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[Abstract]

This study compared final-action performance and rejection feedback conditions across four hard-constraint
product recommendation procedures using a single local LLM (qwen3:8b). A fixed 40-monitor catalog, based
on official manufacturer specifications and domestic prices, mapped 19 hard constraints to 46 product fields.
With deterministic ground truth precomputed for 60 queries, we compared single pass (M1), self-refinement
(M2), and Proposer—Critic with rejected-product-ID feedback (M3) or detailed rejection history containing
violated constraint keys, required values, actual values, and natural-language reasons (M4). Under fixed
evaluation conditions, final-action accuracy on REJECTION STRESS was 40.0% (M1), 46.7% (M2), and
93.3% (M3 and M4). Both M3 and M4 recorded zero unsafe acceptances and correctly abstained on all 10
infeasible queries. Repeated same-constraint violation rates were 61.11% (M3) and 57.14% (M4), with a
difference (M4—M3) of —3.97 percentage points (95% confidence interval: [—10.77, 0.00] percentage
points). M4 showed a lower observed repeated-violation rate, although the confidence interval included zero,

and slightly higher input-token use and response latency than M3.

» Key words: LLMs, hard-constraint recommmendation, proposer-critic, abstention,
deterministic ground truth

2 A= & 27 LLM(qwen3:8b) 718F St= AleF AE 3] Wl Ao} 7)1 7F = 218
HlaLsklth A=A A AFE =W 7 7eke] B R 407 1A FFEE o] 197 sk= Aok
4671w HEE U7, 607 Hefo] AFEAH AdS AR ARSIt vl dake 9
SHMI), A FAHM2), 717F 3 ID I =9 7]k AR EARMS), 99 Ak 7] 8k Al A
ghAdol olfrel A Z1AAR oE YRk ARM-AEAMHSTE g By 2719
REJECTION_STRESS S°lA % %5 A= Ml 40.0%, M2 46.7%, M3-M4 Z}Z} 93.39%%] 0.1,
M3-M4= 247 el 591 glo] A E7bs A9 107] BFelA] Ent2A 7]asilth 5 Al <F
WS SIRHES M3 61.11%, M4 57.14%= M47F QLo 2Fo|(M4—M3) —3.97%pe] 95% 1= 53¢
[—10.77, 0.00]%pE 02 E3Hatith M4 98 B2 A3 29 Ade M3 2% =9t}

» FAOf: iR A0 2E StE A 24, Proposer-Critic, 7|H, 2424 dH

* First Author: Tae-Yeon Eom, Corresponding Author: Jae-Woong Kim
*Tae-Yeon Eom (utyv@nate.com), Dept. of Computer Engineering, Kongju National University
** Jae-Woong Kim (jykim@kongju.ac.kr), Dept. of Software, Kongju National University
*xxx\Won-Young Jeon (junlyoung@kongju.ac.kr), Dept. of Software, Kongju National University
* Received: 2026. 09. 08, Revised: 2026. 10. 08, Accepted: 2026. 10. 12.

Copyright © 2026 The Korea Society of Computer and Information
http://www ksci.re.kr pISSN:1598-849X | eISSN:2383-9945



108 Journal of The Korea Society of Computer and Information

I. Introduction
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II. Preliminaries

2.1 LLM-Based and Constraint-Based
Recommendation
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2.2 Self-Refinement, Critiquing, and Verbal
Feedback Memory
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2.3 Abstention and Structured Output Reliability
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2.4 Synthesis of Prior Work and Positioning
of the Present Study
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III. Methodology

3.1 Overview
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User Query + Structured Hard Constraints + 10 Candidate Products
L ]
| Method Selection |
I -
i I |
v | v
‘ M1 : Single Pass ‘ ‘ M2 : Three self-refinement M3/Md: Proposer-Critic Loop
Proposer Selects a Product
Critic Evaluates All
Active Hard Constraints
o
Approved Rejected
ACCEPT(p) Attempts remaining?
Yes No
: v
Rejection Feedback
M3: Product ID Only | ABSTAIN
M4: Constraint
Details + Reason
v
Final Action: ACCEPT or ABSTAIN Proposer
Comparison with Deterministic Ground Truth
Performance Evaluation

Fig. 1. Experimental workflows of the four methods and
deterministic evaluation

3.2 Execution Environment and Evaluation Data
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Table 1. Local Execution Environment and Model

Configuration

Configuration
RTX 3060 (12GB VRAM),

Category

Windows 11,
32GB RAM

Ollama v0.33.2: Qwen3-8B
(8.2B, Q4_K_M, ID: 500a1f067a9f)

0S & Hardware

Model & Engine

Generation Seed: 42, Temp: 0.0, Top-p: 1.0,
Context: 8,192 tokens
Max Output Proposer: 512 tokens
Critict 1,024 tokens
System Timeout: 600s, Max HTTP retries: 2
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Table 2. Summary of the Product Catalog and
Hard-constraint Design

Item Design

Catalog and constraint structure
Candidates 45 monitors
40 products
46 fields

19 constraints

Final Catalog

Catalog Fields
Hard Constraints
Decision Logic Logical AND across all active constraints

. No i tation; the check t
Error Handling o imputation; the checker returns

DATA_ERROR
Example decision rules
Budget pj);'ice = Chud get
Resolution (P = c) N (B, = ¢;)
USB-C PD Pvizeo = TRUE A (pw = ch)
Height pheight,min < Cheight, max
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3.3 Comparison Methods and Evaluation
Framework
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Table 3. Role Configurations and Feedback

Conditions for the Four Methods

Role Number of Feedback used in the
Method . .
configuration  attempts next attempt
M1 Proposer only 1 None
M2 Proposer only 3 Previous output
M3 ProposerCritic Up to 3 Rejected product ID
M4 Proposer-Critic Up to 3 Full rejection details
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IV. Results and Analysis

4.1 Run Completion and Final-Action Performance
A 607 Aelo] Y] 714] whe H8st0] 2407] Aol
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Table 4. Safety and Final-action Performance by
Method

Method REJECTION_STRESS subset
Correct Acc. (%) Unsafe Infeasible Correct Acc. (%) Errors

Full evaluation set

M1 12/30 400 18 0/10  28/60 467 0
M2 14/30 467 16 0/10  31/60 517 0O
M3 28/30 933 O 10/10  55/60 917 3
M4 28/30 933 O 10/10  55/60 917 2

Note. REJECTION_STRESS results are based on 30 queries
per method. Correct abstention is calculated over the 10
infeasible queries. Full-set accuracy is calculated over all
60 queries per method, with run errors counted as incorrect
final actions.
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4.2 Repeated Violations and Differences
Associated with Detailed Rejection History

A 7127 B ool T 52 Ao BHE %’43% At
0]= REJECTION_STRESSOJ|A] M39} M49] 7|7+ & o4&

AIQLS 71202 Hrlstgict. Table 59 7o) M49] wh=
HWhE2 M3EC} 3.97%p SOl T g-HE REAEHO
2 ARESE 95% AlZ]#7ke [—-10.77, 0.00]%p= 02 %
gotuz, watd lole] A7]er 50| 2L T
v2jstc}. M39F M4+ REJECTION_STRESS9] ]% 3=
73.‘2]’5 14040]- }\o] l:l] QH}E 7];&]01]}\1 71»0 7(171]7 ro
wolth A 7|2 R o]2l e vhE oJulgo| Liolx| L v}
go] B xJol2 wolon), Hlwe| Hel ¢yt Ao} 7).
QIYAAREAIAO] 098 7l MFshe Hu B30|
o} old y5o) YAl Wy T 5L W g
2AolA BoIe golr,

Table 5. Repeated Same-constraint Violation Rates

Method Repeated Subsequent Vlolatl:m
violations  proposals  rate (%)
M3: Rejected-ID
feedback 22 36 61.11
Mé_li Qetallgd 20 35 14
rejection history

Between-method difference: M4 — M3 = —3.97 percentage
points

95% paired bootstrap confidence interval: [—10.77, 0.00]
percentage points

4.3 Operational Costs and Overall Interpretation

Table 6. Average Inference Costs by Method

Model Prompt Output Latency
Method Calls Tokens Tokens (s)
M1 1.00 3,169.3 10.0 3.42
M2 3.00 9,667.8 31.1 11.30
M3 4.07 8,611.6 4971 22.20
M4 4.03 8,708.2 494.8 22.47

Note. Values are averaged over completed runs: M1 and
M2, n = 60 each; M3, n = 57, M4, n = 58.
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V. Conclusions
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