif-
icant energy and contributing to the carbon footprint of Al
systems. By providing a flexible framework that allows users
to control the balance between computational cost and accu-
racy, EDCIM enables more efficient use of these models,
reducing their environmental impact. Additionally, by im-
proving the reliability of generated outputs through targeted
error detection and correction, our approach enhances the
safety of Al systems in applications where even small errors
can lead to significant consequences.

Limitations. EDCIM performance depends on the se-
lection of the error detection rules, which currently is done
manually by a domain expert. This can be particularly dif-
ficult when the task under consideration is very difficult or
under-defined, where explicit error patterns are harder to de-
fine. Moreover, the error detector requires supervised data
for learning which are the relevant rules. However, the num-
ber of samples required is minimal (~100). Additionally, the
final solution relies on symbolic solvers, which are known to
have scalability limitations.

Related work. Imposing constraints on neural networks
and correcting their outputs is a challenging and widely
studied topic in Al (Cornelio et al. 2023). This is espe-
cially true for LLMs, where recent research has focused
on correcting their outputs across many use cases (Kamoi
et al. 2024; Mishra et al. 2024; Pan et al. 2023b; Upad-
hyaya and Sridharamurthy 2024). Most relevant to our work
is CRITIC (Gou et al. 2023), a framework that, inspired
by human reasoning, enables LLMs to self-correct by sim-
ulating a critique-and-revise loop with structured reason-
ing and feedback from external tools, such as calculators
or code interpreters. Importantly, CRITIC assumes that all
the responses are incorrect and asks an LLM to revise its
answers iteratively multiple times without distinguishing
whether the answers are truly incorrect or not. Several recent
methods have expanded upon or complemented the princi-
ples behind CRITIC. For instance, REFINER (Paul et al.
2023) introduced a similar self-refinement mechanism but
focused on open-ended questions and factual generation, us-
ing internal consistency checks and a feedback model. Self-
Refine (Madaan et al. 2023) adopts an edit-based feedback
loop, where the model iteratively improves its answers based
on automatically generated feedback.

Program-aided reasoning is another relevant line of work.
Unlike PAL and MathCoder, which always apply verifica-
tion, EDCIM uses a metacognitive EDR layer to selectively
trigger correction, allowing finer resource control.

There has been a variety of approaches proposed to de-
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tect errors in LLM outputs, specifically focused on halluci-
nations (Huang et al. 2023; Su et al. 2024; Friel and Sanyal
2023). However, there has been limited work on detecting
errors in the context of using LLMs to convert unstructured
text into structured format for down-stream tasks. Works
on such translation have noted high error rates involved in
creating mathematical formulas (Imani, Du, and Shrivastava
2023; Yamauchi et al. 2023), combinatorial problems (Ye
et al. 2023), and declarative logic programs (Pan et al.
2023a)(Gilpin et al. 2018). However, none of these works
has focused on specific mechanisms to detect errors. Specific
to the creation of mathematical formulae from unstructured
text (focus of this paper) the work of Shakarian et al. (2023)
shows that certain characteristics of math word problems can
be used to predict LLM errors with a simple classification
model while the work of Ngu, Lee, and Shakarian (2024)
estimates LLM uncertainty by computing metrics like en-
tropy and Gini impurity over multiple responses to the same
prompt. We build on these ideas to create a broader frame-
work for both error detection and correction, allowing the
system to learn which empirically observed error conditions
are most relevant for a particular dataset. The work on sym-
bolic error detection rules has been applied in a variety of
tasks including image classification (Kricheli et al. 2024),
movement trajectory classification (Xi et al. 2023) and time-
series prediction (Lee et al. 2024). However, to our knowl-
edge it has not been applied to the output of LLM’s.

The EDCIM Method

Our method, EDCIM (Error Detection and Correction for
Interpretable Mathematics), focuses on the task of solving
mathematical problems by generating explicit systems of
equations, which can then be used to compute the final an-
swer via a symbolic solver. This task is significantly more
challenging than simply generating the final numerical re-
sult, as it requires the model to produce interpretable out-
puts that humans can fully understand and verify. Our sys-
tem follows a 4-step process. First, an LLM generates an
initial system of equations based on the natural language
(NL) description of a mathematical problem provided as in-
put. In the second step, a symbolic error detection model
analyzes this initial output, identifying errors and produc-
ing insights for each detected one. These insights are then
used in the third step, where an LLM leverages this feed-
back to produce a revised, corrected version of the equation
system. Finally, the corrected equations are passed to a sym-
bolic solver, which computes the final numerical solution.
See Figure 1 for an overview.

More formally, EDCIM takes as input a natural lan-
guage text 7', which is first processed by a large language
model, LLM to generate a set of equations, X7 (LLM; :
T +— Xj). This initial system of equations is then ana-
lyzed by an error detection module, DR, which identi-
fies potential errors and produces a corresponding set of
explanations and suggestions. EF DR output is then con-
verted into natural language and concatenated in the text
J (EDRyr : X1 + J). In the next step, the justifi-
cations J are concatenated to the original text 7" and the
initial equations X; forming the input for a second large



Model Input

Please extract the equations from the given
question.

Provide the equations only.

{fewshot examples}

Question: olivia had 32 stamps and sally 154
stamps . Each bought same number of stamps
now sally has 3 times as many stamps as olivia .

* Number of addition and

subtraction symbols € [4,5]

* Number of multiplication and

division symbols € [1,2]

« Number of equations € [8,9]
* Majority distance of equation

answers € [1.0,1.1]

* Shannon entropy of equation

Model Input

Provide the equations only.
{fewshot examples}

Equations:

Initial model output

The equations have been extracted,i

Please extract the equations from the given question.

Question: olivia had 32 stamps and sally 154 stamps . Each
bought same number of stamps now sally has 3 times as many
stamps as olivia . how many stamps did they buy in all ?

solvability check )

orrectly for the following

How many stamps did they buy in all?

Equations: answers € [0.0,0.1]
\ . )

« Gini impurity of equation
answers € [0.0,0.1]
« Equation tree depth € [3,4]

Model Output

T

initial_stamps_olivia = 32

reasons:
the system is unsolvable
The system contains too many equations.
Please extract the equations again for the given question.
Reduce the number of equations in the system

/( violated conditions )

stamps_bought = 29

correction suggestions )

initial_stamps_sally = 154

new_stamps_olivia = x

new_stamps_sally = x

new_stamps_sally = 3 * new_stamps_olivia
new_stamps_olivia + x = initial_stamps_olivia
new_stamps_sally + x = initial_stamps_sally

X + X = new_stamps_sally - new_stamps_olivia

J

Corrected Equations:
Error reported \_
by EDR
Model Output

olivia_initial = 32

sally_initial = 154

olivia_final = olivia_initial + stamps_bought
sally_final = sally_initial + stamps_bought
sally_final = 3 * olivia_final

i . 1Y error detected . Solution
Answer Generation — Error Detection > Error Correction ——— .
Generation
| no error detected 4

Figure 1: Overview of our system: (1) an LLM generates an initial system of equations from the problem description; (2)
symbolic error detection identifies errors and produces justifications and guidance; (3) an LLM uses this information for context-
aware error correction; and (4) the corrected equations are passed to a symbolic solver to generate the final numerical solution.

language model, LL M, which generates a revised set of
equations, Xo (LLMo : (T, X1,J) — Xs). Finally, this
corrected system of equations X5 is passed to a symbolic
solver to compute the final numerical solution, S (solve :
X5 +— 5). The complete system can be summarized as:
S = solve( LLMo(T, L1(T), EDRN(LLM:(T))).In
what follows, we present a detailed overview of each com-
ponent in our framework, followed by the implementation
details used in our experiments.

Answer Generation

Answer generation is the first step in our pipeline, where a
large language model £LL M is employed to transform the
initial, unstructured natural language text of the mathemati-
cal problem into a structured set of equations. The goal is to
produce a complete system of equations X7 that accurately
captures the mathematical relationships described in the in-
put text, as proposed in recent works for mathematical (Gou
et al. 2023) or logical reasoning (Pan et al. 2023a). An exam-
ple of this process can be found in Figure 1. This is achieved
by providing the LLM with carefully designed prompts (see
Appendix B of the ext. version) that include custom instruc-
tions and few-shot examples to guide the model towards the
desired output format. In particular, we instruct the LLM to
produce equations in the same format required by the down-
stream symbolic solver, ensuring compatibility.

To guide the LLM in generating outputs and to respect
the required syntax, we incorporate a set of few-shot ex-
amples. These examples are manually curated to cover a
broad range of mathematical word problem (MWP) types,
inspired by external sources such as high school math text-
books. Specifically, we reviewed several textbooks and no-
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ticed that MWPs are often organized into chapters based on
problem types. Following this approach, we categorized the
MWPs into classes and selected a representative example
for each category, including: (1) geometric; (2) numeric op-
erations (addition, subtraction, multiplication, and division);
(3) monetary; (4) chemistry solutions and mixtures; (5) age;
(6) rate: speed, distance and time (e.g., speed * time =
distance); and (7) rate: work and time (e.g., rate * time =
work_done). Details in Appendix A of the ext. version.
However, despite providing explicit syntax guidelines and
curated few-shot examples, the outputs generated by the
LLM might still not always match the required format. To
address this, we employ a parser to clean, simplify, standard-
ize, and interpret the generated equations, ensuring they are
properly formatted to match the expected solver syntax.

Error Detection

In the second step, we leverage EDR (Kricheli et al. 2024) to
evaluate the system of equations X; generated by the LLM
and identify potential errors. EDR (Metacognitive Error De-
tection Rules) is a neuro-symbolic approach that combines
human-designed rules with statistical supervision for error
detection. EDR framework takes a set of predefined error
detection rules, and if the preconditions of one or more of
these rules are satisfied, the generated equations are flagged
as containing errors. The specific rules that are relevant for a
given dataset are identified in advance during training, start-
ing from a manually defined set of candidates. The learning
process is described in what follows.

Using the first-order logic notation introduced by Xi et al.
(2023) and by Kricheli et al. (2024), we denote one or more
LLM responses to a prompt for a given query as X. We say



some condition (denoted cond € C) is true for sample X as
cond(X). In the domain of generating mathematical equa-
tions, an example condition for a single sample could be the
number of addition operations exceeding a certain amount.
An example where X is a set of LLM responses (to the same
prompt) is that the entropy of the set of responses falls within
a certain range. We denote as C’ the subset of conditions C
that are known to cause errors (e.g., identified by analyz-
ing responses generated from a set of prompts sent to the
LLM, where the ground truth is known). Based on this sub-
set, we can specify a set of error detection rules as follows:
cond € C' : error(X) < cond(X).

Using ideas from the literature (Ngu, Lee, and Shakarian
2024; Shakarian et al. 2023), we first define the set of can-
didate conditions C' that capture potential error patterns. We
then identify a subset of conditions C’ most likely to cause
errors on a specific dataset. This subset is learned by eval-
uating the relevance of each candidate condition on a train-
ing set. A key feature of this approach is that when a rule
executes on a given LLM response, we have precise knowl-
edge of which conditions were present. This information is
later leveraged to develop custom prompts that enable fine-
grained and informed LLM-based correction.

Algorithm 1 reviews the DetRuleLearn rule-learner of
Xi et al. (2023), adapted for our use case. Given N training
samples, for a subset C' C C, let PO S denote the number
of samples with at least one condition in C’ causes the LLM
to produce an error, and N EG¢or = N —POS¢r. The Recall
Reduction Threshold hyperparameter, £ € (0, 1], is a critical
parameter for error detection as it controls the balance be-
tween detection coverage and precision. A higher value of
¢ allows for a more aggressive detection strategy, resulting
in a larger number of detected errors but potentially increas-
ing the rate of false positives. In contrast, a lower € value
prioritizes precision, reducing the rate of false positives but
potentially missing some errors. DetRuleLearn leverages
ideas from constrained submodular optimization and we re-
fer the reader to Xi et al. (2023) and Shakarian, Simari, and
Bastian (2025) for a formal treatment of this algorithm in a
classification setting.

Algorithm 1: DetRuleLearn (Xi et al. 2023)

Input: Recall reduction threshold &, Condition set C
Output: Subset of conditions C”
C':=0
C*:={ceCst. NEG{y <e-N}
while C* # () do
Chest = arg maXcec POScry{ey
Add cpesr to DC;
C*:={ceC\(C st NEGC/U{C} <e-N}
end while
return C’

Error correction. A key component of our approach is
the ability to generate custom, context-aware prompts based
on detected errors, using a set of interpretable Error Detec-
tion Rules (EDRs). These rules not only identify potential
failure modes in the output of the LLM (e.g., overuse of
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mathematical symbols, incorrect structure, too much diver-
sity among multiple queries) but also provide instructional
feedback that can be directly translated into new prompts.
The correction process begins by constructing a new prompt,
which is formed by concatenating the original query 7', the
initial solution set X7, and the insights provided by the trig-
gered error detection rules. This prompt is then passed to an
LLM, allowing it to generate a revised solution while being
informed about the specific causes of the detected errors in
a fine-grained manner.

The insights provided by EDR are converted in two main
natural language components: violated conditions and re-
covery suggestions. Violated conditions describe the error
detection rules that were triggered during the evaluation
of the initial solution. These are converted in natural lan-
guage by using predefined templates that we manually cre-
ated when defining the set C' of candidate rules for the EDC
framework. Recovery suggestions provide targeted guidance
for correcting the identified errors. These, also defined using
natural language templates, are created during the initial def-
inition of the candidate detection rules. For example, if the
error is “The system contains too many equations”, the cor-
responding recovery suggestion might be "Reduce the num-
ber of equations in the system”. Like the violated conditions,
these templates are manually prepared, but it is important to
note that they could also be automatically generated using
an LLM. In addition to the recovery suggestions, we include
a fixed one-shot example from the training set, which shows
how to correct errors based on the triggered rules for a spe-
cific instance. The corrections for this example were manu-
ally written, and cover only a subset of the full set of condi-
tions considered in our framework.

The final correction prompt is then constructed by con-
catenating, in the following order, the original query T, the
initial system of equations X, the violated conditions block
and the recovery suggestions including the few-shot exam-
ple. This prompt is then used to guide the LLM in produc-
ing the corrected solution X5. As with the answer generation
step, the corrected output is then parsed to ensure its consis-
tency with the required syntax. In Figure 1, we show an ex-
ample of the re-prompt for our running example, where the
dynamic template components are marked by different col-
ors. It is important to note that EDCIM only attempts to ap-
ply a correction if an error is detected. If no errors are iden-
tified, the original system of equations remains unchanged,
resulting in X; = Xo.

Solution Generation

In the final step of our framework, we rely on an external
solver that takes in input the corrected system of equations
Xo, produced by LL M, and outputs the final numerical so-
lution S. The symbolic solver guarantees a correct solution
to the input system, provided that the system is well-defined
and consistent. In cases where the input system is unsolv-
able, the solver returns an empty set, indicating no possible
solutions. If the system instead is ill-defined (e.g., syntax er-
rors), the solver will produce an error. Both of these cases
will be tagged as incorrect solutions. If the system of equa-
tions is under-determined, the solver identifies multiple valid



solutions. In this case, for evaluation purposes, we check if
the ground-truth solution appears in this set.

Local Open-Source LLMs vs. Cloud-Based
Proprietary LLMs

Our framework combines the advantages of lightweight,
open-source LLMs running locally with the superior perfor-
mance of larger, proprietary models accessed via APL. The
goal is to have an effective balance between computational
cost, financial efficiency, and predictive accuracy. We refer
to small, open-source models deployed on local hardware
with low computational requirements as local LLMs. These
models offer zero additional inference costs and offline ac-
cessibility, though their performance is typically limited
by smaller model sizes and constrained computational re-
sources. In contrast, we refer to powerful, proprietary mod-
els hosted on commercial platforms as cloud-based LLMs.
These models leverage extensive computational resources,
providing superior reasoning and problem-solving capabili-
ties. However, they come with substantial usage costs, mak-
ing them less cost-effective for high-volume tasks (such as
big datasets).

The goal of our approach is to optimally combine these
two types of LLMs to maximize accuracy while minimiz-
ing cost. The key setting that we considered is where a local
LLM is used to generate an initial, approximate solution. If
this initial output is correct, it is accepted, reducing compu-
tational and financial costs, but if errors are detected, it is
refined using a more powerful cloud-based LLM. Another
relevant setting is where we enhance the performance of an
LLM, whether local or cloud-based, by enabling it to itera-
tively correct and refine its own outputs.

Experimental Set-up

For our experiments, we utilize different LLM models:
For the local-based, we use the Phi-3 Mini 128K
model (Abdin et al. 2024), a compact, open-source
LLM specifically optimized for reasoning tasks; For the
cloud-based models, we submit API requests to GPT4o
(OpenAl) (Achiam et al. 2023) and DeepSeek-V2-R1
(DeepSeek) (Liu et al. 2024), both of which are larger, more
powerful models known for their advanced reasoning capa-
bilities. The answer generation is performed 10 times for
each sample to evaluate the diversity among responses. The
answer correction is only called if an error has been iden-
tified and the LLM is only queried once for each sample.
All local model inference experiments were conducted on
an NVIDIA A100 GPU.

We use SymPy (Meurer et al. 2017) as our symbolic
solver, a Python library for symbolic mathematics that we
use to solve the mathematical equations generated by the
LLMs. It also serves as the backbone for our custom parser,
which attempts to fix common syntax errors to correctly load
the equations. This involves tasks like equation manipulation
and simplification. While our parser handles the majority of
cases, it is not 100% accurate, meaning that a small number
of outputs may still be incorrectly formatted and thus classi-
fied as errors.
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In the generation prompt, we instruct the LLM to act
as a math assistant that converts word problems into raw
mathematical equations. The prompt specifies that the out-
put should consist solely of the equations, without any ex-
planations, labels, or additional text, with each equation on
a separate line. Variable names should be limited to letters
and underscores, and only SymPy-compatible mathematical
operators (4, —, *, /, =) are permitted (e.g., age_sarah =
2 x age_brother \n age_sarah + age_brother = 27). De-
tails in Appendix B of the ext. version.

1.00 R
0.751 wm==""""
0.501
0.251
precision ——- recall
0.00 -~ ‘ : : ; ‘
0.0 0.1 0.2 0.3 0.4 0.5
epsilon
(a) DRAW-1k
1.00, I
0.751 p———="T
4’
g
0.501
0.251
reprompt_rate
0.00 -~ ‘ : . ; ;
0.0 0.1 0.2 0.3 0.4 0.5
epsilon
(b) GSM-8k

Figure 2: Effect of € on detection precision, recall and re-
prompt rate. Higher ¢ values increase EDCIM’s detector
recall but reduce precision. Zero re-prompting means only
local correction. Results are shown for DRAW-1K (a) and
GSM-8K (b) using Phi-3 as generator and GPT-40 as cor-
rector.

Detection Rules

The set C' of candidate conditions is defined starting from
a collection of general rule categories, or meta-rules, which
capture common error patterns identified in the literature (Xi
et al. 2023). Each condition within the set C' is a specific
grounding, or parameterization, of a meta-rule, created by
assigning numerical values to the intervals boundaries that
define that rule. For example, the meta-rule “Number of
equations € [a,b]” can be grounded in several conditions
in C such as “Number of equations € [4,5]” or “Number of
equations € [8,9]”.

In this work we consider two primary categories of meta-
rules, identified based on empirical observations and do-
main knowledge. (1) Equation Complexity Measures de-
scribe structural aspects of the equations, such as the depth



of the equation parsing tree and the number of operators.
More complex equations, with a deeper tree or with a higher
number of mathematical symbols, correspond to more dif-
ficult questions that thus carry a higher likelihood of con-
taining an error. In this category we define different types
of meta-rules, including the average depth of the equations
parsing tree, the number of additions and subtractions, the
number of multiplications and divisions, and the total num-
ber of equations. (2) Diversity Measures analyze the re-
sponse consistency when querying LLMs multiple times on
the same problem. If a model produces highly variable out-
puts across multiple queries on the same input problem, it
indicates a lack of confidence in its responses, increasing
the likelihood of errors. In this category we have different
types of meta-rules, such as Shannon Entropy (a measure
of the variability in the LLM’s responses), Gini Impurity (a
measure of the likelihood of incorrect classification within
a set of responses), and Jaccard distance to the core set of
solutions (i.e., the Jaccard distance between the solutions of
each system of equations and the largest common core so-
lution set for individual variables, computed across multiple
responses).

Each category defines multiple fine-grained rules by
grounding of its intervals parameters (as mentioned above),
forming the pool C' of candidate detection rules. During
training, EDR error detector learns the optimal parameter
intervals for each meta-rule, selecting the ranges that most
effectively distinguish correct from incorrect outputs. Thus,
from the pool of candidate conditions C, a subset C’ is
learned, containing the conditions most likely to indicate er-
rors for a specific dataset. This learnt configuration is then
used to classify responses in the test set.

Datasets and Baselines

We conduct our experiments on two widely used mathemat-
ical benchmark datasets: DRAW-1K (Upadhyay and Chang
2016) and GSM-8K (Cobbe et al. 2021). DRAW-1K (Di-
veRse Algebra Word problems) contains 1000 algebra word
problems crawled from algebra.com. Each problem is an-
notated with both the ground-truth formulae leading to the
final numerical solution and the solution itself. GSM-8K
(Grade School Math problems) is a dataset of 8500 math
word problems written by human authors and released by
OpenAl. Each problem is accompanied by a detailed solu-
tion that includes the intermediate reasoning steps needed
to reach the final answer, from which both the ground-truth
equations and the final numerical solution can be recovered.
Given that our error detection method, since symbolic, does
not rely on large training sets, we modified the official train-
test splits into a 1:9 train-test ratio, which we found to be
the most effective configuration based on preliminary exper-
iments (see Appendix C of the ext. version). While state-
of-the-art models achieve high performance on these bench-
marks, our focus is to validate a cost-saving, controllable
correction methodology.

We compare EDCIM against different methods: (1) LLM
only: running an LLM one time per sample; (2) SC: running
an LLM multiple times (10 times in our experiments) and
adopting self-consistency (SC) which aggregates the mul-
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tiple answers via majority voting; (3) SC+Solv.: a refined
variant of SC that performs majority voting only among
solvable answers; and (4) CRITIC (Gou et al. 2023): a
framework that self-corrects an LLM output by performing
one or more LLM-critique-and-revise loops with feedback
from external tools (e.g., Python interpreters). In our exper-
iments we re-prompt each sample once.
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Figure 3: Trade-off between accuracy gain over the baseline
local model Phi-3 (answer generator) and re-prompt rate, as
cloud-based re-prompt rate (of the error corrector model)
varies (controlled by ¢). Results are shown for DRAW-1K
dataset (a), and GSM-8K dataset (b).

Experimental Results

Our experimental results can be summarized as follows: (1)
Using local models for initial solutions and selective cloud-
based queries for error correction significantly reduces costs,
with only a small trade-off in accuracy: EDCIM re-prompts
only about one-third of cases, unlike state-of-the-art that re-
query every sample; (2) EDCIM provides flexibility by al-
lowing users to adjust the trade-off between cost and per-
formance through a single hyperparameter €, providing full
control over this balance; (3) Even when the corrector LLM
is unable to fully correct the system of equations, it still im-
proves the overall quality, bringing the equations closer to
the ground truth.



DRAW-1k GSM-8k
Answer Error
Method Generator  Corrector ACC  re-prompt % ACC  re-prompt %
LLMonly GPT4o - 91.6 - 84.4 -
LLMonly DeepSeek - 92.4 - 86.2 -
LLMonly Phi3 - 752 - 522 -
SC Phi3 - 78.8 - 60.4 -
SC+Solv.  Phi3 - 81.9 - 61.7 -
Phi3 Phi3 79.2 - 64 -
CRITIC Phi3 GPT4o 914 100 83.8 100
Phi3 DeepSeek  92.7 100 84.6 100
Phi3 Phi3 78.8 - 66.2 -
EDCIM Phi3 GPT4o 85.7 36 74.4 43
Phi3 DeepSeek  87.8 36 75.0 43

Table 1: Comparison of our method EDCIM with baselines (LLM only, SC and SC-solvable) and the state-of-the-art
CRITIC (Gou et al. 2023) framework using all considered LLMs (Phi-3, GPT4o0, and DeepSeek) and optimal value of .
Reported metrics include Accuracy (ACC) and cloud-based re-prompt rate (percentage). EDCIM achieves the best trade-off

between these two metrics.

Effect of Hyperparameter Selection for Re-prompt
Rate Control

Figure 2 illustrates how the € hyperparameter in EDCIM’s
detector affects precision, recall, and re-prompt rate, using
Phi-3 as answer generator and GPT4o as error corrector.
This parameter controls the sensitivity of error detection,
creating a trade-off where higher ¢ values increase recall
by detecting more errors, but at the cost of reduced preci-
sion due to more false positives. In contrast, lower ¢ val-
ues improve precision but reduce recall, as more errors go
undetected. The hyperparameter € provides flexibility by al-
lowing users to adjust the trade-off between cost and per-
formance. This is achieved by indirectly controlling the re-
prompt rate, as higher € values increase the likelihood of
re-prompting, leading to higher accuracy at a greater cost.
Moreover, as shown in Figure 2 the relationship between
€ and the re-prompt rate is approximately linear, making
this control highly predictable. Generally, directly control-
ling the re-prompt rate is challenging, and existing state-of-
the-art systems lack effective mechanisms for this. In con-
trast, our approach, which uses EDC error detector to indi-
rectly manage the re-prompt rate via the ¢ parameter, offers
the ability to balance between computational expense and
performance.

Figure 3 shows the comparative performance of EDCIM,
the baselines, and CRITIC against the local model (Phi-3)
on DRAW-1K and GSM-8K datasets, as the re-prompt rates
vary (indirectly with ). It shows the trade-off between com-
parative accuracy (calculated as the difference between the
ACC of each model and the ACC of the local model, Phi-3)
and the average number of cloud-based queries. We achieve
the different re-prompt rates by sampling the values of ¢
by grid search in (0,0.5] with more density in low values
(and manually adding 100% re-prompt rate). From this fig-
ure, we can observe that as the re-prompt rate increases, the
comparative accuracy shows a linear improvement. Notably,
at a 100% re-prompt rate, our method slightly outperforms
CRITIC.
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Given the results of these two experiments, we choose € =
0.1 as the optimal value for both DRAW-1K and GSM-8K,
as it has a good balance between precision and recall across
these two datasets. Further improvements can be obtained
by fine-tuning ¢ value separately for each dataset.

System Performance at ¢ = 0.1

Table 1 reports the comparison, in terms of Accuracy (ACC)
and cloud-based re-prompt rate, of EDCIM with the base-
lines and the state-of-the-art CRITIC framework. We used
all considered LLMs (Phi-3, GPT40, and DeepSeek) and
the optimal value of € defined in Section . Our results indi-
cate that EDCIM selectively re-prompts only about one third
of cases, significantly reducing reliance on expensive cloud-
based queries when compared to CRITIC, which re-prompts
each sample. Re-prompting in 100% cases achieves high ac-
curacy but at substantial computational and financial cost,
while using only local models avoids cloud-based queries
but results in lower accuracy. EDCIM optimally balances lo-
cal and cloud-based queries, extracting maximal value from
cost-free local queries before resorting to cloud-based cor-
rections. Overall, EDCIM demonstrates superior cost effi-
ciency while maintaining competitive accuracy. Moreover,
on the GSM-8k dataset, EDCIM outperforms the state-of-
the-art when only the local Phi-3 model is used for both an-
swer generation and correction.

Solution Improvement Analysis

We analyze the extent to which EDCIM can improve the
quality of the generated equations, even in cases where it
fails to produce a fully correct result. To evaluate the qual-
ity of the generated equations we measure the distance be-
tween the ground truth equations and both the original and
corrected equations. We define a distance metric, Equation
Distance EqD(X,Y’) between two systems of equations X
and Y which is computed as the average of the following
three metrics: (1) The distance between their numerical solu-

e : |N1—No|
tions; (2) The structural distance, measured as 1— NINZ
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Figure 4: Change in Equation Distance AFEqD, before and
after correction on DRAW-1K. The middle bar represents
the median. Negative values indicate equations moved closer
to the ground truth. Results use Phi-3 for answer generator
and GPT4o for error correction and € = 0.1.

where N7 and N are the total number of nodes in the pars-
ing trees of the two systems; and (3) The complexity dis-

[01—05]
tance, calculated as max 01,02 where O; and Oy are the

number of operators in the two systems.

We then evaluate the improvement in distance to the
ground truth system of equations, defined as the difference
AEqD = EqD(X2, X*) — EqD(X;, X*) where X, is the
initial set of equations, X5 is the corrected set (as defined in
Section ), and X* is the ground truth. Negative values indi-
cate that the correction step moved the equations closer to
the ground truth, while positive values indicate the opposite.

Figure 4 shows the values of AEqD when using Phi-3 as
answer generator and GPT4o as error corrector on DRAW-
1K dataset. The results show that re-prompting generally
produces equations closer to the ground truth. For this anal-
ysis, we categorize the correction outcomes as follows: (1)
F2T (False-to-True), where the initial response was incor-
rect but corrected to the correct solution; (2) T2F (True-to-
False), where a correct response was incorrectly modified;
(3) T2T (True-to-True), where the response remained cor-
rect; (4) F2F (False-to-False), where the response remained
incorrect; and (5) all generated equations flagged as errors
by EDCIM’s detector, regardless of their correctness.

We observed significant improvement in the quality of so-
lutions in all detections, with the bulk of improvement oc-
curring in successfully corrected errors (F2T). However, we
also noted improvement in incorrect detection cases (T2T)
where results from EDCIM were also found to be closer to
the ground truth, likely refining equation structure without
altering correctness. F2F cases are particularly interesting;
while they remain incorrect, our analysis shows that the cor-
rection step more often improves the solution quality than
degrades it. This suggests that even unsuccessful corrections
can provide incremental value, reinforcing the overall effec-
tiveness of our framework. We note that false-positive detec-
tions improperly corrected (T2F, carrying the risk of over-
correction) were infrequent in the analysis. Overall, these
results confirm the effectiveness of our correction frame-
work in reducing errors, even if only partially. To validate
this finding, we conducted a study using several alternative
methods to measure equation distance, including multiple
graph embedding techniques and vector distance functions.
Details in Appx. F, ext. version.
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Ablation Studies

We conduct a series of ablation studies to evaluate the actual
impact of different components in our framework. Specifi-
cally, we analyze the effects of various detector models, rule
types, and prompt designs on EDCIM performance. Details
in Appendix D of the ext. version.
Impact of Error Detector Type. We evaluated the im-
pact of different error detection models, including full re-
prompting, ground truth-based correction, equations solv-
ability checks, and EDR without and with equations solv-
ability checks. Our results indicate that integrating both
learned error detection and solvability checks, as used in
EDCIM, provides the most accurate and comprehensive cor-
rection, reducing false negatives and capturing a broader
range of error types.
Impact of Prompt Type. We modified the prompt by re-
moving prompt components (e.g., few-shot examples, cor-
rection suggestions, etc.) resulting in different settings, in-
cluding the standard method employed in EDCIM and static
prompts that do not take into account dynamic, example-
dependent cues. The results indicate that the standard setting
used in EDCIM provides the highest overall performance;
violated conditions and correction suggestions lead to very
similar additional information and that static prompts lead to
the worst performance overall, highlighting the importance
of targeted example-dependent feedback.
Impact of Rule Type. We excluded some rules meta-rules
category (see Section ) from the set C' to see if they are both
impacting error detection accuracy. The results show that us-
ing both rule types increases the number of detected errors,
resulting in higher re-prompt rates and overall accuracy, de-
spite a slight reduction in precision.

Details in Appendix D of the ext. version.

Final Remarks and Future Work Discussion

To conclude, in this work, we introduced EDCIM, an er-
ror detection and correction framework for LLMs that uses
a symbolic-based and interpretable error detection mecha-
nism(EDRs). Unlike prior work, EDCIM selectively trig-
gers corrections, allowing users to control the balance be-
tween cost and accuracy through a single hyperparameter.
Our results show that this approach significantly reduces
costs, with only a small trade-off in accuracy, and even par-
tial corrections tend to improve the quality of the generated
solutions. While our experiments focused on math problems,
this approach is broadly applicable to other structured out-
puts such as logic, combinatorial optimization, and program
synthesis. Future directions include automatic EDR learn-
ing, deeper integration with symbolic solvers, and extending
the framework to new tasks like theorem proving and com-
plex knowledge extraction. We also plan to assess perfor-
mance on more challenging benchmarks, such as the MATH
dataset, with the latest generation of LLMs. Notably, our
initial pilot experiments suggest EDCIM can also improve
state-of-the-art models (e.g., DeepSeek and GPT-40), a di-
rection best explored on these more complex datasets where
performance is not already near-saturated.
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