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Abstract

Large Language Models (LLMs) have demon-
strated considerable efficacy in classification
tasks, yet their performance depends on two
critical prompt components: Task Instructions
(HOW to classify) and Class Descriptions
(WHAT defines each class). While prompt en-
gineering research has extensively explored in-
struction optimization, class descriptions have
received comparatively less attention, often
being treated as fixed inputs or simple label
names. This represents a critical gap for real-
world classification tasks, particularly in con-
tact center domains, where labels often suffer
from ambiguous boundaries, overlapping def-
initions, and incomplete coverage of possible
cases—substantially limiting accuracy regard-
less of instruction quality.

We propose a multi-agent framework for it-
eratively refining class descriptions based on
classification errors. By analyzing misclassi-
fied instances, language agents automatically
generate improved descriptions that better cap-
ture class distinctions and resolve ambiguities.
Empirical evaluation across contact center and
public benchmark datasets demonstrates up
to 20.71% accuracy improvements over static
class descriptions, addressing an orthogonal
dimension to existing instruction optimization
techniques.

1 Introduction

Contact centers record millions of customer inter-
action transcripts daily, requiring accurate classifi-
cation into business-relevant categories for down-
stream applications, including quality assurance,
experience analytics, compliance monitoring, and
strategic insights.

Recent advances in Large Language Models
(LLMs) enable zero-shot and few-shot classifica-
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tion (Wang et al., 2023), (Brown et al., 2020), al-
lowing rapid adaptation to evolving taxonomies
without extensive labeled data or costly retrain-
ing. However, contact center taxonomies with hun-
dreds of classes pose a practical challenge: fitting
all class descriptions within a single prompt ex-
ceeds LLM context constraints and degrades per-
formance. To address this, retrieval-augmented
approaches (Vandemoortele et al., 2025), (Milios
et al., 2023), (Pattnaik et al., 2025) dynamically se-
lect relevant candidate classes for each instance, en-
abling efficient high-cardinality classification. Yet
these advances focus primarily on how to efficiently
scale classification, while a critical bottleneck re-
mains under-explored: the quality of class de-
scriptions themselves—the what that defines each
category.

Production contact center taxonomies are typ-
ically defined by business stakeholders without
machine learning expertise, resulting in class de-
scriptions that prioritize operational semantics over
discriminative clarity. Systematic analysis reveals
three failure modes: vague boundaries without ex-
plicit decision criteria, semantic overlap among re-
lated categories, and missing contrastive features
that distinguish similar classes (Table 8). This spec-
ification gap fundamentally limits classification
performance regardless of instruction quality, as
task-level instructions cannot compensate for inad-
equate class-level definitions.

We propose a multi-agent framework for itera-
tive, error-driven refinement of class descriptions
using validation data. The framework identifies
high-confusion class pairs through error analy-
sis, samples their misclassified instances, and em-
ploys LLM agents to generate revised descrip-
tions that explicitly contrast confused categories.
By presenting both positive and negative exam-
ples—what should and should not belong to each
class—the agent produces mutually exclusive and



collectively exhaustive (MECE) descriptions that
resolve boundary ambiguities and reduce system-
atic confusion patterns.

Our method is complementary to existing
prompt optimization techniques (Pryzant et al.,
2023a), (Ye et al., 2024a), (Wang et al., 2024), (Do
et al., 2024), (Sinha et al., 2024), operating on an
orthogonal dimension of the classification prompt.
While instruction optimization focuses on improv-
ing task-level reasoning (the how), our description
refinement addresses class-level semantic clarity
and discriminative power (the what). This orthog-
onality suggests that gains from both approaches
could potentially compound, though we leave em-
pirical investigation of such combinations to future
work.

Our contributions are threefold:
• Error-driven description refinement frame-

work: We introduce a multi-agent system
that analyzes confusion patterns to iteratively
improve class descriptions—addressing the
under-explored problem of class definition
quality rather than task instruction optimiza-
tion.

• Performance ceiling of instruction opti-
mization: We show that model scaling and
prompt optimization yield minimal gains on
confused classes (Section 4), establishing that
description quality represents a fundamental
bottleneck requiring targeted refinement.

• Substantial and generalizable improve-
ments: We achieve up to 20.71% accuracy
gains over static descriptions across eight
datasets spanning diverse domains, cardinal-
ities (35-160 classes), and text lengths (13-
2000 tokens), demonstrating broad applicabil-
ity beyond contact center scenarios.

2 Problem Formulation

Given a dataset D = {(xi, yi)}ni=1 of input texts
xi and labels yi ∈ Y = {y1, . . . , yL}, we model
an LLM-based classifier as a function of both task
instructions and class descriptions:

f(x; I,C)

where I represents the task instruction (HOW to
classify) and C = {c1, . . . , cL} denotes the natural
language descriptions defining each class (WHAT
each class represents).

Given a fixed instruction I and initial descrip-

tions C(0), our objective is to find optimal descrip-
tions C∗ that minimize classification error on a
validation subset Dval ⊂ D:

C∗ = argmin
C

∑
(xi,yi)∈Dval

⊮[f(xi; I,C) ̸= yi]

We perform this optimization iteratively through
error-driven refinement. At each iteration t, we: (1)
identify a high-confusion class yj based on vali-
dation error, (2) sample its misclassified instances
E(t)
j = FP(t)

j ∪ FN(t)
j , where FP(t)

j are instances in-

correctly predicted as yj and FN(t)
j are instances of

yj missed by the classifier, and (3) employ a multi-
agent system A to generate refined description:

c
(t+1)
j = A(c

(t)
j , FP(t)

j , FN(t)
j )

where C(t+1) = C(t) \ {c(t)j } ∪ {c(t+1)
j } rep-

resents the updated description set. The multi-
agent system is designed to generate descriptions
that minimize confusion with related classes by ex-
plicitly contrasting positive and negative boundary
cases.

3 Data Sources

Table 3 presents four proprietary contact center col-
lections with business-authored taxonomies and
four public benchmarks spanning intent detec-
tion, topic classification, and article categoriza-
tion. This mix assesses performance across produc-
tion scenarios with real-world label quality issues
and standardized evaluation settings. For DBpe-
dia (Lehmann et al., 2015), we use the Level-2 (L2)
taxonomy consisting of 70 classes, which we refer
to as DBPedia-70. For Web of Science (Kowsari
et al., 2017), we use the 35-class version of the
dataset.

Contact center datasets include business-
authored class descriptions with varying ambiguity
and overlap, derived from English audio transcripts
and webchat interactions. For public benchmarks
providing only class names, we generate initial de-
scriptions following Pattnaik et al. (2025).

We use a subset of training data as Dval for de-
scription refinement, with held-out test sets for final
evaluation.



4 Limitations of Static Descriptions

Can scaling model capacity or optimizing task in-
structions resolve errors from ambiguous class def-
initions? We investigate this on DBpedia-70, track-
ing 12 high-confusion classes where ≥70% of base-
line errors stem from a single competing class (e.g.,
"WinterSportPlayer" vs. "Athlete", "Stream" vs.
"BodyOfWater").

Model Scaling. Table 1 shows that while
overall macro-F1 improves substantially
(LLaMA (Grattafiori et al., 2024): +36.8%),
confused classes show minimal improvement or
degradation (Nova (AGI et al., 2025): -10.8%,
GPT-OSS (OpenAI et al., 2025): -4.4%, LLaMA:
+1.9%, GPT: +1.6%). All large models converge to
similar confused class performance (0.31-0.50 F1)
despite varying overall capabilities (0.83-0.90 F1).

Prompting Strategies. Table 2 shows strategies
improving overall F1 by +10.6% yield only +3.6%
gains on confused classes. PE2 optimization (Ye
et al., 2024a) achieves +10.6% overall but +2.8%
on confused classes; chain-of-thought (Wei et al.,
2022) provides +6.2% overall but only +0.6% on
confused classes.

Implications. These results reveal a structural
bottleneck: when errors arise from inadequate class
specifications, improving inference mechanisms
yields limited gains. The consistent ceiling indi-
cates class descriptions themselves require refine-
ment based on observed confusion patterns.

Family Model F1 F1 (conf.) ∆ F1 ∆ F1 (conf.)

Nova nova-lite 0.7644 0.4044 - -
nova-pro 0.8256 0.3608 +8.0% -10.8%

GPT-OSS 20B 0.8516 0.4017 - -
120B 0.8875 0.3841 +4.2% -4.4%

LLaMA 8B 0.6214 0.3048 - -
70B 0.8498 0.3105 +36.8% +1.9%

GPT gpt-4o-mini 0.8247 0.4954 - -
gpt-4o 0.8984 0.5033 +8.9% +1.6%

Table 1: Performance across model families and pa-
rameter scales on DBPedia-70. F1 denotes Macro F1;
F1 (conf.) denotes Macro F1 computed over confused
classes only; and ∆ denotes relative improvement be-
tween smaller and larger variants.

5 Proposed Methodology

We propose an iterative framework that refines
class descriptions by analyzing classification er-
rors. The approach identifies low F1-score classes,
samples their misclassified instances, and employs

Prompt Type F1 F1 (conf.) ∆ F1 ∆ F1 (conf.)

Regular Prompt 0.7644 0.4044 - -
Few Shot 0.8254 0.4189 +8.0% +3.6%
Chain of Thought 0.8121 0.4068 +6.2% +0.6%
PE2 Optimized 0.8452 0.4156 +10.6% +2.8%

Table 2: Performance of different prompting strategies
using nova-lite. F1 denotes Macro F1; F1 (conf.) de-
notes Macro F1 computed over confused classes only;
and ∆ denotes relative improvement over the regular
prompt baseline.

multi-agent systems to generate discriminative im-
provements (Figure 1).

5.1 Framework Overview

Given labels Y = {y1, . . . , yL} with initial de-
scriptions C(0), our framework iteratively refines
descriptions using validation data Dval. Each itera-
tion refines one high-confusion class through four
stages: (1) Error Analysis and Sampling—identify
the most confused class and sample misclas-
sifications, (2) Hint Generation—extract con-
trastive patterns from errors, (3) Description Refine-
ment—generate improved descriptions via LLM
agents, and (4) Validation and Stopping Crite-
ria—verify confusion reduction. The process con-
tinues until error thresholds are met or Tmax it-
erations. We detail each stage in the following
subsections.

5.2 Error Analysis and Sampling

At each iteration t, we classify all instances in Dval

using the current descriptions C(t). For each input
xi, the LLM produces a predicted label ŷi. We com-
pute class-wise metrics (precision, recall, F1) and
construct a confusion matrix to identify systematic
error patterns.

We select the candidate class yj with the low-
est F1-score for refinement. We apply Maximal
Marginal Relevance (MMR) sampling (Carbonell
and Goldstein, 1998) on summarized misclassi-
fied texts of class yj to select up to N diverse in-
stances, maximizing coverage of distinct confusion
patterns.

To identify which competing classes cause the
most confusion, we analyze the distribution of mis-
classifications. If errors involving a specific class
yk account for more than 30% of yj’s total errors,
we mark (yj , yk) as a high-confusion pair requiring
explicit contrastive analysis in subsequent stages.



Figure 1: Error-driven multi-agent description refinement pipeline. At each iteration: (1) classify validation set,
select lowest-F1 class, and sample diverse errors via MMR (false positives, false negatives, confused pairs), (2)
generate contrastive hints using Hint Generator and Reviewer agents, (3) synthesize refined descriptions using
Description Synthesis and Reviewer agents, and (4) validate via error resolution and stability checks. Validated
refinements update the description and advance to the next iteration; failed refinements trigger selection of the
next-lowest F1 class. The dual-agent architecture with review cycles ensures systematic quality control.

5.3 Hint Generation

We employ a two-agent system using specialized
LLMs to extract actionable insights from sampled
errors (prompt details in Appendix E.2). For each
error instance (x, ŷ, y), a Generator Agent pro-
duces one hint based on error type: false positives
(FPs) yield exclusion criteria, false negatives (FNs)
yield inclusion criteria, and high-confusion pairs
yield contrastive distinctions between yj and yk. A
Reviewer Agent evaluates each hint for specificity,
actionability, and correctness, either approving it or
requesting revision with feedback. This generate-
review cycle iterates until approval (maximum 3
rounds).

From N sampled FPs and FNs for class yj , this
process yields a set of approved hints H(t)

j that are
aggregated and synthesized into an improved de-
scription in the next stage (representative examples
in Table 11).

5.4 Description Refinement

Given the approved hint set H(t)
j for class yj , we

again employ a two-agent system to synthesize
these insights into an improved description (prompt
specifications in Appendix E.3). Table 7 shows
few examples of initial and final descriptions for

confused classes from DBPedia-70 dataset.

Description Synthesis Agent. The Synthesis
Agent receives the current description c

(t)
j and

the complete hint set H(t)
j (containing FP exclu-

sions, FN inclusions, and contrastive distinctions
for high-confusion pairs). The agent first aggre-
gates and consolidates the hints, removing redun-
dancies while preserving specific details, then gen-
erates 1-3 concise sentences capturing new discrim-
inative information not already present in c

(t)
j . The

agent is explicitly instructed to avoid redundancy
with existing content and prioritize contrastive dif-
ferentiators when high-confusion pairs exist.

Description Reviewer Agent. The Reviewer ver-
ifies that proposed additions: (1) introduce new
information absent from c

(t)
j , and (2) accurately ad-

dress the error-derived hints. The reviewer outputs
APPROVE or REVISE with specific feedback. This
cycle continues until approval or 3 iterations. Upon
approval, we update: c(t+1)

j = c
(t)
j ⊕∆cj , where

∆cj denotes the approved additions.

5.5 Validation and Stopping Criteria

Before accepting c
(t+1)
j , we validate that refine-

ments improve classification without regressions



through two checks: (1) Error Resolution—at
least 20% of sampled errors are resolved when re-
classified with c

(t+1)
j , and (2) Performance Stabil-

ity—class-wise metrics for yj and overall accuracy
on Dval do not degrade by more than 5% and 0.5%,
respectively.

If both checks pass, we accept c(t+1)
j and pro-

ceed to the next iteration and marking yj as non-
refinable. Failed validations result in discarding
c
(t+1)
j and moving to the next class with lowest

F1-score. The framework terminates when no class
passes validation in a full cycle, or the iteration
budget Tmax is reached.

5.6 Implementation Details

Our framework is model-agnostic and compatible
with any instruction-following LLM. We employ
separate models for classification and the agentic
components, allowing practitioners to select mod-
els based on cost-performance tradeoffs for each
role. Complete prompts for all agents are provided
in Appendix E.2 and E.3, with detailed algorithms
in Appendix F.

The framework requires configuration of sev-
eral hyperparameters: sample size (N ), confu-
sion threshold for identifying high-confusion pairs
(τconf ), maximum review-revision cycles (Rmax),
minimum error resolution rate (τresolve), stability
tolerances for class-wise (τclass) and global met-
rics (τglobal), and maximum refinement iterations
(Tmax). These parameters control the tradeoff be-
tween refinement thoroughness and computational
cost. Appendix Section C covers all hyperparame-
ters used in our experiments.

6 Evaluation

6.1 Experimental Setup

We evaluate on the eight datasets described in Sec-
tion 3, allocating 20% of training data as Dval for
description refinement and using held-out test sets
for evaluation. For each dataset, we report perfor-
mance before and after iterative refinement of class
descriptions.

6.2 Results

Table 3 shows consistent improvements across all
configurations, ranging from +3.43 to +20.71 per-
centage. Nova-lite achieves the largest gains (pub-
lic benchmarks: +7.45 on average, contact cen-
ter: +11.67 on average), followed by gpt-4o-mini

(+5.76, +9.14) and claude-4-5-haiku (+4.42, +6.33).
The larger improvements observed for smaller mod-
els suggest that description quality is more critical
when model capacity is limited.

Figure 2 shows the accuracy improvement of
different datasets using nova-lite over iterations.
We fixed the number of iterations to 20 to reduce
computational cost. In the figure, Web of Science
stops at the 10th iteration due to our early stopping
criterion: once no improvement is observed across
classes, training halts.

Confused classes (≥ 70% errors from single
competing class) show substantially larger improve-
ments: +12.45 to +85.36 Macro F1 points across
datasets (Table 6). This validates Section 4 find-
ings—targeted description refinement resolves the
bottleneck that model scaling and prompt optimiza-
tion cannot address.

The multi-agent system described in this work
is deployed in production for 10+ customers,
improving classification accuracy across various
downstream tasks.

7 Ablation Studies

7.1 Effect of Error Sample Size

We evaluate error sample size N on DBpedia-70,
varying from 5 to 30 instances. Table 10 shows
accuracy improves consistently as N increases to
20 across all models, with gains of +6-4 percent-
age points from N=5 to N=20. Beyond N=20,
marginal gains diminish (≤ 0.3 points at N=25)
while computational cost scales linearly. At N=30,
performance slightly degrades. We select N=20 as
it balances accuracy with efficiency.

7.2 Effect of Hint Components

We ablate three hint generation components on
DBpedia-70: false positives (FP), false negatives
(FN), and contrastive analysis (Table 9).

Removing contrastive hints causes the largest
degradation (-3.0 to -5.7 points), demonstrating that
explicitly targeting high-confusion pairs is critical.
Removing FP hints (-2.1 to -3.2 points) or FN hints
(-2.1 to -2.6 points) shows moderate but significant
impact, as these define exclusion and inclusion
criteria respectively.

The full combination achieves best performance
(+4.7 to +10.1 points), confirming each component
provides complementary signals: contrastive anal-
ysis targets confused pairs, FN adds inclusions, FP



Dataset #Labels nova-lite gpt-4o-mini claude-4-5-haiku

Init Final ∆(%) Init Final ∆(%) Init Final ∆(%)

DBPedia-70 70 77.14 87.23 +13.08 83.65 89.34 +6.80 85.86 90.57 +5.48
Clinc150 150 86.87 90.51 +4.19 87.00 91.27 +4.91 88.95 92.00 +3.43
Banking77 77 73.23 77.35 +5.63 74.44 78.78 +5.83 80.32 83.44 +3.88
Web of Science 35 60.12 64.27 +6.90 62.56 66.00 +5.50 62.62 65.69 +4.90
Travel 160 65.23 71.35 +9.38 67.44 71.78 +6.44 68.32 72.44 +6.03
E-Commerce 120 72.31 77.55 +7.25 71.28 76.43 +7.23 74.59 78.67 +5.47
Food Delivery 65 78.53 85.86 +9.33 79.46 86.74 +9.16 80.25 83.56 +4.12
Medical Insurance 80 60.26 72.74 +20.71 62.64 71.24 +13.73 67.35 73.87 +9.68

Table 3: Initial and final accuracies (%) across benchmark datasets. ∆ denotes relative percentage improvement
with respect to the initial accuracy. #Labels denote the number of classes in the datasets

adds exclusions.

8 Related Work

Instruction Optimization. Prior work has exten-
sively explored automatic optimization of task in-
structions for LLM-based classification, including
evolutionary approaches (Fernando et al., 2023),
gradient-based methods (Pryzant et al., 2023b), and
error-driven refinement (Yang et al., 2024; Ye et al.,
2024b; Zhang et al., 2023). These methods op-
timize the reasoning process (HOW to classify)
rather than class definitions (WHAT defines each
class), representing an orthogonal dimension to our
work.

Class Description Refinement. Several works
address class description quality. Pattnaik et al.
(2025) demonstrated effective high-cardinality clas-
sification through retrieval-augmented multi-view
label representations. Most similarly, Rajeev et al.
(2025) iteratively refine descriptions using con-
trastive prompting on misclassified samples with
human-in-the-loop category introduction. How-
ever, their approach has key limitations: (1) no
systematic quality control—refinements are ap-
plied without validation for specificity, actionabil-
ity, or correctness; and (2) no performance verifi-
cation—updates are accepted without confirming
they improve classification or avoid degradation.

Our framework addresses these through: (1)
multi-agent validation; (2) performance-based ac-
ceptance— discarding failed refinements; and (3)
demonstrated scalability—effectiveness across 35-
160 classes including real-world enterprise tax-
onomies.

Multi-Agent Methods. Self-reflection (Shinn
et al., 2023; Madaan et al., 2023) and multi-agent
architectures (Hong et al., 2024) have shown LLMs
can improve outputs through specialized roles. We

employ generator-reviewer pairs with explicit qual-
ity criteria enforced through generate-review-revise
cycles.

9 Conclusion

We present a multi-agent framework for iterative,
error-driven refinement of class descriptions in
LLM-based classification. While prompt engineer-
ing research has focused extensively on optimizing
task instructions—the HOW of classification—we
demonstrate that systematic refinement of class
descriptions—the WHAT that defines each cate-
gory—addresses a complementary and often more
impactful dimension of prompt quality.

Through evaluation across 4 proprietary contact
center datasets and 4 public benchmarks spanning
diverse domains and label cardinalities (35-160
classes), we achieve upto 20.71% accuracy im-
provements over static baseline descriptions. Our
analysis reveals that description quality creates a
performance ceiling that instruction optimization
alone cannot overcome: scaling models by 10×
and optimizing prompts yields minimal gains on
confused classes, while our targeted description re-
finement directly resolves these systematic errors.

By automatically refining domain expert-
authored descriptions using validation data, our
framework enables accurate, maintainable LLM
classification for enterprise deployments without
requiring prompt engineering expertise.

Limitations and Future Work

Our approach requires validation data with suffi-
cient samples per class and assumes errors stem pri-
marily from inadequate descriptions rather than in-
herent data ambiguity. Hyperparameters were fixed
across datasets, and evaluation is limited to English
text classification. Future directions include: (1)



investigating synergy with instruction optimization
for compounding benefits, (2) dataset-specific hy-
perparameter tuning and adaptive stopping criteria,
and (3) extension to multilingual settings.

Ethical Considerations

Privacy. Our proprietary datasets contain de-
identified contact center transcripts with PII re-
moved following enterprise privacy protocols. Data
usage complies with applicable regulations (GDPR,
CCPA). Public datasets were used per their original
licenses.

Bias and Fairness. Error-driven refinement
could amplify biases if errors disproportionately
affect certain groups. Practitioners should audit re-
fined descriptions for discriminatory language and
validate fair accuracy distribution across popula-
tions.

Labor Impact. Improved classification may
affect contact center workforce dynamics. Our
framework is intended to augment human agents
by reducing misrouting, not replace them. Orga-
nizations should consider workforce impact and
provide transition support.

Accountability. Automated description modi-
fications require oversight. We recommend: (1)
maintaining audit trails, (2) human review for criti-
cal categories (compliance, safety), and (3) domain
expert approval for high-stakes deployments. Our
iterative design supports human-in-the-loop valida-
tion.

Environmental Impact. Our framework incurs
computational cost (Section B). While modest and
one-time, practitioners should balance accuracy
gains against environmental impact. Using efficient
models for validation reduces carbon footprint.
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A Ablation Tables

A.1 Effect of Sampling Strategy

We adopt MMR sampling to select the N error in-
stances used for hint generation. This approach
ensures that the selected error instances cover a
wider variety of error patterns and avoid redundant
selection of similar errors. We evaluate the effec-
tiveness of MMR sampling by comparing it against
random sampling across all datasets using nova-lite.
As show in Table 4, MMR-based sampling consis-
tently outperforms random sampling, with delta
accuracy gains ranging from 1.07% to 7.14%.
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Dataset Accuracy

MMR Random

DBPedia-70 87.23 83.75
Clinc150 90.51 88.61
Banking77 77.35 76.24
Web of Science 64.27 63.11
Travel 71.35 69.52
E-Commerce 77.55 76.73
Food Delivery 85.86 83.12
Medical Insurance 72.74 67.89

Table 4: Effect of sampling strategy on classification
accuracy across datasets using nova-lite.

# Labels Initial Acc Final Acc ∆(%)

9 88.89 90.83 2.18
70 77.14 87.23 13.08
219 75.42 79.98 6.04

Table 5: Accuracy (%) before and after optimization on
DBpedia subsets with varying number of class labels
for nova-lite model. ∆ denotes relative percentage im-
provement with respect to the initial score.

A.2 Effect of Number of Classes

We evaluate our method on three subsets of DBpe-
dia with 9, 70, and 219 class labels, respectively.
Table 5 reports the initial and final accuracy along
with the percentage improvement (∆). With only 9
classes, the label space is compact and inter-class
boundaries are relatively well-separated, leaving
limited room for improvement (∆ = 2.18%). As
the number of labels grows to 70, confusion be-
tween semantically similar classes increases sub-
stantially, and the optimization yields the largest
gain (∆ = 13.08%). At 219 classes, although
inter-class confusion remains high, the sheer gran-
ularity of the label space makes it harder for de-
scriptions alone to fully disambiguate closely re-
lated categories, resulting in a moderate improve-
ment (∆ = 6.04%). These results suggest that
our approach is most beneficial in mid-to-large tax-
onomies where class overlap is significant yet still
addressable through improved descriptions.

A.3 Effect of Refinement Iterations

In each iteration, we update a single class descrip-
tion and evaluate whether the revision improves
classification performance. An update is accepted
only if it satisfies both class-level and global val-
idation criteria; otherwise, it is rejected. To limit
computational cost, we fixed maximum iterations
(Tmax) to 20 for all datasets and then analyzed the

accepted and rejected updates across datasets to
understand the optimization dynamics(Table 12).

DBPedia-70 exhibits the lowest acceptance rate
of 16%, highlighting the difficulty in refining class
descriptions without degrading overall accuracy.
Web of Science shows a similarly low acceptance
rate 18%, however, this is primarily due to early
convergence, as it met the stopping criteria by the
10th iteration. In the final iteration, all remaining
classes were attempted, but none passed validation,
lowering the overall acceptance rate.

CLINC150 has the highest acceptance rate of
36%, with stable and frequent successful updates.
Given its larger label space and low rejection fre-
quency, it would likely benefit from additional it-
erations to further refine the remaining classes and
improve accuracy.

Among internal datasets, Medical Insurance ex-
hibits lowest overall acceptance rate at 15%, as its
class boundaries are more nuanced and difficult to
distinguish, making refinement challenging with-
out affecting the performance of other classes.

B Computational Cost Analysis

To assess the practical feasibility of our framework
for enterprise deployment, we analyze computa-
tional costs across all datasets. We assume 100
validation instances per class, 20 refinement iter-
ations, and N = 10 error instances sampled per
iteration. Costs are computed using standard API
pricing for Claude Sonnet 4 (Hint Generator, De-
scription Synthesis), DeepSeek-R1 (Hint Reviewer,
Description Reviewer), and Nova Lite (classifica-
tion).

Table 13 breaks down costs into two components:
(1) Refinement—the cost of multi-agent hint gen-
eration, review, synthesis, and description review
cycles, and (2) Validation—the cost of classifying
the validation set to identify errors, compute met-
rics, and validate refined descriptions.

Cost Structure. Refinement costs range from
$13 (Web of Science) to $62 (Travel), correlat-
ing primarily with taxonomy cardinality and the
number of classes requiring refinement. Each re-
finement iteration involves:

• Hint Generation: Up to 10 errors/iteration
× 20 iterations = 200 hint generation-review
cycles (each with up to Rmax = 3 revisions)

• Description Synthesis: 1 descrip-
tion/iteration × 20 iterations = 20 description



Dataset nova-lite gpt-4o-mini claude-4-5-haiku

Init Final Init Conf. Final Conf. Init Final Init Conf. Final Conf. Init Final Init Conf. Final Conf.

DBPedia-70 0.7644 0.8655 0.4044 0.7496 0.8247 0.8813 0.4954 0.7990 0.8568 0.9017 0.5996 0.7454
CLINC150 0.8668 0.9029 0.6593 0.8454 0.8646 0.9130 0.4946 0.7403 0.8900 0.9187 0.7909 0.9196
Banking77 0.7266 0.7713 0.5330 0.6080 0.7409 0.7842 0.6385 0.7375 0.7984 0.8316 0.6785 0.7630
Web of Science 0.6014 0.6413 0.4726 0.5545 0.6234 0.6584 0.5065 0.5806 0.6262 0.6517 0.4348 0.4933
Travel 0.6477 0.7040 0.4156 0.5563 0.6628 0.7087 0.4878 0.6012 0.6793 0.7221 0.5031 0.6145
E-commerce 0.7159 0.7674 0.5212 0.6304 0.7130 0.7624 0.5735 0.7094 0.7389 0.7837 0.5662 0.7127
Food Delivery 0.7721 0.8491 0.4639 0.5930 0.7832 0.8582 0.5047 0.5829 0.7946 0.8264 0.5259 0.6156
Medical Insurance 0.5873 0.7075 0.4018 0.5358 0.6156 0.7027 0.4287 0.5311 0.6498 0.7194 0.4234 0.5587

Table 6: Initial and final Macro F1 scores (on the full dataset) and Macro F1 scores on confused classes across
datasets and models. “Init” and “Final” refer to scores on the full dataset before and after optimization, while “Init
Conf.” and “Final Conf.” refer to scores on confused classes before and after optimization.

Figure 2: Accuracy plot for nova-lite model across datasets and iterations

synthesis-review cycles (each with up to
Rmax = 3 revisions)

However, actual costs vary because: (1) not all
classes undergo refinement (average: 32%), (2)
high-cardinality taxonomies generate more con-
trastive hints for confused pairs, and (3) review
cycles may terminate early upon approval. Larger
taxonomies like CLINC150 (150 classes, $55) and
Travel (160 classes, $62) incur higher refinement
costs than smaller ones like Web of Science (35
classes, $13).

Validation costs vary even more substan-
tially—from $34 to $657—scaling with validation
set size and text length. Each of the 20 iterations
requires classifying the full Dval twice: once for
error analysis, and once for validating the refined
description. For most datasets, validation domi-

nates total cost (75-95% of expenditure).
Cost Drivers. Both cost components exhibit

clear dependencies. Refinement costs scale with
taxonomy cardinality: datasets with 150+ classes
(CLINC150: $55, Travel: $62) cost 3-5× more than
those with <40 classes (Web of Science: $13). Val-
idation costs scale with the product of dataset size
and token length: CLINC150 (15K instances × 15
tokens, $551) and Travel (16K × 800 tokens, $657)
incur the highest costs, while Medical Insurance
with fewer but longer texts (8K × 2,000 tokens,
$198) falls in the middle range.

Cost-Effectiveness. These are one-time offline
costs amortized across potentially millions of fu-
ture inferences. For example, DBPedia-70’s total
cost of $153 ($28 + $125) yields a +10.09 absolute
percentage point accuracy improvement (+13.08%



Category Original Description Final Description Most Confused
With

WinterSport-
Player

This topic represents
professional winter
sports athletes, partic-
ularly those who have
competed in Olympic
or international-level
competitions in sports
like figure skating, ski-
ing, ski jumping, short
track speed skating, ice
dancing, and curling.

This category represents professional winter sports athletes whose
primary notability stems from competitive careers in sports such as
figure skating, alpine skiing, ski jumping, speed skating, ice dancing,
curling, and ice hockey at Olympic, international championship, or
professional league levels. Athletes include both active and retired
competitors, including those who transitioned to coaching, broadcast-
ing, or other post-career roles, as long as their biographical identity
centers on their competitive achievements such as Olympic medals,
world championships, or professional league success. Former NHL
players who became commentators or broadcasters remain classi-
fied here since their notability derives from their playing career, not
their media work. Similarly, athletes with significant non-athletic
accomplishments like military service are included when their winter
sports achievements are a defining part of their identity. The category
encompasses athletes from various regions who achieved elite-level
competitive success in winter sports.

Athlete

FootballLeague-
Season

This topic represents
seasons or annual
summaries of profes-
sional football teams
(NFL, CFL, and other
leagues), typically de-
scribing their win-loss
records, key events,
personnel changes, and
playoff/championship
outcomes for a specific
year.

This category covers individual team seasons in North American
professional gridiron football leagues only, including NFL, CFL,
Arena/Indoor Football League, CIFL, AIFA, and other regional or
historical professional circuits, but explicitly excludes college foot-
ball (NCAA), lacrosse leagues (MLL), and all association football
or soccer. Articles describe a single team’s complete season with
game-by-game narratives, specific scores, play-by-play moments,
win-loss records, division standings, playoff journeys, and champi-
onship outcomes like Super Bowl or Grey Cup appearances. Content
may include franchise history, expansion details, stadium changes,
ownership shifts, league transitions, and mid-season roster changes
that shaped that particular season. This category applies only to team-
level seasonal performance narratives, not individual player or coach
biographies, league-wide summaries covering all teams collectively,
or multi-team transfer window lists. The focus on detailed in-game
storytelling and football-specific league context distinguishes this
from generic sports team season articles.

SportsTeamSeason

ComicsCharacter This topic represents
fictional characters
from Japanese anime
and manga series,
particularly focusing on
main protagonists and
supporting characters
with detailed back-
ground stories, special
abilities, and their roles
within their respective
series.

This category includes fictional characters originating from Japanese
illustrated media formats including manga, anime, light novels,
and visual novels. Characters retain this classification even if later
adapted into other formats, as long as their primary origin is Japanese
illustrated media. The category encompasses protagonists, support-
ing characters, and antagonists from these franchises, including
mecha series and Type-Moon’s Fate series. This category explicitly
excludes characters from live-action television including soap operas
and Western productions, Western comics, and ancient mythology
or classical literature such as Greek, Roman, or Norse mythological
figures, even if these mythological characters are later reimagined
in Japanese media. Only characters whose original creation was in
Japanese illustrated formats qualify for this category.

Fictional-
Character

Stream This topic represents
descriptions of rivers,
streams, brooks, and
canals, focusing on their
geographical locations,
physical characteristics,
tributaries, and histori-
cal significance. The
examples consistently
describe various water-
ways and their connec-
tions to larger water
bodies.

Stream applies to all rivers, streams, brooks, tributaries, distributary
arms, and named watercourses regardless of size, cultural signif-
icance, or how extensively their physical characteristics, ecologi-
cal features, or historical context are described. Signal terms like
joins, empties into, flows through, tributary, and distributary indicate
Stream classification. Canals are Stream when described as geo-
graphical waterway features with defined routes and connections to
water bodies, but belong to RouteOfTransportation only when the
text focuses primarily on navigation infrastructure like locks or com-
mercial cargo transport rather than geographical attributes. Stream
is distinct from BodyOfWater, which encompasses only static water
features like lakes, ponds, and seas that lack flowing watercourse
characteristics and tributary relationships. Rivers are always Stream,
never BodyOfWater, even when described by basin area, length,
drainage patterns, or connections to lakes and seas.

BodyOfWater

Table 7: Examples of original and refined class descriptions produced by the Agentic Class Description Improvement
Pipeline for the most commonly confused classes from the DBPedia dataset.



Issue Type Problematic Description Discriminative Problem

Vague Boundaries
"Customer complaints about service
quality"

No criteria distinguishing service quality from product defects,
delivery issues, or billing problems

"Technical support requests" Unclear whether includes account questions, password resets, or
only hardware/software issues

"General inquiry" Catch-all category without specific inclusion/exclusion criteria

Semantic Overlap
"Billing disputes" vs. "Payment is-
sues" vs. "Invoice problems"

Three labels for related concepts: disputed charges, failed
payment processing, and incorrect invoice generation respec-
tively—boundaries unclear

"Account access problems" vs. "Lo-
gin issues" vs. "Authentication fail-
ures"

Overlapping concepts without contrastive definitions; all refer to
inability to access account

"Order cancellation" vs. "Order
modification" vs. "Order return"

Boundaries blur when customers want to cancel-then-reorder or
return-for-exchange

Missing Contrast
"Software issues" vs. "Hardware is-
sues"

No specification: is "device won’t turn on" hardware (battery) or
software (OS crash)?

"Refund request" vs. "Credit re-
quest"

Missing distinction: refund returns money, credit provides store
value—not specified

"New account setup" vs. "Account
reactivation"

Both involve getting access to an account; lacks explicit contrast
on whether account previously existed

Incomplete Coverage "Delivery delay" Doesn’t specify whether includes lost packages, wrong address
deliveries, or only late arrivals

"Promotional inquiry" Unclear if covers current promotions, expired promotions, eligi-
bility questions, or all three

Overly Broad "Account issues" Umbrella term covering login, settings, profile, billing, secu-
rity—lacks specificity

"Website problems" Encompasses navigation, load time, display errors, broken links,
checkout issues—too general

Table 8: Representative examples of class description quality issues in production contact center taxonomies,
showing how inadequate descriptions create systematic confusion patterns.

Model Contrastive FP FN Init Acc Final Acc ∆(%)

nova-lite

✗ ✓ ✓ 77.14 81.57 +5.74
✓ ✗ ✓ 77.14 84.00 +8.89
✓ ✓ ✗ 77.14 84.86 +10.00
✓ ✓ ✓ 77.14 87.23 +13.08

gpt-4o-mini

✗ ✓ ✓ 83.65 85.29 +1.96
✓ ✗ ✓ 83.65 86.84 +3.81
✓ ✓ ✗ 83.65 87.29 +4.35
✓ ✓ ✓ 83.65 89.34 +6.80

claude-4-5-haiku

✗ ✓ ✓ 85.86 87.58 +2.00
✓ ✗ ✓ 85.86 88.43 +2.99
✓ ✓ ✗ 85.86 88.00 +2.49
✓ ✓ ✓ 85.86 90.57 +5.48

Table 9: Ablation study on the DBPedia-70 dataset across different models. Contrastive, FP, and FN denote the
proposed components. ∆ denote the relative percentage improvement over initial scores

acc improvement over baseline numbers). At 1M
inferences annually, this represents $0.000153 per
inference—negligible compared to inference cost,
while preventing 100K misclassifications. For con-
tact center deployments where misrouting costs
$5-15 per incident in agent time and customer sat-
isfaction, even modest accuracy gains generate sub-

stantial ROI.

C Hyperparameter Configuration

Our framework requires configuration of several
hyperparameters that control the tradeoff between
refinement thoroughness and computational cost.



# Error Points nova-lite gpt-4o-mini claude-4-5-haiku

0 77.14 83.65 85.86
5 81.29 85.71 87.43
10 83.71 87.14 88.86
15 84.43 87.86 88.57
20 87.23 89.34 90.57
25 87.51 89.26 90.15
30 86.86 89.00 90.14

Table 10: Accuracy (%) on DBPedia-70 test set for different numbers of error points sampled using MMR across
different models.

Text Actual Predicted Hint

Marine Corps Air Station Futenma
or MCAS Futenma . . .

Infrastructure Building Emphasize that military installations like air stations
are complete operational complexes with multiple
integrated facilities functioning as a unified infras-
tructure system, not individual buildings.

Acarospora veronensis is a medium
brown to dark brown or black crus-
tose lichen . . .

Eukaryote Plant Lichens are symbiotic organisms between fungi and
photosynthetic partners, making them fundamentally
different from plants. They should be classified un-
der Eukaryote, not Plant.

Geoff Johns (born January 25, 1973)
is an American comic book and tele-
vision writer . . .

Artist Writer Include comic book writers as Artists, since comic
books are a visual storytelling medium where the
writer’s role is fundamentally artistic and creative.

Hubert Brooks MC (December 29,
1921 – February 1, 1984) was a
Canadian RCAF officer and ice
hockey player . . .

WinterSport-Player Athlete Emphasize that WinterSportPlayer should be se-
lected over generic Athlete for individuals who com-
peted in winter sports at Olympic or international
levels.

The men’s synchronized 10 metre
platform diving competition at the
2016 Summer Olympics . . .

Olympics SportsEvent Individual competitive events held at the Olympics
should be classified as Olympics rather than Sport-
sEvent, as long as the Olympic context is explicitly
mentioned.

In Greek mythology, Iphito was
an Amazon who served under Hip-
polyte. Her name is only known
from inscriptions. . . .

FictionalCharacter ComicsCharacter Explicitly exclude characters from ancient mythol-
ogy, folklore, and classical literature (such as Greek,
Roman, Norse, or other traditional mythologies)
from this category, as these predate modern comics
and manga by centuries and should be classified un-
der broader fictional character categories instead.

The 1985 Buffalo Bills season was
the 26th season for the club and its
16th in the National Football League
(NFL) . . .

FootballLeagueSeason SportsTeamSeason Emphasize that FootballLeagueSeason specifically
covers seasons in North American professional foot-
ball leagues (NFL, CFL, Arena Football, etc.), and
explicitly state that this category takes precedence
over the more generic SportsTeamSeason when the
sport is American or Canadian football, as these are
specialized football league contexts.

Table 11: Examples of hints generated by the Hint Generation Agentic System for misclassified data points.

For all experiments reported in this paper, we fixed
these values based on preliminary tuning on a small
held-out development subset from DBpedia-70.
While dataset-specific tuning could potentially im-
prove performance, we deliberately kept hyperpa-
rameters constant to demonstrate the framework’s
robustness across diverse settings.

C.1 Hyperparameter Values

Table 14 lists all hyperparameters used in our ex-
periments with their values and descriptions.

C.2 Rationale and Sensitivity

Sample Size (N = 20). We chose N = 20 based
on ablation studies (Section 7.1) showing that per-
formance plateaus beyond 10-15 samples per class,
with diminishing returns from additional instances.
This value balances error diversity with computa-



Dataset Total Upd. Rej. Uniq. Rej.

Banking77 77 20 57 27
CLINC150 150 20 35 20
DBPedia-70 70 20 103 24
Web of Science 35 9 40 25
Travel 160 20 86 31
E-commerce 120 20 53 29
Food Delivery 65 20 45 24
Medical Insurance 80 20 110 34

Table 12: Class Refinement statistics across datasets
over 20 iterations with nova-lite. Total = total number of
classes in the taxonomy; Upd. = number of successfully
updated classes; Rej. = total rejected update attempts;
Uniq. Rej. = number of distinct classes with at least one
rejection.

Dataset Supp. Cls Tok/Inst Refine Valid

DBPedia-70 7,000 70 153 $28 $125
CLINC150 15,000 150 15 $55 $551
Banking77 7,700 77 13 $30 $148
Web of Science 3,500 35 300 $13 $34
Travel 16,000 160 800 $62 $657
E-Commerce 12,000 120 1,200 $52 $389
Food Delivery 6,500 65 400 $23 $112
Medical Insurance 8,000 80 2,000 $27 $198

Table 13: Computational cost breakdown (USD) for
one-time description refinement. Supp. = Support, Cls
= Classes, Tok/Inst = Tokens/Instance, Refine/Valid =
Refinement/Validation costs.

tional efficiency.
Confusion Threshold (τconf = 30%). Setting

this threshold at 30% identifies the most systematic
confusion patterns while avoiding over-sensitivity
to noise. Lower values (e.g., 10%) would generate
too many contrastive hints, many capturing random
rather than systematic confusion. Higher values
(e.g., 50%) would miss important confused pairs.

Review Cycles (Rmax = 3). Allowing up to
3 revision rounds provides sufficient opportunity
for quality improvement while preventing infinite
loops. Empirically, 85% of successful refinements
achieve approval within 2 cycles.

Validation Thresholds (τresolve = 20%,
τclass = 5%, τglobal = 0.5%). These conservative
thresholds ensure refinements provide meaningful
improvement (≥20% error resolution) without de-
grading performance elsewhere. The stricter global
threshold (0.5%) compared to class-wise (5%) re-
flects that overall accuracy is more critical than
individual class metrics for production systems.

Maximum Iterations (Tmax = 20). This rep-
resents an effective compute-quality tradeoff, cap-

Parameter Value

N 20
τconf 30%
Rmax 3
τresolve 20%
τclass 5%
τglobal 0.5%
Tmax 20

Table 14: Hyperparameter configuration used across all
experiments.

turing substantial accuracy improvements while
limiting computational cost.

The fact that our fixed configuration achieves
consistent improvements across datasets with 35-
160 classes and 13-4000 token texts suggests these
hyperparameters are reasonably robust. However,
dataset-specific tuning could potentially enhance
performance further, particularly for datasets with
unusual characteristics (e.g., extremely high cardi-
nality, very short texts, or highly imbalanced class
distributions).

D Models

In this paper, we perform experiments by using
nova-lite (AGI et al., 2025), gpt-4o-mini (OpenAI,
2024) and claude-4-5-haiku (Anthropic, 2025b) as
the classification models. In both the hint gener-
ation and description generation agentic systems,
we use the claude-sonnet-4 (Anthropic, 2025a) as
the generation model and deepseek-r1 (Guo et al.,
2025) as the reviewer model.

E Prompts

In this section, we present all the prompts that are
used in the different stages of the class description
refinement pipeline. The template variables are
denoted using curly braces (e.g., {text}).

E.1 Classification

Table 15 contains the prompts used for performing
LLM classification on the dataset. The prompt
takes as input the text to classify and all the class
labels and the class descriptions and outputs the
class label.

E.2 Hint Generation

Table 16, 17 and 18 detail the prompts used by the
Hint Generation Agentic System. These include
prompts for the Hint Generation Agent to produce



Prompt Content

System Prompt You are an expert classifier. Your task is to classify the given text into one of the provided
categories.
Rules:
1. Analyze the text carefully
2. Choose the MOST appropriate category based on the descriptions
3. Output ONLY the category name, nothing else
4. If unsure, choose the closest matching category

User Prompt Classify the following text into one of these categories:
{categories}
Text to classify:
{text}
Output only the category name (exactly as shown above, without the description):

Table 15: Classification Prompts used to prompt the LLM to classify the data points into one of many class labels
given the input text, class labels and class descriptions.

hints and the Hint Reviewer Agent to evaluate them
and provide feedback.

E.3 Description Refinement

Table 19 contains the prompts used in the Descrip-
tion Update Agentic System. It includes the prompt
used by the Description Update Agent to generate
the initial description and the prompts used by the
Description Reviewer Agent to review the update
and provide feedback.

F Algorithms



Prompt Content

System Prompt You are an expert at analyzing classification errors. Given a misclassified example, provide a
specific hint to improve the category description.

False Positive Hint Gen-
eration

A text was incorrectly classified as “{category_name}” when it actually belongs to
“{true_label}”.
Category: {category_name}
Current Description: {current_description}
Misclassified Text:
“{text}”
This is a FALSE POSITIVE – the text does NOT belong to “{category_name}” but was wrongly
assigned.
What should be EXCLUDED or clarified to avoid classifying texts like this as “{cate-
gory_name}”?
Respond with ONE concise hint (1 sentence only):

False Negative Hint
Generation

A text that SHOULD have been classified as “{category_name}” was incorrectly classified as
“{predicted_label}”.
Category: {category_name}
Current Description: {current_description}
Misclassified Text:
“{text}”
This is a FALSE NEGATIVE – the text belongs to “{category_name}” but wasn’t recognized.
What specific characteristic should be INCLUDED in the description to capture texts like this?
Respond with ONE concise hint (1 sentence only):

Contrastive Hint Gener-
ation

We are improving the description for CATEGORY A to reduce confusion with CATEGORY B.
CATEGORY A (target class to improve): {class_a_name}
Current Description: {class_a_description}
CATEGORY B (confused class): {class_b_name}
Description: {class_b_description}
Here are examples of texts that were misclassified between these categories:
{error_examples}
What is the KEY DISTINGUISHING FACTOR that separates “{class_a_name}” from
“{class_b_name}”?
Provide ONE concise statement (1–2 sentences) that clarifies when a text belongs to
“{class_a_name}” versus “{class_b_name}”.
Start with “Unlike {class_b_name}...” or “This specifically covers... rather than...” or “Focus
on... not...”:

Table 16: Hint Generation Prompts used by the Generation Agent within the agentic system to produce hints for
various error types.



Prompt Content

Hint Review – System
Prompt

You are an expert reviewer of classification improvement hints. Evaluate whether the hint is
specific, actionable, and correctly addresses the classification error.

Hint Review Review the following hint generated to improve a category description after a classification error.
Error Context:
- Category: {category_name}
- Current Description: {current_description}
- Error Type: {error_type_desc}
- Misclassified Text: “{text}”
- {label_context}
Generated Hint:
“{hint}”
Evaluate the hint on these criteria:
1. SPECIFIC: Does it identify a concrete characteristic, not a vague generalization?
2. ACTIONABLE: Can it be directly used to modify the category description?
3. CORRECT: Does it correctly address why this text was misclassified?
Respond with:
APPROVE – if the hint meets all criteria
REVISE: [specific feedback on what to improve] – if changes are needed

Hint Revision Revise your hint based on the reviewer’s feedback.
Error Context:
- Category: {category_name}
- Current Description: {current_description}
- Error Type: {error_type_desc}
- Misclassified Text: “{text}”
- {label_context}
{reasoning_section}
Your Previous Hint:
“{previous_hint}”
Reviewer Feedback:
{review_feedback}
Generate a revised hint that addresses the feedback.
Respond with ONE concise hint (1 sentence only):

Table 17: Hint review and revision prompts used by the Hint Reviewer Agent to evaluate the generated hint and
provide feedback, and by the Hint Generation Agent to refine the hint using that feedback.

Prompt Content

Contrastive Hint Review Review the following contrastive hint generated to distinguish two confused categories.
Category A (target): {class_a_name}
Description A: {class_a_description}
Category B (confused with): {class_b_name}
Description B: {class_b_description}
Generated Contrastive Hint:
“{hint}”
Evaluate the hint on these criteria:
1. DISTINGUISHING: Does it clearly identify what separates Category A from Category B?
2. SPECIFIC: Does it point to concrete differentiating factors, not vague statements?
3. ACTIONABLE: Can it be used to update the category description effectively?
4. CORRECT: Is the distinction factually accurate based on the category descriptions?
Respond with:
APPROVE – if the hint meets all criteria
REVISE: [specific feedback on what to improve] – if changes are needed

Contrastive Hint Revision Revise your contrastive hint based on the reviewer’s feedback.
Category A (target): {class_a_name}
Description A: {class_a_description}
Category B (confused with): {class_b_name}
Description B: {class_b_description}
Error Examples:
{error_examples}
Your Previous Hint:
“{previous_hint}”
Reviewer Feedback:
{review_feedback}
Generate a revised contrastive hint that addresses the feedback.
Start with “Unlike {class_b_name}...” or “This specifically covers... rather than...” or “Focus on... not...”.
Respond with ONE concise statement (1–2 sentences):

Table 18: Contrastive hint review and revision prompts are used by the Hint Reviewer Agent to generate feedback
and the Hint Generation Agent to improve the hint based on that feedback.



Prompt Content

Description Addition – Gener-
ate

Based on error analysis, generate text to APPEND to the category description.
Category: {category_name}
Current Description: {current_description}
{contrastive_hints}
INCLUDE hints (to capture more relevant texts):
{fn_hints}
EXCLUDE hints (to avoid wrong classifications):
{fp_hints}
IMPORTANT: Review the current description above carefully. Do NOT include any hints that are already covered or implied
by the existing description. Only include NEW information.
{feedback_section}
Summarize the NEW hints (those not already in the description) into 1–3 concise sentences that can be APPENDED.
Write ONLY the text to add, nothing else. Prioritize the contrastive differentiators if present.
If ALL hints are already covered by the current description, respond with an empty message.

Description Addition – Review Review the proposed additions to this category description.
Category: {category_name}
Current Description: {current_description}
Proposed Additions: {additions}
The following hints were generated from classification errors:
{contrastive_hints}
INCLUDE hints:
{fn_hints}
EXCLUDE hints:
{fp_hints}
Check if the additions:
1. Include NEW information not already in the description
2. Address the hints above
Respond with:
APPROVE – if additions are good
REVISE: [specific feedback] – if changes needed

Table 19: Description Refinement and Review prompts used by the Description Update Agent to generate an initial
update and the Description Reviewer Agent to evaluate it and provide feedback.



Algorithm 1 Error-Driven Class Description Refinement

Require: Labels Y , initial descriptions C(0), validation set Dval

Require: Hyperparameters: N (samples), τconf , τresolve, τclass, τglobal, Tmax, Rmax

Ensure: Refined descriptions C∗
1: Initialize: C ← C(0),R← ∅ (non-refinable classes)
2: for t = 1 to Tmax do
3: // Stage 1: Error Analysis
4: Classify Dval with C; compute F1ℓ for each class yℓ
5: Select yj ← argminy∈Y\R F1y
6: if no refinable classes remain then
7: break
8: end if
9: Sample N error instances: FPj and FNj via MMR

10: Identify confused classes: Yconfused ← {yk : errj,k > τconf}
11: // Stage 2: Hint Generation
12: Hj ← ∅
13: for each error (x, ŷ, y) do
14: h← GENERATEHINT(x, ŷ, y, cj ,Yconfused)
15: h← REVIEWHINT(h,Rmax) {Up to Rmax revisions}
16: if h ̸= null then
17: Hj ← Hj ∪ {h}
18: end if
19: end for
20: // Stage 3: Description Refinement
21: ∆cj ← SYNTHESIZEDESCRIPTION(cj ,Hj)
22: ∆cj ← REVIEWDESCRIPTION(∆cj , Rmax)
23: if ∆cj = null then
24: R ← R∪ {yj}; continue
25: end if
26: cnew

j ← cj ⊕∆cj
27: // Stage 4: Validation
28: errresolved ← error resolution rate with cnew

j

29: (Pnew
j , Rnew

j , F1new
j , Anew)← metrics with cnew

j

30: if errresolved ≥ τresolve and metrics stable then
31: cj ← cnew

j {Accept}
32: else
33: R ← R∪ {yj} {Reject}
34: end if
35: end for
36: return C

Algorithm 2 Generate-Review-Revise Cycle
Require: Input data, generator agent G, reviewer agent V , max cycles Rmax

Ensure: Approved output or null
1: output← G(input)
2: for r = 1 to Rmax do
3: (decision, feedback)← V (output)
4: if decision = APPROVE then
5: return output
6: else if decision = REVISE then
7: output← G(input, feedback)
8: else
9: return null

10: end if
11: end for
12: return null {Max cycles exceeded}
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