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Introduction

Large reasoning models create new opportunities for optimization modeling, but
post-training is delicate.

Our key idea is simple: repair the model’'s own reasoning instead of replacing the
whole solution.
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Task Definition

The task is to translate a natural-language optimization problem into a mathematical
model and solver code. Strong performance requires formulate, code, execute,
iInspect, and revise.

—————————————————————————————————————————————————————————————————————————————

Problem

Transport 25 tons product via trucks/airplanes/ships.
Costs: $100/ $120 / S130; caps: 10/ 20/ 30.
Truck and ship can’t be chosen together...

Model
min 100y, 4+ 120y, + 130y

S.t. Y1 < 10561

Solver Code (PulLP)

" From pulp import LpProblem... &
m = LpProblem("OR", LpMinimize)
x={...}; y={...}
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Pilot Study

Fine-tuning on complete solutions helps easy benchmarks but hurts hard
ones. This suggests complete-solution supervision can interfere with the
base model's native reasoning process.
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+ SFT on Absolute
Benchmark Base LRM OR-Instruct-3K  Change
NL4OPT 85.8 92.9 +7.1
MAMO Easy 73.8 88.7 +14.9
MAMO Complex 46.5 40.5 -6.0
IndustryOR 46.2 27.5 -18.7
OptMath 33.1 6.6 -26.5
Macro AVG 57.1 51.2 -5.9

A Taxonomy of Failures in the Base LRM'’s Solutions:

NL4Opt -
MAMO-Easy -

[T1] Premature NL Solving MAMO-Complex -

(24.93%)
Code Utilization Distrust IndustryOR -
(32.28%)
OptMath - :
[T2] Fragmented Coding Macro Average - _-32'28%
(5.15%) T T T T T 1
[T3] Redundant Manual Verification 0 20 40 60 80 100
(2.20%) Frequency (%)
}3,315%/3)“‘ oA R (2a) Code Utilization Distrust
NL4Opt { JI3.33%
MAMO-Easy - [ 11.00%
[T5] Flawed Reasoning or Modeling  Lack of OR Expertise
ehess Expertioc BAO-Compiex | I +5 00
industryor | I +0.00%
optatn | N I M N 00
[T6] Implementation Error J “ 479
. (10.40%) Macro Average 35.47%
[T7] Protocol Violation Trigger 7 - 0 20 40 60 80 100
(3.70%) (3.70%) Frequency (%)

(1)Two categories of the triggers (2b) Lack of OR Expertise

CALM Method

Let the base model try first. Detect the first mistake, insert a short hint, and continue from the
repaired context.

___________________________________________________________________________________________________________________________________________________

(Qucst.ion) A c‘»licnt a,sk§ h.is stockbroker to mvest $100,000 for maximum annual income . The LRM incorrectly models the )
i ...<skip question description= ... investment budget as a strict equality
"""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""" ( total investment == 100000 ).. The

correct approach is to model the budget
as an upper bound ( total investment <=
1000007 ).. /

<think>
...[skip 304 tokens]...
- Let( x_o") be the number of shares of o1l stock.
[ -\( x_a) for auto.
Reasoner - '(x p*") for pharmaceutical.
. Then, the amount invested in oil is }( 120 x_o '), in auto is }( 52 x_a ‘), and in pharma is \( 18 x_p ')
. But let's confirm: since all returns are positive, it's better to invest all money. So, \( 120 x_o +
' 52x a+ 18 x_p=100,000\).

Intervener

—

52 x a+18x p=100,000\).

L ...[skip 9823 tokens]... Hint OkKkay, I've defined the decision variables. ...Since I'm dealing with integer shares, it might not
v </think> . rted be possible to use *exactly* $100,000 while achieving the highest return. ... The correct and
I<kin 610 tokens] ; insere more robust approach is to treat the $100,000 as a budget. Therefore, the constraint should be:
s thlti('m e . 169 tokens  \(120x o +52x_a+18 x_p \leq 100,000 ).
‘ i ...[skip 379 tokens]...

~python
. E Then the constraints:

¢ 120%x_0+52*x_a+ 18*x_p <= 100000 # budget
\ "7 ...[skip 766 tokens]...

‘ </think>

# Constraints
+ # Total investment: 120¥*x_o + 52*x_a + 18*x_p = 100000
prob +=120%x_o +52*x_a + 18*x_p = 100000, "Total Investment"

' Code

JInterpreter ~output
‘ »  Optimal Annual Income (dollars): 9640.0

...|skip 869 tokens]...
,  **Python Code Execution:**

1~ python

E # Add constraints
" # Budget constraint: 120*x_o + 52*x_a + 18*x_p <= 100000

...|skip 272 tokens]... .
' prob+=120*x 0+52*x a+ 18 * x p <=100000

\boxed {9640}

Code E

lnterpretelr Ol{tput
»  Maximum Annual Income: 9647.0

: E ...|skip 400 tokens]...
i \boxed {9647}

(2) CALM

(1) original

STORM Results

STORM-4B matches 671B DeepSeek-R1-0528 on five optimization modeling benchmarks. RL with CALM increases code use and improves solver reliability.
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Evaluation Benchmarks

Macro AVG
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Training Steps

(a) RL Performance on Complex Test Sets.

Training Steps

(b) Average Number of Code Blocks.



