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Abstract

Large Language Models (LLMs) have demon-
strated great capabilities across diverse natural
language tasks; yet their ability to solve abstrac-
tion and optimization problems with constraints
remains scarcely explored. In this paper, we
investigate whether LLMs can reason and op-
timize under the physical and operational con-
straints of Optimal Power Flow (OPF) problem.
We introduce a challenging evaluation setup
that requires a set of fundamental skills such
as reasoning, structured input handling, arith-
metic, and constrained optimization. Our eval-
uation reveals that SOTA LLMs fail in most of
the tasks, and that reasoning LLMs still fail in
the most complex settings. Our findings high-
light critical gaps in LLMs’ ability to handle
structured reasoning under constraints, and this
work provides a rigorous testing environment
for developing more capable LLM assistants
that can tackle real-world power grid optimiza-
tion problems.

1 Introduction

Large Language Models (LLMs) have achieved no-
table performance across a wide range of natural
language understanding and generation tasks, from
open-ended dialogue and code synthesis to math-
ematical reasoning and scientific question answer-
ing (Guo et al., 2025; Srivastava et al., 2023; Wang
etal., 2024). Yet a critical question remains largely
unanswered: can LLMs reason and optimize under
constraints? Real-world decision-making prob-
lems, spanning power grid management, financial
operations, and cyber-security, require not only
language competence but also the ability to jointly
interpret structured inputs, perform multi-step arith-
metic, satisfy interacting physical or logical con-
straints, and converge to feasible, near-optimal so-
lutions. These challenges go far beyond what cur-
rent benchmarks assess.

The rewards of closing this gap are high. In
safety-critical infrastructure such as power grids,

for instance, LLMs capable of genuine constrained
reasoning could act as world models, avoiding
heavy simulations and improving autonomous plan-
ning / operational assistance that current systems
cannot support. More broadly, advancing LL.M
competence on structured optimization problems
would unlock a new class of Al assistants for high-
value engineering and operational domains.

Existing benchmarks, however, fall short in eval-
uating these capabilities in a rigorous and realis-
tic manner. General reasoning benchmarks such
as MMLU (Wang et al., 2024) and GPQA (Rein
et al., 2024) assess broad knowledge and expert-
level question answering, but do not require iter-
ative numerical optimization or constraint satis-
faction over structured physical systems. Logical
reasoning benchmarks such as ARC-AGI (Chol-
let, 2019), SATBench (Wei et al., 2025) and Ze-
bralogic (Lin et al., 2025) probe constraint sat-
isfaction in formal or combinatorial settings, but
rely on synthetic puzzles disconnected from real-
world engineering complexity. Domain-specific
work on LLMs for power systems (Huang et al.,
2024; Ren et al., 2025) or finance has largely fo-
cused on agents augmented with external solvers
or reinforcement learning, missing the core ques-
tion of whether the model itself can reason through
constraints end to end.

To address this gap, we introduce a new chal-
lenging task that evaluates LLMs in performing
end-to-end constrained reasoning and numerical
optimization over realistic power-grid operation
scenarios using well known datasets. To further
investigate LLLMs abilities on such complex tasks,
we assess them extensively after applying super-
vised fine-tuning (SFT) and group relative policy
optimization (GRPO).

Our empirical evaluation of state-of-the-art
LLMs, including both instruction-tuned models
and reasoning-augmented variants, across small
and medium sizes, reveals a consistent failure pat-
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Figure 1: Overview of our study. LLMs are evaluated with simple in-context learning, and in the evaluation settings
after supervised fine-tuning (for non-reasoning models) and group relative policy optimization (for reasoning
models); all models outputs are evaluated with the same metrics: MSE, constraint satisfaction, and structure validity.

tern. Across virtually all tasks requiring genuine
optimization under constraints, models remain at
a constraint satisfaction rate of approximately 55—
60%, regardless of architecture, scale, or training
regime. Reasoning models, despite their extended
chain-of-thought generation, do not systematically
outperform their non-reasoning counterparts. Su-
pervised fine-tuning improves response formatting
but fails to improve physical feasibility, confirm-
ing shortcuts in reasoning. Reinforcement learn-
ing with constraint-satisfaction rewards, however,
yields modest but meaningful improvements on
some grid topologies.

In summary, our contributions are as follows: (1)
a new task for evaluating LLM reasoning under
physical constraints via the OPF problem, (2) a
rigorous evaluation protocol with constraint-aware
metrics, and (3) an extensive empirical study span-
ning vanilla, SFT, and GRPO-trained models, re-
vealing a consistent failure plateau in constraint
satisfaction.

2 Related work

2.1 LLMs for Power Systems

The application of LLMs to energy and power sys-
tems has seen significant expansion across vari-
ous sub-domains. Within the specific area of op-
timization, existing literature mainly explores the

use of LLMs as high-level agents. For instance,
LLM-SUC (Ren et al., 2025) focuses on train-
ing LLM-based agents via reinforcement learn-
ing to optimize financial costs in energy markets.
Specialized frameworks such as LLM4OPF and
LLM4EV (Huang et al., 2024) target specific tech-
nical challenges in Optimal Power Flow and elec-
tric vehicle scheduling. However, these agent-
based approaches often rely on reinforcement learn-
ing for cost optimization, or external tool calling,
rather than direct multi-constraint reasoning.

In simulation tasks, DALINE-GPT (Mirshekali
et al., 2025) has demonstrated high success rates
in generating simulation code (more specifically
for MATPOWER), although it still struggles to
construct small distribution networks without in-
tensive prompt engineering. Finally, to move be-
yond traditional regression tasks, the existing work
mostly focuses on load forecasting: models like
EF-LLM (Qiu et al., 2024) and LFLLM (Liu et al.,
2024b) use fine-tuning to handle short-term fore-
casting across multiple voltage levels. Newer cross-
modal approaches, such as the GPT-Agent (Yan
et al., 2024) for PV power forecasting, have also
integrated linguistic weather data with numerical
vectors to improve interpretability and accuracy,
but still lack the structured reasoning required to
solve multi-constraint optimization problems with
interacting variables. Indeed, even recent work



that directly targets optimization problems such
as OPF (Bernier et al., 2025) evaluates LLM per-
formance solely through MSE, without verifying
whether the produced solutions satisfy the under-
lying physical and operational constraints, letting
feasibility guarantees largely unaddressed.

2.2 LLM Reasoning Capabilities

Traditional reasoning benchmarks have smoothly
transitioned from testing basic linguistic under-
standing to assessing massive multitask knowledge
(e.g. MMLU (Wang et al., 2024), BIG-bench (Sri-
vastava et al., 2023)) and expert-level reasoning
(GPQA (Rein et al., 2024)). Despite this evolu-
tion, several limitations persist. Logical reason-
ing benchmarks such as SATBench (Wei et al.,
2025) and Zebral.ogic (Lin et al., 2025) evalu-
ate constraint-satisfaction abilities, but they often
rely on synthetic puzzles or formal logic state-
ments that do not reflect the noise and complex-
ity of real-world engineering tasks. Other bench-
marks focus on narrow aspects of reasoning: Plan-
bench (Valmeekam et al., 2023) assesses plan-
ning and reasoning about change, while Causal-
bench (Wang, 2024) evaluates causal inference but
does not address optimization or structured con-
straint satisfaction.

Recent surveys indicate that while LLMs achieve
high scores on static benchmarks, they often rely on
shortcut learning-memorizing solution templates
rather than engaging in generalizable reasoning.
This leads to a lack of process credibility, where
models may reach the correct answer through
flawed logical steps. (Guo et al., 2025) highlights
a significant divergence between Supervised Fine-
Tuning (SFT) and Reinforcement Learning (RL)
approaches: while SFT helps models follow spe-
cific output formats, it can lead to pattern match-
ing that occasionally suppresses pre-trained reason-
ing logic or fails on out-of-distribution tasks (Chu
et al., 2025). State-of-the-art models are addition-
ally fragile when exposed to small perturbations
or adversarial inputs, often failing tasks they previ-
ously solved if the context is slightly modified (Ni
etal., 2025). Furthermore, widespread data contam-
ination in training sets often inflates performance
metrics, masking the models’ true inability to han-
dle novel, out-of-distribution optimization prob-
lems (Ni et al., 2025).

2.3 LLMs on Constraint Satisfaction Tasks

Prior work on LLMs and constrained reasoning can
be organized into three main categories. In the first
one, works are focused on the problem formulation
from natural language. NL4Opt evaluates whether
models can recover decision variables, objectives,
and constraints from textual optimization descrip-
tions (Ramamonjison et al., 2023). More recent
work in the constraint-programming community
extends this direction by asking LLLMs to gener-
ate executable constraint models from combinato-
rial problem statements and by introducing broader
benchmarks for this capability (Michailidis et al.,
2024, 2025). While this line of work is closely re-
lated to optimization, it primarily evaluates model-
ing and formalization accuracy, rather than whether
an LLM can itself carry out constrained search and
produce a valid solution end to end.

A second direction of research focuses on direct
constraint satisfaction and combinatorial reasoning.
The authors in (Madusanka et al., 2024), exam-
ine satisfiability judgments under different logical
fragments expressed in natural language, while in
LRZBench (Chen et al., 2025), the authors eval-
uate CSP-style tasks that require long reasoning
chains, reflection, and backtracking. In a related
optimization setting, EHOP (Duchnowski et al.,
2025) shows that LLM performance on NP-hard
problems is highly sensitive to surface presenta-
tion, suggesting dependence on familiar formula-
tions rather than robust abstraction over constraints.
Taken together, these studies suggest that current
models remain fragile when constraints interact
strongly, search depth increases, or problem formu-
lations deviate from familiar templates.

A third direction is based on the work to im-
prove reliability through neuro-symbolic methods.
Logic-LLM and SatLLM translate natural-language
problems into symbolic or declarative representa-
tions and then rely on external solvers for infer-
ence (Pan et al., 2023; Ye et al., 2023). In the
constraint-programming literature, LLMs have also
been used to generate streamlining constraints that
accelerate downstream search (Voboril et al., 2025).
These methods often improve accuracy, but they
also move away from fully end-to-end reasoning.
In contrast, our work focuses on a demanding task
requiring end-to-end model competence: jointly
interpreting context, satisfying the constraints, and
producing accurate responses in a hard numerical
problem.



3 Method

We design a rigorous evaluation framework to as-
sess whether LLMs can reason and optimize under
the physical and operational constraints of a com-
plex real-world problem. We study the Optimal
Power Flow (OPF) problem, which is a fundamen-
tal to operational planning and grid management.
This task requires input interpretation, multi-step
arithmetic, and simultaneous satisfaction of inter-
acting physical constraints.

3.1 Problem Formulation of Optimization
with Reasoning

Non-Convex Non-Linear Programming (NLP)
problems provide a powerful framework for model-
ing and evaluating logical reasoning capabilities of
the LLMs. In such problems, solutions must satisfy
a set of constraints over variables and their possible
value, while iteratively converging towards an op-
timal solution that minimizes an expected reward
or fitness function. The OPF problem seeks to min-
imize a cost function (like generation fuel cost or
system losses) subject to the physical laws of the
electrical grid. In practice, solving such a problem
by an LLM would demonstrate true reasoning capa-
bilities given it requires solving multiple complex,
iterative sub-problems:

Abstraction. Natural language parsing and un-
derstanding of a textual power grid description, and
a topological representation of its components. The
main challenge lies in the capability of the LLM
to maintain a "chain of thought" when building its
representation. If the logical chain breaks at step
two, the final output will fail to represent an OPF
solution.

Mathematics. Translating that description into
algebraic equations and inequalities. The main
challenges for an LLM lie in identifying the right
formulation (complexe AC OPF, or simplified DC
OPF approximation) and its ability to reason about
the trade-offs between computational efficiency
and physical accuracy, and structuring those equa-
tions into a syntax that an optimization algorithm
can solve.

Multi-Step optimization. Computing the numer-
ical solution iteratively using well known algo-
rithms such as Newton-Raphson and Interior Point
methods. The main challenges are the mathemati-
cal bottleneck and the exponential error compound-
ing in iterative methods. For instance, to solve a

9-bus system, the very first step is to construct the
Admittance Matrix. For an AC OPF, this is a 9x9
matrix of complex numbers. To solve the power
flow equations, algorithms must iteratively invert or
factorize these matrices (often building a Jacobian
matrix of partial derivatives). LLMs may not reli-
ably perform matrix inversion or solve systems of
linear equations without tools, and there is high risk
for the LLM to introduce a small rounding error.
In the next iteration, that error is fed back into the
non-linear equations, compounding exponentially.

Given the complexity of the problem at hand,
our study explores to which extent LLMs could
approximate the solution, especially when provided
examples, and fine-tuned for this task.

3.2 Power Grid Optimization task

In this task, LLMs must optimize power generation
and distribution across a network while satisfying
multiple physical and operational constraints. The
input consists of a power grid topology represented
as a heterogeneous graph, where nodes represent
different components (buses, generators, loads, and
transmission lines), each with distinct feature sets.
The grid configuration includes active and reac-
tive power demands at load nodes and generator
capacity limits.

Dataset. We build our dataset using PyTorch
Geometric framework and its interface to
OPFData (Lovett et al., 2024), a large-scale col-
lection of solved OPF instances derived from
PGLib-OPF benchmark grids. Each instance is en-
coded as a heterogeneous graph in which the net-
work’s physical backbone is represented by bus
nodes connected through relations corresponding to
AC lines and transformers. The resulting represen-
tation supports learning tasks that map grid states
and parameters to OPF-relevant quantities (e.g., op-
erating points or feasibility/optimality surrogates),
and OPFData additionally includes variants with
topological perturbations to evaluate robustness un-
der contingency-like structural changes, referred
to as N (i.e., original in-distribution scenarios) and
N-1 scenarios (i.e., out of distribution scenarios
where one line is disconnected). Concretely, we
evaluate on three benchmark topologies of increas-
ing complexity: casel4 (14 buses), case3@ and
casel18.

Mean Squared Error. We measure the numer-
ical accuracy of the predicted OPF solutions us-
ing the Mean Squared Error (MSE) between the



model’s predictions and the ground-truth solver
outputs in the dataset. We report the sum of two
MSE terms: the generator MSE, computed over the
active and reactive power outputs for each genera-
tor, and the bus MSE, computed over the voltage
magnitude and voltage angle at each bus. Beyond
constraint satisfaction, measuring MSE ensures the
solution remains numerically close from the opti-
mal dispatch.

Evaluated Constraints. We assess each pre-
dicted OPF solution using three feasibility criteria.
For each bus i, we compute the active and the reac-
tive power balance residuals AP; = P;P% — p/™'P

and AQ; = QP — Qimp, where the specified
injections are obtained from predicted generation
minus demand, and the implied injections are those
induced by the predicted voltage values under the

instance’s topology. A bus satisfies the power-flow

constraints when: y/AP? + AQ? < . Voltage

feasibility is defined by the bound: v;ni“ <y <
v;"®*, and generator feasibility is defined by the
active-power constraint: P;“in <P < P, For
each sample, we compute the fraction of buses and
generators satisfying each of these conditions, and
we report the dataset-level average of these per-
sample fractions. In addition, we report an aggre-
gate constraint satisfaction score obtained by micro-
averaging all individual (bus and generator level)
constraint checks across the full evaluation set, so
that each checked constraint instance contributes
equally to the final measure. Mathematically, let s
indexes the evaluation samples, and denote by n'®

pf
n'®), and n{ the number of evaluated buses and

generators for the power-flow, voltage, and gen-
(s) (s)

pf,sat> Ty sat>

erator constraints, respectively. Let n

and nggat denote the corresponding numbers of

satisfied constraints. The final constraint score is
defined as:

Zs n(sf)sa +n£;2at +n(sgat
¢S = 100 x ("5 ® >(1)

> (n(s) +nl 4+ n@)

pf

4 Experimental Protocol

4.1 Models

Model sizes. We evaluate two model sizes to
study the impact of scale and training regime on
OPF reasoning: (i) small models with 8B pa-
rameters and (ii) medium models with approxi-
mately 32B parameters. The small models com-

prise Llama 3.1 8B and Qwen3 8B as baselines,
alongside their DeepSeek-distilled reasoning coun-
terparts: Deepseek RI Distill Llama 3.1 8B and
DeepSeek R1 Qwen3 8B. The medium sizes com-
prise Qwen 2.5 32B as a vanilla baseline and QwQ
(32B) as its reasoning-focused counterpart.

4.2 Fine-tuning

SFT. To evaluate the impact of standard align-
ment in constraint satisfaction, we apply Super-
vised Fine-Tuning (SFT) to the vanilla instruct
models. We use LoRA (Hu et al., 2022) to train
adapters on the training set of OPF problems. This
process optimizes the model to predict the ground-
truth solutions in zero-shot directly, ensuring the
output format and basic physical constraints are
learned through direct imitation of high-quality ex-
amples.

GRPO. Reasoning variants are trained using
Group Relative Policy Optimization (GRPO) (Liu
et al., 2024a), a reinforcement learning objective
that aligns model preferences with structured valid-
ity and feasibility rewards. Unlike standard RLHF,
GRPO eliminates the need for a separate critic
model, by sampling a group of multiple outputs
for each prompt and using the relative reward of
each output compared to the group average to com-
pute the policy gradient. This allows the model to
reason through constraints iteratively. The reward
R decomposes into a structural component and a
constraint-satisfaction component:

R = 7json + res

The term 7json € {0,0.5} rewards adherence to
the required JSON schema (0 for an unparsable
output; 0.5 for a well-formed output). The term
ros € [0, 1] captures feasibility by measuring the
fraction of evaluated constraints satisfied by the
proposed solution as defined in equation 1.

4.3 Evaluation

Vanilla models are assessed using in-context learn-
ing (ICL). We provide the same prompt templates
and demonstration format across models, including
fine-tuned ones. Across all configurations, models
are instructed to return outputs in a standardized
JSON schema that encodes the candidate dispatch,
key feasibility indicators, and any auxiliary reason-
ing traces permitted by the prompt.

At inference time, we request the same JSON
schema used during training and parse model out-
puts with strict validation. For ICL conditions, we



reuse the same samples across models and capacity
tiers to ensure comparability. For zero-shot condi-
tions, no pre-samples are provided and the prompt
only specifies the schema, objectives, and any re-
quired units or conventions. For every experiment,
the model is assessed on 1,000 different conver-
sations, the last message of each being the query
input. In all cases, performance is computed on the
parsed outputs; malformed outputs can’t be parsed
and are not evaluated.

5 Results

We report the performance of models on the three
OPF benchmark cases (14, 30, 118), evaluated
across three metrics: satisfied constraints, defined
in equation 1 (%, higher is better), valid responses
(%, higher is better), and total MSE (lower is bet-
ter). The table detailing the satisfied constraints
decomposition is available in the data appendix.

5.1 Vanilla models

Figure 2 reports that across all three cases, the con-
straint satisfaction rate remains globally flat, hover-
ing around 55-60% for every model regardless of
architecture or training regime. This plateau is ex-
plained by the large non satisfaction of power flow
constraints for all models, representing ~40% of
all the evaluated constraints; suggesting that mod-
els are not actively reasoning through the power-
flow equations but are instead producing outputs
that satisfy a fixed subset of constraints by default,
likely through pattern matching rather than genuine
optimization.

Non-reasoning vs. reasoning models.
Reasoning-augmented models do not sys-
tematically improve constraint satisfaction over
their vanilla counterparts. In several settings,
reasoning models even degrade performance on the
MSE axis: for instance, DeepSeek-R1-Qwen3-8B
shows a sharp MSE spike on casel4 and case30
(reaching values above 10'), indicating that
extended chain-of-thought generation may lead to
numerically unstable outputs. The only consistent
advantage of reasoning models is a higher rate of
valid (parsable) responses in some configurations,
yet this benefit is not universal.

Effect of model size. Scaling from 8B to 32B
parameters yields limited gains on the constraint
satisfaction score, which remains near 55-60% for
both Qwen2.5-32B and QwQ-32B, matching the

Gen. Voltage

Model Case Scenario . . . . PF
limits limits
- Vanilla N 100%  98.7%  7.5%
i 8 14 GRPON 100%  99.6% 6.25%
S GRPON —1 100% 98.6% 3.19%
o g Vanilla N 100%  98.9% 11.7%
2 30 GRPON 100%  99.5% 12.5%
GRPON —1 99.8% 97% 9.71%
- Vanilla N 99.9%  98.4% 3.94%
i %® 14 GRPON 100%  99.9% 1.37%
S GRPON —1 999%  99.8% 0.83%
72}
s Vanilla N 100%  99.3% 10.6%
&3 30 GRPON 100%  99.6% 24.6%
GRPON —1 100%  100% 17.8%

Table 1: % of satisfied constraints by model, case, and
scenario.

8B models. The most visible size-related effect is
on response validity: larger models tend to produce
well-formed JSON outputs more reliably, particu-
larly on the larger casel18 topology where smaller
models completely fail in generating any parsable
response. Regarding the MSE: although Qwq-32b
achieves competitive MSE on cases 14 and 30,
the performance doesn’t improve monotically with
scale. These results suggest that simply scaling
model size is insufficient to solve complex opti-
mization like OPF.

5.2 Supervised Fine-Tuning

Performance on scenario N. Figure 3 shows that
fine-tuning consistently improves response validity
and MSE across all models and cases. Constraint
satisfaction, however, remains largely unchanged
after SFT at around 55-60%, indicating that the
models learn to produce well-formatted but not
necessarily physically feasible solutions, confirm-
ing this reasoning shortcut established in the state
of the art.

Scenario N vs. N-1. Under the N — 1 contin-
gency setting, valid response rates unsurprisingly
drop noticeably for all grids, and MSE increases
across all models, indicating that topological per-
turbations expose the limits of SFT-based gener-
alization. Constraint satisfaction scores remain
at the same plateau as in the vanilla and NV set-
tings, confirming that simple fine-tuning on nomi-
nal cases does not confer robustness to structural
grid changes.

5.3 Impact of GRPO

Figure 4 reports the performance of reasoning mod-
els before and after GRPO fine-tuning on the N and
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Figure 2: Performance of vanilla models (before fine-tuning) on cases 14, 30 and 118.

Case Model in-context zero-shot
Valid (%) CS (%) 1 MSE | Valid (%) CS (%) MSE |
casel4 Ilama3.1-8b 95.0 57.8 3.91e-03 99.7 63.8 5.26e-03
gwen3-8b 99.3 58.4  3.52e-03 32.8 59.5 2.94e-02
gqwen2.5-32b 93.5 582  2.48e-03 78.8 64.7  5.40e-03
case30 llama3.1-8b 47.1 55.1  4.22e-03 82.5 61.9 2.60e-02
gqwen3-8b 97.5 56.5 1.43e-03 35.6 55.1 2.46e-02
gwen2.5-32b 86.2 55.7 8.37e-04 96.4 59.8 1.01e-02
case118 llama3.1-8b 0.0 - - 0.0 - -
qwen3-8b 38.3 572 9.71e-02 0.0 - -
gwen2.5-32b 353 55.6 1.68e+00 0.0 - -

Table 2: Performance of fine-tuned models, in-context learning vs. zero-shot inference.

B Satisfied constraints (%) T MSE |

! . Bl Satisfied constraints (%) 1T MSE |
Valid responses (%) 1 Valid responses (%) 1
llama3.1-8b qwen3-8b qwen2.5-32b d kerl d kerl
100 ] eepseek-r eepseek-r
60 llama3.1-8b gqwen3-8b
_ 100 A
5L 60 L pL07y, F 10t
§ = | | | g
@
S 40 A 75 -
< £ 10°
20 4 10-3 o . w
3 n ©° 50 4 s
100 4 25 A
80 i [ 102
2 60 4 F1072 05 T T T T T
3 = I ) ¢
@
o 40 A 100 A 1
E10
20 | | 103
0 | L 731 0
T T T T T T T o L 10
T | 7]
100 0 S 50 g
S 1071
80 L 100 v
E 60 w 25 A
g g i i F1072
S a0 o4 ; ~ ; ; ;
201 L10-1
oS L S AR L S s
° ‘ S8 & D> §F &5 D
2 X 55 23 Y oy o> S o LI OF <o LI OL o
NS N S N < ) <
Lo So o Fo So o £ So o [CFN @ @ [OFN
ST T £ SE T £ SE& LT £ 100 {’(’_, o {,(’./ él o
L el o L ¢ f Fo L e f Do & &
g $F &F g $F &F g $§F &F v Y
) LIRS G LIRS g AN 2 2
& & &

Figure 4: Performance of reasoning models, before
GRPO (vanilla) and after GRPO, on N and N-1 scenar-
i0s.

Figure 3: Performance of vanilla models (before fine-
tuning) and of fine-tuned models on N and N-1 cases.

N — 1 test scenarios. GRPO training yields mixed  attributed to the incorporation of the correct format
results: while it improves response validity (can be ~ reward), constraint satisfaction still mainly remains



Case Model basic enhanced
Valid (%) CS (%) 1 MSE | Valid (%) CS (%) MSE |
casel4 llama3.1-8b 100.0 58.0 4.80e-03 100.0 58.0 4.92¢-03
gqwen3-8b 99.8 58.8 3.61e-03 99.6 59.0 3.61e-03
case30 llama3.1-8b 100.0 54.6 1.65e-03 99.9 554  1.57e-03
qwen3-8b 91.2 547 1.56e-03 98.5 60.4 1.66e-03

Table 3: Performance of inference with the basic system prompt defined above, and inference with an LLM-enhanced

system prompt.

at near 55-60%, except for the case 30, clearly get-
ting over the 60% bar for the first time, including
for the N — 1 contingency setting. Table 1 espe-
cially shows that GRPO improves the power flow
equations constraint on case 30 with a significant
increase (+132%) for Deepseek-R1-Llama3.1-8B,
but degrades it on case 14.

5.4 Ablations

Table 2 compares fine-tuned models evaluated in
their training regime (zero-shot) against the same
models prompted with in-context learning exam-
ples (ICL). Across all models and grid sizes, ICL
consistently yields lower MSE and higher valid
response rates than zero-shot inference, suggest-
ing that in-context examples provide structural
guidance that compensates for the limitations of
imitation-based fine-tuning, even when the model
has already been exposed to the output format dur-
ing training.

Impact of prompt To assess whether prompt
quality influences model performance, we designed
an enhanced version of the original system prompt
using ChatGPT, enriching it with more explicit
physical context, clearer formatting instructions,
emphasizing on constraints and being domain-
specific terminology related to power systems and
OPF. As shown in Figure 3, this enhancement has
virtually no impact: all metrics remain essentially
identical. The performance bottleneck might there-
fore not lie in the clarity or richness of the prompt
formulation, but rather in the models’ fundamental
inability to reason over power-flow constraint.

Uncertainty and Calibration. To complement
constraint satisfaction and MSE, we evaluate the
calibration of constraint satisfaction predictions us-
ing Expected Calibration Error (ECE), Brier Score,
and Negative Log-Likelihood (NLL) on Llama 3.1
8B for case14. The vanilla model already exhibits
poor calibration (ECE = 0.696, Brier = 0.485, NLL
= 1.192), and SFT does not improve it; scores

slightly worsen on scenario N (ECE = 0.720, Brier
=0.519, NLL = 1.275). Interestingly, SFT on the
N —1 out-of-distribution scenario yields marginally
better calibration (ECE = 0.677, Brier = 0.458,
NLL = 1.131) than the in-distribution counterpart,
suggesting that the model’s confidence is not mean-
ingfully shaped by fine-tuning.

Conclusion

We introduced a rigorous evaluation framework
for assessing whether LLMs can reason and opti-
mize under the physical and operational constraints
of the Optimal Power Flow problem: a task de-
manding structured input interpretation, multi-step
arithmetic, and simultaneous satisfaction of inter-
acting physical constraints. Our empirical study
yielded three consistent findings. All models, re-
gardless of architecture or scale, show a plateau in
constraint satisfaction, suggesting pattern match-
ing rather than genuine optimization. Supervised
fine-tuning reliably improves response formatting
and marginally reduces MSE, but leaves constraint
satisfaction essentially unchanged, confirming the
shortcut-learning behavior reported in prior work.
Reinforcement learning with constraint-satisfaction
rewards yields modest but meaningful improve-
ments on some topologies, leading some models
exceed the constraints plateau, including in out-of-
distribution examples.

Across all settings, no single model dominates
on both metrics simultaneously. Qwen-family mod-
els tend to produce lower MSE and better-formed
outputs, while Llama-based models show more sta-
ble constraint satisfaction under GRPO fine-tuning.
Scaling to 32B parameters improves response va-
lidity on larger grids but does not resolve the con-
straint satisfaction plateau.

Future work should include more datasets from
other domains, as well as richer reward signals that
decompose individual constraint violations to guide
more targeted reinforcement learning.



6 Limitations

6.1 The '""Memorization" vs. ""Optimization"
trap

Since LLMs cannot actually perform 10 iterations
of Newton-Raphson in their "latent space,” they
often resort to Result Guessing. If the model rec-
ognizes the input as "similar to a standard power
grid, or if they recognize similar financial or cyber-
security datasets, it will provide values that look
like a valid solution. Our results using the N-1 out
of distribution test set demonstrate an increased
error compared to the N case (in-distribution) that
suggest that even under fine-tuning and GRPO,
LLMs mainly rely on memorization mechanisms.

6.2 The lack of tools

Using an LLM to evaluate OPF without tools is
actually testing its calculating limitations, not only
its logical reasoning. One could argue that a better
paradigm is to restrict LLMs to abstraction tasks
only: Reading the grid data, understanding the
physics, deducing the correct constraints, and writ-
ing the mathematical formulation into solver code
(like Pyomo or JuMP). Then leaving the solver
(Gurobi, Ipopt) execute the heavy numerical matrix
arithmetic and return the result. However, multi-
ple research ave demonstrated the capabilities of
deep learning models in reliable OPF predictions
(our OPF papers), and a previous study suggested
that LLM could also solve the OPF problem with
small grids. In addition, our results suggest that
not only the predicted solutions by LLMs exhibits
high MSE, but even the understanding (valid out-
puts) and the basic constraint satisfaction are not
supported.
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encourages future research on trustworthy reasoing
an robustness for LLLM-based systems deployed in
critical application domains.
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Gen.  Voltage

Model Case Scenario limits limits PF
Q= 14 Vanilla N 100% 100% 0.415%
oT 3 Vanilla N 100% 100%  0.199%
e Vanilla N 100% 100%  1.19%
« 14  SFTN 100%  100%  1.41%
" SFTN — 1 100% 100%  0.426%
§ Vanilla N 100% 100%  0.134%
& 30 SFT N 100% 100%  2.51%
SFT N — 1 100% 100%  0.747%
8 Vanilla N 100% 100% 1%
- 14 SFT N 100%  99.9%  0.609%
p SFT N — 1 99.4%  96.4% 0.208%
= Vanilla N 100% 100% 0.217%
q 30 SFT N 100%  98.8%  2.35%
= SFT N — 1 100%  98.8%  0.774%
Vanilla N 100% 100%  2.77%
2 14 SFT N 100% 100%  1.92%
4 SFT N — 1 100% 100%  0.609%
5 Vanilla N 100% 100%  0.241%
30 SFT N 100% 100%  4.22%
SFTN — 1 99.8% 100%  2.98%
— Vanilla N 100%  98.7% 7.5%
i.‘ 8 14 GRPO N 100%  99.6%  6.25%
S GRPON —1 100%  98.6%  3.19%
wn
2 ;% Vanilla N 100%  98.9%  11.7%
8 30 GRPO N 100%  995%  12.5%
GRPON —1 99.8% 97%  9.71%
- Vanilla N 99.9%  98.4%  3.94%
j ® 4 GRPO N 100%  99.9%  1.37%
S o GRPON —1 99.9%  99.8% 0.829%
wn
& £ Vanilla N 100%  993%  10.6%
a= 30 GRPO N 100%  99.6%  24.6%

GRPON —1 100% 100% 17.8%

Table 4: % of satisfied constraints by model, case, and scenario



‘ system

You are a powergrid operator running Optimal Power Flow simulation.
and you need to return a JSON formatted responses based on the provided input JSON.
The input is the description of the components of the grid, including the buses,
generators, loads, lines, and external grid. The output is the solution to the
optimal power flow problem. You will get a few examples of Input and Output json.
You need to return the correct Output for the last given Input.

N J
[yser |
user ~
{
"bus": {
s [
[ 345.0, 1.1, 0.9, -93.428, 8.825, 1.0 1,
[ 345.0, 1.1, 0.9, -138.405, -25.953, 1.8 ],

[ 345.0, 1.1, 0.9, 124.925, 48.899, 1.0 ]

]
1,
"load": { "x": [...] },
"ext_grid": B8 [[oool To
"gen": { "x": [...] },

“line": { "x": [...] },

"('bus', 'to', 'load')": { "edge_index": [ [ 4, 6, 8], [0,1,2]1]1},
"('bus', 'to', 'ext_grid')": { "edge_index": [ [© ], [ 0111},
"('bus', 'to', 'gen')": { "edge_ index": [ [ 1, 2], [0, 1] 1]},

\J %
assistant
{ "res_gen": { "@": { "p_mw": 138.405, "q_mvar": 25.953 }, "1": { "p_mw": 97.112,
"g_mvar": -2.994 } }, "res_ext_grid": { "@": { "p_mw": 93.428, "q_mvar": -8.825 }
}, "res_bu { "e": { "vm_pu": 1.0, "va_degree": 0.0 }, "1": { "vm_pu": 1.066,

"va_degree": 0.086 }, "2": { "vm_pu": 1.048, "va_degree": 0.052 }, "3": { "vm_pu":
1.007, “"va_degree": -0.053 }, "4": { "vm_pu": 1.006, "va_degree": -0.092 }, "5": {
“vm_pu": 1.051, "va_degree": 0.0 }, "6": { "vm_pu": 1.041, "va_degree": -0.033 }
"7": { "vm_pu": 1.054, "va_degree": 0.009 }, "8": { "vm_pu": 0.995, "va_degree":

\.9.997 i) J

Figure 5: Prompt used for the OPF task assessment.
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