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helpdesk system combining retrieval-based response, LLM validation, LLM
fallback,

classification pipeline, confidence-gated routing, and workload-aware ticket

Keywords: and human escalation, alongside a hybrid multilingual
assignment. The system is evaluated on a public Kaggle multilingual
helpdesk dataset (n = 28,587 tickets), 89 logged chatbot interactions, and
operational logs collected during development and testing. Fine-tuning
mBERT on combined English-German data reached 89.84% category
accuracy, while an English-trained classical model applied to translated
German priority tickets dropped from 77.70% to 57.23% accuracy, a much
steeper decline than the equivalent category-classification result. The chatbot
cascade maintained a low factual hallucination rate (2.7% on a 75-message
held-out batch) despite rejecting 93.3-100% of retrieval-layer responses as
insufficiently confident. An Al-based workload supervisor, despite
generating fluent and specific justifications for its decisions, performed no
better than a simple deterministic heuristic and violated its own explicit
numerical rule in every recorded overload flag. These results demonstrate
that a transparent, near-zero-marginal-cost multilingual helpdesk is
achievable using local LLMs for classification and cascaded response
generation, while showing that LLM-based supervision does not reliably
outperform deterministic alternatives for tasks with strict, checkable
correctness criteria.

Multi-agent systems large language models,
IT helpdesk; Multilingual natural language
processing; Explainable Al workload
optimization

1. Introduction

IT help desks are a fundamental operational part of modern organisations. The service desk itself makes
up about twenty to thirty per cent of total infrastructure and labour spend [18] and large volumes of routine,
repetitive requests are processed every day. Given the growth of Al-assisted service management, significant
investment has been made in automating ticket classification, routing, and initial response generation.

This paper is based on NexaServe, a prototype of an academic helpdesk which included TF-IDF features
with a linear support-vector machine (SVM) for ticket classification, a Random Forest-based priority predictor,
and a rule-based assignment module. NexaServe demonstrated that a transparent and fully testable helpdesk
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system can be built using classical machine learning on a single machine. However, it was intentionally limited
in scope: it assumed English-only input, used a retrieval-only chatbot with no fallback, and provided no
dynamic workload management.

The next phase, reported in this study, extends that prototype toward the standard expected of a peer-
reviewed contribution. Its central contribution is a four-tier cascading multi-agent architecture in which each
layer adds quality, cost, and explainability trade-offs over the previous one.

The paper’s contribution to Al-assisted IT service management is fourfold. First, it provides an empirical
evaluation of a cascade in which an LLM is used not only as a fallback responder but also as a real-time validator
of retrieval-based responses. Second, it compares native multilingual transformer classification (mBERT)
against a translate-then-process strategy across both category and priority tasks. Third, it introduces
confidence-score-gated escalation as a mechanism for handling edge cases in a human-in-the-loop triage
pipeline. Fourth, it quantifies the effect of Al-supervised workload balancing on SLA compliance and ticket
distribution fairness.

The remainder of the paper is organised as follows. Section 2 presents the problem statement and research
objectives. Section 3 reviews related work on NLP-based ticket classification, multilingual processing, and
multi-agent LLM architectures. Section 4 describes the system architecture. Section 5 details the methodology.
Section 6 presents results and evaluation. Section 7 discusses findings and threats to validity. Section 8
concludes.

2. Problem Statement and Contributions

2.1 Problem Statement

Despite the growing adoption of Al-assisted service management, existing helpdesk systems continue to
face three major challenges that remain unresolved in the current literature. First, single-model architecture is
prone to hallucination when handling out-of-distribution queries. Second, multilingual support is often limited
to either native multilingual models or translate-then-process pipelines, with little comparative evaluation in
the IT domain. Third, most deployed systems lack transparent confidence-based routing that would allow
human agents to intervene at the right time.

NexaServe v1, the academic prototype on which this work builds, demonstrated that a fully functional and
testable helpdesk system could be developed using classical machine learning models. However, the system
assumed English-only input, lacked a conversational fallback mechanism, and did not support dynamic
workload balancing or confidence-gated escalation.

Four research objectives are addressed in the scope of this work:

1.  ROZ1: Evaluate whether a cascaded multi-agent architecture (retrieval-based responder + LLM validator
+ LLM fallback + human escalation) reduces hallucinations and improves response quality compared
with a single-model chatbot.

2. RO2: Compare the precision, recall, and accuracy of a translate-then-process pipeline against a native
multilingual classifier (nBERT) on English- and German-language IT support tickets.

3. RO3: Quantify the effect of a dynamic, workload-aware load-balancing mechanism on ticket
distribution fairness and SLA-breach rate, compared with static round-robin and random assignment.

4. RO4: Assess how confidence-score-gated escalation affects edge-case routing and triage efficiency in a
human-in-the-loop helpdesk pipeline.

2.2 Contributions

This paper makes four contributions to Al-assisted IT service management. First, it provides an empirical
evaluation of a cascade in which the LLM serves both as a real-time validator and as a fallback responder,
maintaining a low factual hallucination rate (2.7% on a 75-message held-out batch) despite rejecting the large
majority of retrieval-layer responses as insufficiently confident. Second, it provides a direct comparison of
native multilingual classification (mBERT, 89.84%) versus translate-then-process (TF-IDF + SVM, 78.49%) on
German-language IT support tickets, demonstrating a clear advantage for the native approach in category
classification. Third, it introduces confidence-score-gated escalation as a concrete, implementable mechanism
for human-in-the-loop triage, with a 13.2 percentage-point improvement for low-confidence priority
predictions after LLM re-evaluation. Fourth, it shows that an Al-supervised, workload-aware assignment
strategy achieves a Gini coefficient of 0.03 and reduces SLA breach rate from 34.0% to 8.0%.
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3. Related Work

This section reviews recent literature relevant to the proposed system across five areas: classical and
transformer-based NLP for IT ticket classification, multilingual methods and the translate-then-process
paradigm, multi-agent LLM architectures and cost-aware cascades, explainable Al in human-in-the-loop
systems, and dynamic workload optimisation.

3.1 NLP for IT Helpdesk Ticket Classification

Automated ticket classification is among the earliest uses of NLP in service management. More broadly,
NLP techniques such as text classification, sentiment analysis, and machine translation now underpin a wide
range of practical applications outside the helpdesk domain [26,27], reflecting the same underlying primitives
this paper applies to IT-ticket text specifically. Traditional pipelines typically combine TF-IDF features with
linear classifiers such as logistic regression, multinomial naive Bayes, or SVMs [12,20,23]. Ensemble approaches
have also been proposed: Ramya et al. [22] report 81.3% accuracy on a five-category IT-ticket task using an
ensemble of classifiers. Transformer-based methods have progressively replaced classical approaches: fine-
tuned BERT models [9] now achieve state-of-the-art results on most classification benchmarks. Class imbalance
is another well-known challenge in ticket classification. SMOTE [4] remains the standard reference method, and
recent work has improved on it by expanding the sampling space [14] or by using LLM-based data
augmentation for minority classes [17].

3.2 Multilingual Processing: Native Models versus Translate-then-Process

Two main strategies are commonly used in multilingual NLP pipelines for industrial applications. The first
is the native multilingual approach, where a single transformer model is pre-trained on multilingual corpora
(e.g. mBERT [9], XLM-R [7]). The second is the translate-then-process approach, where non-English input is
first machine-translated and then processed by an English-only classifier [11]. This is particularly significant in
IT support environments. Software names, command syntax, log snippets and error codes, which are only
partly language dependent, commonly appear in support tickets. As a result, multilingual tokenisers may
segment these technical terms differently across languages, affecting classification accuracy. Although
multilingual NLP has been widely studied, relatively little work has evaluated these strategies specifically on
IT helpdesk data, motivating the comparative evaluation in this paper.

3.3 Multi-Agent LLM Architectures and Cost-Aware Cascades

Frontier LLMs have substantially improved customer-support automation but invoking them for every
incoming request is computationally expensive and unnecessary for most routine queries. FrugalGPT [5]
demonstrates that cascading over LLMs of increasing capability can match GPT-4 performance at 98% lower
cost. Routing and cascading have been unified in a single framework by De Koninck et al. [8]. The cascading
approach of Wang et al. [24] extends this to multi-agent collaboration via next-agent prediction. Multi-agent
designs yield their own findings. Dividing work into separate roles for issue detection, diagnosis, and fixed
validation appears to reduce failures in IT operations [3,6]. The present system implements a simpler but
operational version of this principle, combining a retrieval-based responder with LLM validation and fallback
in a four-layer cascade evaluated on real deployment logs. This retrieval-first design also reflects the broader
shift toward retrieval-augmented generation as a low-cost grounding strategy for LLM-based systems [10].

3.4 Explainable Al and Human-in-the-Loop Triage

In human-in-the-loop systems, explainable Al is less about technical transparency and more about
providing the right information to people at the right time. This was made concrete by Liao et al. [15], who
identified the informational needs of users interacting with Al systems. Bansal et al. [1] showed that Al
explanations can improve complementary team performance when matched task uncertainty. LLM
hallucinations in customer service contexts have been characterised by Larsen et al. [13] as a key risk requiring
mitigation. The confidence routing mechanism in this paper directly addresses this concern.

3.5 Dynamic Workload Optimisation and Predictive Ticket Assignment

Workload-aware assignments are already well established in commercial helpdesk systems. Load-balanced
and load-aware round-robin variants typically distribute tickets by prioritising agents with fewer active
assignments. Predictive variants use queue depth forecasts or agent performance scores [21,25]. Mosqueira-Rey
et al. [19] provides a broader survey of human-in-the-loop machine learning that motivates dynamic
intervention mechanisms.
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4. System Architecture

This section describes the architecture of NexaServe v2, a four-tier cascading multi-agent IT helpdesk
system. The frontend is implemented in React 18 with three role-based portals. The backend uses Node.js with
Express and a REST API, two Flask micro-services (chatbot and machine-learning), a Redis session store, and
an SQLite database in WAL mode.

‘ Admin Panel ’ ‘ User Portal ‘ ‘ Support Portal ‘

+

Backend Node.js/Express (Port 5000)

Audit Logs

\ REST API - JWT Auth

‘ ‘ autoAssign.js (RO3) |

agentSupervisor_js (RO3) ‘
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Fig. 1. NexaServe v2 system architecture, showing the React
frontend portals, the Node.js/Express backend with autoAssign.js
and agentSupervisor.js (RO3), the ML service pipeline for category
and priority classification (RO2, RO4), the four-layer chatbot
escalation cascade (RO1), the Redis cache, and the SQLite database
tables.
4.1 Frontend Framework
The frontend is implemented using React 18 with Vite as the build tool. The system consists of three role-
based portals within a single application, with routing and access control enforced using JSON Web Tokens
(JWT). The user portal provides ticket submission, chatbot interaction, ticket history, and alerts. The support
agent portal includes a triage queue, ticket detail view, performance metrics, and workload assessment. The
admin portal provides management of the system, including ticket monitoring, machine learning insights, audit
logs, and agent performance tracking.
4.2 Backend
The backend uses Node.js with Express and a RESTful API for authentication, ticket lifecycle management,
comments, notifications, and audit logging. Authentication is implemented with JWT sessions and bcrypt
password hashing (10 salt rounds), and role-based access control is enforced via middleware (user, supporter,
admin). Two background modules extend the backend functionality.
First autoAssign.js, performs rule-based ticket assignment by selecting the agent with the lowest number
of active tickets. Second, agentSupervisor.js implements an Al-assisted workload monitoring system that runs
on a scheduled interval. It collects per-agent workload metrics and sends structured prompts to a local LLM
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(Ollama) for classification of workload states. The final decisions and their explanations are saved in the
supervisor logs table.
4.3 Chatbot and Four-Layer Cascade (RO1)

The chatbot service runs as a Flask application on port 5005. It implements a four-layer cascading
architecture designed to balance response quality with computational cost. Redis is used to manage
conversation context with a time-to-live (TTL) of one hour, and to handle Ollama session state with a TTL of 30
minutes.

Layer 1 uses a ChatterBot retrieval model trained on an IT support corpus, selecting the closest matching
response via TF-IDF cosine similarity. Layer 2 passes the ChatterBot response to the Ollama LLM service (Llama
3.2 3B running locally) for real-time validation. If the response is not useful, a validation_failed trigger is logged
and control is passed to Layer 3, a fallback response layer that directly calls Ollama, with IT-domain guardrails
in place to filter off-topic queries. When user dissatisfaction is detected using keyword-based sentiment
analysis, a user_dissatisfied trigger is logged. When the failure counter reaches two, Layer 4 is activated: a
support ticket is auto created from the conversation context, assigned through autoAssign.js, and the user is
notified of the escalation. All triggers, responses, and resolution outcomes are stored on the llama_logs table.
4.4 Machine Learning Service and Multilingual Pipeline (RO2, RO4)

The machine learning service is implemented as a Flask application exposing a /predict endpoint. The
translation pipeline (RO2) uses the langdetect library to detect the language and deep_translator to translate
the text to English before inference. This avoids dependence on paid APIs by relying on a lightweight, free
translation backend. For category classification, we fine-tuned a bert-base-multilingual-cased (mBERT) model
on a multilingual dataset (EN+DE) of 13,460 samples for three epochs with an 80/20 stratified split. The model
is optimised with AdamW [16] with a learning rate of 2 x 10-° and maximum sequence length of 128 tokens.

Priority classification is done using a Random Forest model trained on 7,780 English-only samples with
SMOTE to handle class imbalance. predict_proba() outputs calibrated probabilities that are then used as the
priority confidence scores. If the priority confidence falls below 0.5, an LLM-based correction step is triggered
using Ollama to re-evaluate the priority, thereby meeting the explainability requirement specified in RO4.

4.5 Database

The system uses SQLite 3 in WAL (Write-Ahead Logging) mode, which allows concurrent reads and writes.
The database schema consists of eight tables: users, tickets, comments, notifications, auditLogs, llama_logs, and
supervisor_logs. The auditLogs table is write-once and captures all state-changing operations, maintaining
traceability and accountability by logging user identity, role, action type, ticket impact, IP address, and user
agent.

5. Methodology

All machine learning experiments are performed on the Multilingual Customer Support Tickets dataset
from Kaggle [2]. The original dataset contains 28,587 tickets in German and English. Each ticket contains a
subject line, a ticket body, a queue label, a priority label, and up to eight tag fields. We develop a rule-based
category mapping approach to classify tickets into five categories for IT (Password, Network, Hardware, Email
and Software). Each ticket is checked against these categories in that order and ones the match is found the
ticket is assigned to that category without being checked against the remaining rules. This order was chosen
intentionally because the password and login issues are checked first due to their keywords such as “locked
out” or “password reset” are generally specific to that type of problem and are less likely to overlap with other
categories. Software is checked in the last and acts as a default category for IT support tickets that do not match
any of specific rules. If a ticket contains specific keywords that could match multiple categories as mentioned
both a “VPN” and something that “crashed,” it is assigned to the category that appears first in the defined order
rather than being assigned to multiple categories. Before applying the categories’ rules tickets with no subject
or body content are removed since they have no meaningful information for an empty ticket so it wouldn’t be
possible to determine its category or priority.

After this filtering step, 16,825 records with valid category assignments remain. Of these, 9,726 are English-
language and 7,099 are German-language tickets. Critical priority is merged with High, and the remaining
priority annotations are grouped into three classes (Low, Medium, High). The distribution of categories are
Network (43.5%), Software (40.0%), Password (7.4%), Hardware (6.2%), and Email (2.8%). The dataset is split
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using an 80/20 stratified split with a fixed random seed of 42 for category classification, resulting in 13,460
training instances and 3,365 test instances. The priority classification experiments are limited to English-
language tickets only (9,726 records), producing 7,780 training samples and 1,946 test samples. No exact
duplicate rows or near-duplicate rows sharing identical subject and body text were found among the 28,587

raw records, so no deduplication step was necessary.

Table 1 Rule-based category mapping follows a top-to-bottom priority

order, with the password check performed first.

Category = Match queue
Password any

Tag keywords
login, account, authentication,
password, access

Text keywords
password, locked out, reset,
2fa, credentials

Network
maintenance
Hardware any

service outages and

network, outage, connectivity

hardware, device, peripheral

Wi-Fi, vpn, router, dns,
firewall, ethernet

printer, keyboard, laptop,
battery, monitor

Email any any email, outlook, smtp, inbox,
mailbox
Software  Technical support and IT bug, crash, performance, security ~ default for IT support queue
support
Table 1a Train/test splits (the 5 ML experiments)
Experiment Total records Train Test Split method
Category classification 16,825 13,460 3,365 Stratified 80/20,
(EN+DE) random_state = 42
Category classification (EN 9,726 7,780 1,946 Stratified 80/20,
only) random_state = 42
Priority classification (EN 9,726 7,780 (11,388 after 1,946 Stratified 80/20,
only) SMOTE) random_state=42, SMOTE
on train split only
Priority classification 16,825 13,460 (20,001 3,365 Stratified 80/20,
(EN+DE combined) after SMOTE) random_state=42, SMOTE
on train split only
Priority, EN-trained — 16,825 7,780 (11,388 after 1,377 Combined EN+DE split
German translated (combined SMOTE) (German 80/20 stratified by category
source) row) trained on English subset

of train partition, tested on
German subset of test
partition

To make the data splits clear, Table 1a shows the train/test split used for each model-training experiment
in this paper. Table 1b shows the sample sizes for the three evaluations that focus on how the live system
performs rather than on a trained model. Since these evaluations do not involve model training, they do not

have a train/test split.

Table 1b Sample sizes for operational evaluations (no train/test split this

measure the live system, not a trained model)

Evaluation

Sample size

Data source

Chatbot live-integration test
Chatbot held-out replay

Supervisor workload analysis

15 events
75 tickets

Integration logs, May 4-13
Records of Kaggle test-partition tickets,

single-turn replay

224 evaluations

Operational logs across 17 sessions

The following sections explain the model setup and evaluation process used for each experiment.
5.1 Category Classification Baseline and Hybrid Model (RO2)
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The classical baseline models, Logistic Regression, Random Forest, and Linear SVM using TF-IDF features,
were chosen because they are widely used, relatively easy to interpret, and have already been applied in IT-
ticket classification and service-desk automation research [12,20,23]. They therefore provide a useful and
transparent baseline for comparing the performance of the transformer-based models. For the multilingual
classification task (RO2), mBERT was chosen instead of an English-only transformer because it is pretrained on
text from multiple languages. This makes it a suitable choice for handling both English and German tickets
directly. A second multilingual approach was also tested using an English-trained classifier with German tickets
translated into English before classification. This approach was included to compare two different ways of
handling multilingual data: using a model that was trained on multiple languages versus translating the input
into English first. A majority-class baseline was also included for the priority classification task because the
priority labels were more heavily imbalanced. This baseline simply assigns every ticket to the most common
priority class. It achieved 49.54% accuracy and 22.09% macro-F1 on the combined dataset, and 48.82% accuracy
and 21.87% macro-F1 on the English-only dataset. The results of all models were therefore compared against
this baseline rather than against random or chance-level predictions alone. To ensure a fair comparison, all
baseline and transformer models used the same train/test partitions and the same text preprocessing steps. For
the classical models, hyperparameters were selected using three-fold stratified cross-validation on the training
data only. The held-out test set was kept separate throughout the process and was not used to select or adjust
any model settings.

We test four classifier configurations. The traditional baseline is a TF-IDF feature extractor and a calibrated
Linear SVM (max vocabulary 3,000 features, unigrams and bigrams, sublinear TF scaling). Hyperparameter
selection used three-fold stratified cross-validation within the training partition only the test set was not used
for tuning and was evaluated exactly once per model. Additional baselines use Logistic Regression and Random
Forest with the same TF-IDF representation. For the main transformer-based setup, we fine-tune mBERT on the
combined multilingual training dataset for three epochs using AdamW (Ir =2 x 1075, batch size 16, max sequence
length 128 tokens). These hyperparameters were fixed in advance based on standard fine-tuning practice for
BERT-family models rather than selected via a search procedure; unlike the classical baselines above, no
hyperparameter tuning was performed for the transformer configuration. All classifier variants are evaluated
on the same held-out test partition, and no test samples are seen during hyperparameter optimisation. Model
performance is assessed using overall classification accuracy and macro-averaged F1 score.

5.2 Priority Classification (RO2, RO4)

Priority classification uses a Random Forest model trained on English-only tickets with SMOTE for class
imbalance. The multilingual preparation pipeline detects the language with langdetect and translates non-
English tickets to English using deep_translator. Feature engineering captures common patterns of urgent
assistance requests including high-urgency keywords, negation patterns, proportion of capitalised content,
exclamation marks, and ticket length. SMOTE is applied only to the training dataset after the 80/20 split to avoid
data leakage. The model outputs probability estimates using predict_proba () which are used as confidence
ratings. If the confidence is below 0.5, a supplementary reasoning step is invoked using Ollama as the RO4
explainability mechanism.

5.3 Chatbot Cascade Functional Evaluation (RO1)

The four-layer cascade was evaluated using functional testing and runtime logs collected throughout the
development and integration stages. All interactions with Ollama are automatically recorded in the llama_logs
table. These logs capture the reason for triggering Ollama, either because validation failed or because the user
was dissatisfied, along with the original ChatterBot response, the Ollama response, whether the interaction
concluded without escalation, and whether a support ticket was automatically generated.

Three different cascade configurations were examined to understand how each additional layer affected
the system's performance. The first configuration used only Layer 1, where ChatterBot generated a response
without any validation. The second configuration included Layers 1 and 2, allowing Ollama to validate the
ChatterBot response before it was presented to the user. The final configuration used the complete four-layer
cascade, including the fallback and escalation mechanisms. The main metrics used for comparison were
escalation rate, validation failure rate, no-escalation rate, and hallucination rate. These measures were assessed
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using the evaluation rubric presented in Section 5.7. A fixed external reference document was not used because
the current system does not have one available.

The Layer 2 validation process is intentionally simple. Rather than producing a confidence score or using a
configurable threshold, it makes a single request to Ollama. The model receives both the original user message
and the response generated by ChatterBot and is asked to determine whether the response is genuinely helpful
and directly addresses the user's problem. It is instructed to return only YES or NO. After trimming whitespace
and normalising the response, any output that does not begin with YES is considered invalid and causes the
system to move to the Layer 3 fallback.

No temperature or other generation parameters are explicitly configured for this validation request. As a
result, Ollama uses the underlying model's default sampling temperature rather than a value specifically
selected for classification. The model used in this part of the system is also hardcoded as llama3.2, whereas two
other components that interact with Ollama obtain their model’s name from an environment variable.
Additionally, no request timeout has been configured for the validator.

An important design choice is how the system behaves when Ollama cannot be reached or returns an error.
In this situation, the validator fails open rather than blocking the response. The original ChatterBot response is
therefore treated as valid and passed to the user unchanged. This allows the system to continue operating even
when the external validation service is temporarily unavailable.

5.4 Workload Awareness Assessment and Al Supervisor (RO3)

The performance of the auto-assignment method is evaluated by simulation. We start with four support
agents, each with a distinct number of open tickets sampled from the observed distribution. The simulation
processes 100 sequential ticket-creation events. The fewest-open-tickets strategy assigns each new ticket to the
agent with the lowest current workload, compared against round-robin and random assignment baselines.
Performance is evaluated using the Gini coefficient for distribution inequality and maximum queue depth. The
Al workload supervisor (agentSupervisor.js) is evaluated using the full supervisor_logs history gathered
throughout the development and integration testing phases. This dataset includes 224 individual agent
evaluations conducted across 17 separate testing sessions between 15 May and 18 June 2026.

During each evaluation, three workload indicators are collected for every agent and sent to Ollama (Llama
3.2) through a structured prompt. Based on predefined numerical thresholds, the model classifies each agent as
normal, overloaded, or underperforming. An agent is classified as overloaded if they have more than 10 open
tickets and no resolutions in the previous hour. An agent is classified as underperforming if they have fewer
than 3 open tickets, no resolutions in the previous hour, and an average resolution time greater than 48 hours.

Whenever an overload condition is identified, the supervisor automatically redistributes up to three of the
oldest unresolved tickets to the least-loaded eligible agent.

5.5 Confidence Score Evaluation (RO4)

Confidence scores for handling edge cases are examined by splitting mBERT category predictions into high-
confidence (category confidence > 0.8) and low-confidence (category confidence < 0.8) groups and comparing
classification performance. A similar evaluation is conducted for priority prediction using a 0.5 confidence
threshold, where tickets falling below 0.5 are passed to Ollama for re-evaluation. Because no live ticket fell
below the 0.5 priority-confidence threshold during the evaluation window, the confidence-routing mechanism
was validated offline on the held-out test partition, live deployment validation is deferred to future work.

5.6 Evaluation Metrics

Accuracy measures how often the model prediction exactly matches the correct, or ground-truth, label.

Precision measures how many of the predictions made for a particular class were correct. Tt is calculated
as true positive, which is divided by the total number of predicted positive, which includes both true positive
and false positive.

Recall measures how well the model identifies the actual examples belonging to a particular class. It is
calculated as true positives divided by the total number of actual positives, including both true positives and
false negatives.

Macro-F1 is the average F1 score across all the classes with each class given the same weight. This is useful
when the dataset is imbalanced because it has less frequent classes that have same influence on the final score
as more common classes.
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No-Escalation Rate refers to the percentage of chatbot session where no support ticket was created after the
first interaction. This shows how often the system avoided escalating the conversation to the support agent, but
it shouldn’t be interpreted as proof that the user’s problem was solved. A confirmed resolution rate is not
reported because the current system doesn’t collect the user feedback which confirms whether the issue was
resolved after the interaction.

Validation Failure Rate is the percentage of ChatterBot response that the Layer 2 Ollama validator judged
to be unhelpful. A response was considered to have failed validation when it didn’t begin with “Yes” which
caused the system to move to Layer 3 fallback.

Hallucination rate is measured in two separate ways. Factual hallucination rate refers to responses that
contain at least one factual claim that cannot be supported by the reference documentation or that contradicts
it. Meta-level hallucination rate refers to responses that make false claims about the model's own previous
responses, such as incorrectly stating that an earlier response was unprofessional. These two types are reported
separately rather than being combined into one overall hallucination rate.

False-refusal rate measures how often the system incorrectly refuses a legitimate IT-related request. In other
words, it represents guardrail refusals that were triggered even though the user's request was not offensive or
abusive.

Escalation rate is the percentage of chatbot sessions that resulted in a support ticket being created. This can
happen either because the user explicitly requested support or because the system automatically escalated the
conversation after several unsuccessful fallback attempts.

Gini coefficient is used to measure how evenly open tickets are distributed between support agents. A value
of 0 means that tickets are distributed equally among all agents, while higher values indicate that a larger share
of the workload is concentrated among fewer agents.

SLA-breach rate is the percentage of tickets that took longer to resolve than the service-level threshold
defined for the workload simulation.

Confidence score is the highest probability assigned to any class by the classifier's softmax output for a
particular prediction. The score is used to decide whether a prediction should be sent for additional LLM
evaluation or referred for human review.

5.7 Hallucination Definition and Judging Procedure

Hallucinations were identified using a documented rubric that was applied to every logged response in
both the live-integration sample and the held-out replay batch. A factual hallucination was defined as a
response that made a specific, checkable factual claim, such as naming a product, platform, version, or technical
detail, that was not supported by the user's message and was not a standard or generally correct part of common
IT troubleshooting practice. A meta-level hallucination was defined as a false claim about the model's own
previous response, such as incorrectly stating that an earlier response contained unprofessional language. These
two types were tracked separately rather than being combined into one overall hallucination measure.

Responses that were off-topic, incomplete, or declined to engage were not classified as hallucinations under
this rubric. False refusals were instead tracked as a separate metric.

The rubric was applied in a single documented review rather than through independent double review, so
no inter-rater agreement statistic is reported. For future work, it would be useful to introduce a reproducible
process involving a second independent evaluator. This could involve extracting individual factual claims from
each response and checking them against a fixed reference source. Such a process would provide stronger
validation before the hallucination rates reported for the system are considered fully reliable.

6. Results and Evaluation

6.1 Category Classification (RO2)

Table 2 compares the accuracy and macro F1 scores of category classification models on the held-out test
set. The TF-IDF with Linear SVM baseline achieved 88.85% accuracy on the English-only dataset, matching the
original NexaServe v1 results. However, performance decreased to 84.13% when trained on the combined
English and German dataset, suggesting that TF-IDF features struggle to generalise across languages due to
their dependence on word-level patterns.

The fine-tuned mBERT model performed better in both settings. It achieved 91.88% accuracy (macro F1:
93.03%) when trained on English-only data and 89.84% accuracy (macro F1: 89.95%) when trained on the
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multilingual dataset. Although performance dropped slightly by 2.04 percentage points, mBERT still
outperformed the classical approach, demonstrating stronger multilingual generalisation.

Table 3 compares translation-based classification with native multilingual classification for German tickets.
The English-trained TF-IDF + Linear SVM model achieved 78.49% accuracy on translated German tickets, while
the multilingual mBERT model achieved 89.84%, improving performance by 11.35 percentage points. These
supports using mBERT directly for multilingual classification instead of relying on translation.

For priority classification, translating German tickets before applying the English-trained Random Forest +
SMOTE model resulted in 57.23% accuracy (macro F1: 42.54%), a 20.47 percentage-point decrease compared
with the English-only baseline. The model showed strong bias towards High-priority tickets (85% recall) but
performed poorly on Low (15%) and Medium (28%) classes. This is likely due to its reliance on English
keyword-based features, which become less reliable after translation because German urgency terms can be
translated into multiple English variations.

The multilingual mBERT priority model was initially reported at 37.15% accuracy (macro F1: 28.00%) on
the combined English-German test set. Investigating this figure after reviewer feedback revealed that the
original training pipeline seeded the train/test split but not model weight initialisation, causing substantial run-
to-run variance a reproducibility-corrected rerun of the same SMOTE-based configuration achieved 55.13%
accuracy (macro F1: 49.42%), which is reported here as the reliable SMOTE baseline. For reference, a majority-
class baseline that always predicts the most frequent label ("High") achieves 49.54% accuracy (macro F1: 22.09%)
on the same split, meaning the corrected SMOTE result exceeds this trivial baseline while the original, unseeded
figure did not. Three further imbalance-correction strategies were then evaluated on the same seeded split:
class-weighted loss (54.47% accuracy, macro F1: 51.85%), an XLM-R model using the same SMOTE procedure
(50.91% accuracy, macro F1: 45.82%, after correcting an initial learning-rate configuration that had caused the
model to collapse onto a single predicted class), and random oversampling (61.63% accuracy, macro F1: 59.77%).
Random oversampling produced the strongest and most balanced result, substantially improving performance
on the minority Low and Medium classes, and is adopted as the primary multilingual priority configuration
for the remainder of this paper. Table 2a summarises this ablation. Table 2a reports exact binomial 95%
confidence intervals alongside each accuracy score. Interestingly, XLM-R’s interval [49.20%, 52.61%] overlaps
considerably with the majority-class baseline’s interval [47.84%, 51.24%]. This suggests that the apparent
improvement over the baseline may not be statistically reliable. In contrast, the confidence intervals for all other
evaluated configurations extend beyond the baseline’s upper bound, providing stronger evidence of an

improvement.
Table 2a Multilingual priority classification ablation, combined English
German test set (n = 3365).
Method Accuracy Macro Notes 95% CI Macro-F1 95% CI
F1
Majority-class ~ 49.54%  22.09%  Always predicts "High" [47.84%, 51.24%] -
baseline
mBERT + 37.15%  28.00%  Superseded, retained as a - -
SMOTE record of the unseeded
(original, run
unseeded)
mBERT + 55.13%  49.42% Corrected baseline for [53.43%, 56.82%] [47.64%, 51.17%]|
SMOTE comparison
(seeded,
reproducible)
mBERT + 54.47%  51.85% Balanced cross-entropy, [52.77%, 56.17%] [50.08%, 53.64%]|
class-weighted no resampling
loss
XLM-R + 5091%  45.82%  Reported after fixing an [49.20%, 52.61%]  [44.11%, 47.48%]
SMOTE initial LR/warmup
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configuration that caused
total class collapse

mBERT + 61.63% 59.77% Best overall strongest [59.97%, 63.28%] [57.94%, 61.69%]
random minority-class F1, no class
oversampling collapse
(adopted)

Table 2b Pairwise McNemar's exact test on the priority ablation models,
evaluated on the identical 3,365-example test set.

Comparison p-value Significant (p<0.05)
SMOTE vs. class-weighted loss 0.478 No
SMOTE vs. random oversampling <0.0001 Yes
SMOTE vs. XLM-R <0.0001 Yes
Class-weighted vs. random oversampling <0.0001 Yes
Class-weighted vs. XLM-R 0.0002 Yes
Random oversampling vs. XLM-R <0.0001 Yes

Random oversampling performs significantly better than all other evaluated configurations, with
McNemar’s exact test giving p<0.0001 for all three pairwise comparisons. This suggests that the improvement
over the reproducible SMOTE baseline is unlikely to be due to chance. SMOTE and class-weighted loss, on the
other hand, do not differ significantly from each other (p=0.478), suggesting that their performance is
statistically similar despite the small difference in their accuracy scores. XLM-R also performs significantly
worse than each of the mBERT-based configurations.

Table 2 Category classification results. EN+DE = combined English and
German dataset.

Model Training Data Accuracy (%) Macro F1 (%) 95% CI

Logistic Regression (TF-IDF) EN only 79.26 77.36 [77.37%,
81.02%]

Random Forest (TF-IDF) EN only 69.27 65.40 [67.17%,
71.32%)

Linear SVM (TE-IDF) v1 EN only 88.85 87.77 [87.37%,
baseline 90.21%]

Linear SVM (TF-IDF) EN + DE 84.13 82.96 [82.85%,
85.35%]

mBERT (fine-tuned) EN only 91.88 93.03 [90.58%,
93.06%]

mBERT (fine-tuned) hybrid EN + DE 89.84 89.95 [88.77%,
deployed 90.84%]

Table 3 Comparing translation-then-process with native multilingual
classification. Updated from an originally reported 37.15% after a
reproducibility fix see Section 6.2 and Table 2a for the full ablation and
corrected figure.

Task Native German mBERT German—English + Classical model English baseline
Category 89.84% 78.49% (SVM) 88.85%
Priority 55.13%* 57.23% (RF+SMOTE) 77.70%

6.2 Priority Classification (RO2, RO4)

Table 4 reports priority classification results. All models predict three classes (High, Medium, Low) as
Critical is remapped to High during data preparation. The Random Forest model combined with SMOTE
achieved the strongest performance on the English-only dataset: 77.70% accuracy and a macro F1 of 75.72%.
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This significantly outperformed all other evaluated approaches and reproduced the priority classification
performance of NexaServe vl. The strong performance of the classical approach can be linked to the ten
engineered urgency-related features, which explicitly capture domain-specific indicators of IT ticket severity.
When models were trained on the combined English and German dataset without translation, performance
declined considerably: RF+SMOTE dropped to 55.42% (macro F1: 46.14%) and mBERT (SMOTE,
seeded/reproducible) to 55.13% (macro F1: 49.42%), with random oversampling raising the mBERT result
further to 61.63% (macro F1: 59.77%) see Section 6.2 for the full ablation.
Table 4 Priority classification results *mBERT (EN+DE raw) row updated
from an originally reported 37.15%/28.00% after a reproducibility fix
(Section 6.2) random oversampling raised this further to 61.63%/59.77% and
is the configuration adopted for the rest of this paper (Table 2a).

Model Training Data Accuracy (%) Macro F1 (%)
Logistic Regression (TF-IDF+features) EN only 54.83 52.44
Linear SVM (TF-IDF+features) EN only 57.71 54.69
RF + SMOTE v1 and hybrid deployed EN only 77.70 75.72
RF + SMOTE EN + DE (raw) 55.42 46.14
mBERT (fine-tuned) EN only 56.89 52.68
mBERT (fine-tuned) EN + DE (raw) 55.13* 49.42*

6.3 Confidence Score (RO4)

mBERT category classification results show a clear difference between high-confidence and low-confidence
predictions at the 0.8 threshold. Predictions above the threshold achieved 96.2% accuracy and accounted for
roughly 75% of the test dataset, whereas predictions below the threshold achieved only 68.4% accuracy. This
substantial 27.8 percentage-point gap demonstrates that confidence-based routing is an effective strategy for
determining when additional processing is required. A similar trend was observed in the priority classification
stage. Among the 312 test tickets that fell below the 0.5 confidence threshold, the Ollama-based correction layer
reclassified 218 tickets (69.9% of the low-confidence cases). The corrected predictions achieved 61.5% match
with the ground truth labels, compared to 48.3% for the original machine learning predictions a 13.2 percentage-
point improvement for the most uncertain tickets.

6.4 Chatbot Cascade (RO1)

The 15 live-integration trigger events described below were treated as a functional verification sample
rather than a statistically representative evaluation: with n =15, a single outcome shifts any reported percentage
by approximately 6.7 points, and the exact binomial 95% confidence interval for a rate observed at 1/15 spans
from 0.2% to 31.9%. The primary chatbot quality analysis is therefore the held-out replay batch (n =75) reported
later in this section the live sample is retained only to confirm that the cascade functions correctly end-to-end
under real runtime conditions. Table 5 presents the chatbot cascade evaluation metrics across the three tested
configurations on this original sample (n = 15) collected during live integration testing. The runtime log analysis
of llama_logs across 15 recorded Ollama trigger events shows that the Layer 2 Ollama validator rejected 93.3%
of ChatterBot responses as insufficient, triggering a Layer 3 fallback in most cases. No session reached Layer 4
during the evaluation period. In only one of the 15 sessions (6.7%) the interaction concluded without further
escalation because this sample contains no multi-turn follow-up, this figure indicates only that no ticket was
created after a single turn and should not be read as a confirmed user-verified resolution. A manual inspection
of the 15 logs shows that Ollama-generated responses contained no factual hallucinations (0/15, exact 95% CI:
0.0-21.8%) given how wide this interval is, this observation is not treated as evidence of a near-zero
hallucination rate on its own and is instead cross-checked against the larger held-out batch reported below.
However, one response contained a meta-level hallucination in which the model incorrectly claimed its own
prior outputs had contained unprofessional language. No false refusals were confirmed in the retained
interaction logs for this sample. Two responses declined to engage with input containing offensive or
derogatory language a manual review confirmed both were correctly triggered by genuinely offensive user
input rather than by valid IT-related queries, and are therefore not counted as false refusals
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Table 5 Chatbot cascade evaluation results derived from runtime logs and
functional testing. Latency refers to sequential local LLM inference calls per
session using Llama 3.2 3B. Cost is negligible (all inference is performed

locally).

Val. No- False

Failed escalation Refusal Hallucination  Escalation Avg
Configuration (%) (%) (%) (factual / meta) (%) Latency Cost
ChatterBot only N/A 6.7 0 N/A 0 ~50ms  Negligible
ChatterBot + 93.3 6.7 0 0/1 0 ~2-4s Negligible
Ollama
Validator
Full Four-Layer 93.3 6.7 0 0/1 0 ~4-8's Negligible
Cascade

As the primary chatbot quality analysis, a held-out replay batch (n = 75) was created by replaying real,
previously unseen tickets from the held-out Kaggle test partition through the live cascade as single-turn
sessions. Table 6 presents these results alongside those from the smaller live-integration sample, which is
retained for comparison as a functional check rather than as an independent statistical result. Since the
supplementary batch did not contain any multi-turn follow-up interactions, the no-escalation rate only reflects
whether the cascade avoided creating a ticket after a single turn and should not be interpreted as a measure of
user satisfaction. Therefore, this metric is reported separately rather than being combined with the original
sample. The validation failure rate is directly comparable across both samples because it depends only on
Ollama's judgement of the ChatterBot response. In the supplementary batch, the Layer 2 validator rejected 100%
of ChatterBot responses, reinforcing the findings from the original evaluation.

A manual review of the 75 Ollama generated replies identified no factual or meta-level hallucinations (0/75,
exact 95% CI: 0.0-4.8%). One false refusal was identified as a legitimate query about a medical data security
service which was declined, despite other 10 tickets on the same topic being answered fully elsewhere in the
same batch which indicates an inconsistency in guardrail behavior rather than a principled decline. A second
decline involved an off-topic marketing and branding question that was unrelated to IT support. This was
treated as an appropriate scope-boundary response rather than a false refusal. Both the live-integration sample
and the held-out replay batch showed no confirmed factual hallucinations. However, these results should be
interpreted cautiously, as the sample sizes were relatively small and therefore the confidence intervals were

wide.
Table 6 Chatbot cascade evaluation on a larger, single-turn batch of real
held-out test-split tickets, reported alongside the original live-testing
sample for comparison.
Hallucination
Validation %  No-escalation  Escalation Rate (factual / False
Configuration Failed (%) % meta) refusal
Live integration testing 93.3 6.7 0 0/1(0.0% /6.7%) 0.0
(n=15)
Single-turn batch 100.0 98.7 0 0/0(0.0%, 95% CI 1.3
replay, real test-split 0.0-4.8%)

tickets (n=75)

6.5 Workload Assessment (RO3)

The analysis of the complete supervisor_logs table (n =224 agent evaluations across 17 sessions) shows 146
normal flags (65.2%), 46 overloaded flags (20.5%), and 32 underperforming flags (14.3%). Thirty-four
evaluations triggered a reassignment action, redistributing 82 tickets in total. Manual inspection of the Ollama
reasoning found that the supervisor consistently generated coherent, agent-specific natural-language
justifications for every flagged case, regardless of whether the flag itself was correct. Cross-referencing each
overloaded flag against its corresponding ticket count reveals that none of the 46 overloaded flags satisfied the
stated rule of more than ten open tickets flagged agents held between 0 and 5 open tickets, with 12 of the 46
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flags issued to agents holding no tickets at all. Because the deterministic fallback path correctly enforces this
threshold, every overloaded flag in the dataset originated from the LLM rather than the fallback, indicating that
Llama 3.2 3B did not apply the explicit numerical constraint in its prompt on a single occasion across the full
evaluation period.

Table 7 presents the simulation results for 100 tickets across four assignment strategies. The Al Supervisor
and Fewest Open Ticket strategies achieved an almost equal distribution of workload with a Gini coefficient of
0.03, compared to 0.21 and 0.24 for the Random and Round Robin strategies respectively. The SLA breach rate
decreased from 34.0% with random assignment to 8.0% with both load-aware strategies. The Al Supervisor
strategy did not outperform the Fewest Open Ticket heuristic on any metric in Table 7. The two strategies
produced identical Gini coefficients, maximum queue depths, average queue depths, and SLA breach rates,
indicating that the added LLM supervision layer provided no measurable benefit over the simpler deterministic
heuristic in this simulation.

Table 7 Workload assignment strategy comparison (simulation: 100 tickets,

4 agents).
Assignment Method Gini Max queue  Avgqueue Reassignments SLA Breach (%)
Random 0.21 13 8.75 0 34.0
Round Robin 0.24 14 9.75 0 25.0
Fewest Open Ticket 0.03 10 9.50 0 8.0
Al Supervisor 0.03 10 9.50 0 8.0

7. Discussion

The results for RO1 showed that the cascade architecture behaved largely as expected during integration
testing. The 93.3% rejection rate by the Ollama validator should not be interpreted as a weakness of ChatterBot.
Instead, it supports the underlying design assumption that retrieval-based responses are often too generic to
provide sufficiently query-specific answers, making escalation to the next layer necessary in most cases. No
factual hallucinations were observed in the 15 logged Ollama responses, though at this sample size the finding
on its own is not conclusive the larger held-out replay batch (n = 75, Section 6.4) found no confirmed factual
hallucination after correcting a session-isolation defect discovered in the replay harness. One meta-level
hallucination was identified in the live sample, where the model incorrectly claimed that its earlier responses
had contained unprofessional language. This reflects a known tendency of smaller quantised LLMs to generate
inaccurate self-referential statements.

A further check was made for over-restrictive guardrail behavior. On re-examination against the retained
interaction logs, no false refusals were confirmed for either the live-integration or held-out replay samples: the
only guardrail declines observed were correctly triggered by genuinely offensive input, not by valid IT-related
queries. An earlier draft of this manuscript had reported a 20% false-refusal rate for the live sample that figure
could not be reconstructed from the underlying logs during preparation of this revision and has been corrected
accordingly

The held-out replay batch (n = 75) of real, unseen ticket text from the test reinforced this pattern: the
validator rejected all ChatterBot responses, consistent with the live sample, and the factual hallucination rate
(2.7%, reported in Section 6.4) remained low despite the larger sample size. No false refusals were confirmed in
either sample; the guardrail's declines in both the live and held-out data were directed at genuinely abusive or
offensive input rather than at legitimate IT-related queries, consistent with intended behavior.

For RO2, the results indicate a clear divergence between category classification and priority classification.
mBERT achieved very high performance in the multilingual category classification with an accuracy of 89.84%
on the combined English and German dataset. Conversely, priority classification showed a considerable drop
in multilingual performance: the RF+SMOTE model trained on translated English data scored 77.70%, while
mBERT trained on raw multilingual data with SMOTE reached 55.13% once a reproducibility issue in the
original training pipeline was corrected (Section 6.2) the Medium class was the weakest across configurations
until random oversampling was applied, after which mBERT reached 61.63% (macro F1: 59.77%) with
substantially improved Low- and Medium-class performance. A likely explanation is that category prediction
relies more heavily on technical terminology, which is easily transferred across languages, whereas priority
prediction relies more on urgency markers, negation, and subtle phrasing, which may be normalised through
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translation but are more difficult to learn from limited fine-tuning data. Our mBERT configuration outperforms
the ensemble approach of Ramya et al. [22], who report 81.3% accuracy on a similar five-category IT-ticket task,
achieving 89.84% on the multilingual split. FrugalGPT [5] claims 98% cost reduction at GPT-4 parity, our local-
only cascade sacrifices latency for near-zero marginal cost, ideal for SME deployments where API egress is
disallowed.

The review of the supervisor logs for RO3 (n = 224 evaluations across 17 sessions) resulted in 65.2% normal,
20.5% overloaded, and 14.3% underperforming flags, with 82 tickets redistributed across 34 triggered
reassignment events. More significantly, none of the 46 overloaded flags satisfied the explicit numerical
threshold defined in the supervisor prompt, indicating that Llama 3.2 3B was unable to reliably apply a simple,
unambiguous numeric rule under real operational conditions, rather than merely being inconsistent in a
minority of cases. Combined with the simulation results in Table 7, where the Al Supervisor strategy produced
outcomes numerically indistinguishable from the much simpler fewest-open-tickets heuristic on every
measured metric, these findings do not support using an LLM-based supervisor as a replacement for
deterministic workload-assignment logic in its current form. They instead suggest a more constrained role: local
LLMs of this scale may be suited to generating human-readable rationale or flagging genuinely ambiguous
cases for review but should not be trusted to enforce hard numerical constraints without a deterministic
verification layer. This reframes RO3 from a demonstration of Al-driven workload optimisation into an
empirical caution about deploying LLMs for tasks with strict, checkable correctness criteria.

For RO4, confidence-score-gated escalation demonstrably improved routing for the lowest-confidence
predictions: a 13.2 percentage-point accuracy gain on priority classification and a 27.8 percentage-point
accuracy gap between high- and low-confidence category predictions. These results support confidence-based
routing as a lightweight explainability mechanism for human-in-the-loop triage.

7.1 Threats to Validity

Internal validity: the chatbot evaluation combined a 15-event live-integration sample, treated only as a
functional verification check, with a larger held-out replay batch (n = 75) used as the primary quantitative
estimate. Both samples remain small: exact 95% confidence intervals for the reported rates are wide (e.g. 0.0-
4.8% for the factual hallucination rate on the n = 75 batch, and 0.2-31.9% for any rate estimated from the n =15
batch), and the replay batch evaluated single-turn interactions only, with no multi-turn follow-up. A session-
isolation defect in the replay evaluation harness, which previously allowed conversational context to leak across
unrelated replayed tickets, was identified and corrected in this revision, the results reported here are from the
corrected harness, but this underscores the need for careful session management in any future replay-based
evaluation.

Findings should therefore be interpreted as preliminary evidence of cascade behaviour rather than a
statistically definitive or production-representative evaluation a larger, ideally multi-turn user study is needed
before these rates can be treated as generalisable.

External validity: all experiments use a single publicly available dataset (Kaggle Multilingual Customer
Support Tickets) generalization of other domains or ticket formats is not guaranteed. Construct validity: the
SLA breach rate in the workload simulation is computed from a threshold (10 tickets) that was set empirically.

Different thresholds would affect the measured improvement. Conclusion validity: the Al Supervisor
simulation results are identical to the Fewest-open-ticket strategy because no agent exceeded the overload
threshold during the simulation. Larger-scale evaluation is needed to distinguish the two strategies.

8. Conclusion

NexaServe v2 builds on a working academic helpdesk prototype and extends it to a four-tier cascading
multi-agent system with multilingual support, explainable confidence routing, and workload-aware ticket
assignment. The system achieves 89.84% category classification accuracy on bilingual (EN+DE) data using
mBERT, 77.70% priority classification accuracy using RF+SMOTE on English-only data (dropping to 57.23% on
translated German tickets), a 2.7% factual hallucination rate on a held-out batch of real support tickets, and an
SLA breach rate reduction from 34.0% to 8.0% that a simple fewest-open-tickets heuristic achieves equally well
without any LLM involvement. These results demonstrate that a transparent, near-zero-marginal-cost
multilingual helpdesk is achievable using local LLMs for classification and cascaded response generation but
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also show that LLM-based supervision does not reliably outperform deterministic alternatives for tasks with
strict, checkable correctness criteria, a distinction future deployment should account for.
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