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Abstract

Enterprise Al agents must continuously adapt
to maintain accuracy, reduce latency, and re-
main aligned with user needs. We present
a practical implementation of a data fly-
wheel in NVInfo AI, NVIDIA’s Mixture-of-
Experts (MoE) Knowledge Assistant serving
over 30,000 employees. By operationaliz-
ing a MAPE-driven data flywheel, we built
a closed-loop system that systematically ad-
dresses failures in retrieval-augmented genera-
tion (RAG) pipelines and enables continuous
learning. Over a 3-month post-deployment pe-
riod, we monitored feedback and collected 495
negative samples. Analysis revealed two ma-
jor failure modes: routing errors (5.25%) and
query rephrasal errors (3.2%). Using NVIDIA
NeMo Microservices, we implemented targeted
improvements through fine-tuning. For rout-
ing, we replaced a Llama 3.1 70B model with
a fine-tuned 8B variant, achieving 96% accu-
racy, a 10x reduction in model size, and 70%
latency improvement. For query rephrasal,
fine-tuning yielded a 3.7% gain in accuracy
and a 40% latency reduction. Our approach
demonstrates how human-in-the-loop (HITL)
feedback, when structured within a data fly-
wheel, transforms enterprise Al agents into
self-improving systems. Key learnings in-
clude approaches to ensure agent robustness
despite limited user feedback, navigating pri-
vacy constraints, and executing staged rollouts
in production. This work offers a repeatable
blueprint for building robust, adaptive enter-
prise Al agents capable of learning from real-
world usage at scale.

1 Introduction

Enterprise adoption of generative Al (GenAl)
agents has accelerated rapidly, with applications
ranging from knowledge retrieval to workflow au-
tomation. However, the performance of these sys-
tems often deteriorates post-deployment due to
evolving user intent, domain drift, and the absence

of systematic feedback integration. A central chal-
lenge in operationalizing such agents lies in en-
abling them to continuously adapt based on real-
world usage patterns and user feedback, without
requiring full-scale retraining or infrastructure over-
hauls.

While retrieval-augmented generation (RAG)
pipelines and Mixture-of-Experts (MoE) architec-
tures have improved the relevance and efficiency
of enterprise Al agents, most production deploy-
ments remain static and reactive. Feedback mech-
anisms, if present, are frequently decoupled from
the model improvement process. This disconnect
results in stagnant accuracy, increasing latency, and
declining user trust. There is a pressing need for
closed-loop systems that can monitor agent perfor-
mance, analyze failure modes, and execute targeted
optimizations in a cost-efficient and privacy-aware
manner.

In this work, we present a MAPE-based data
flywheel framework that enables continuous learn-
ing in enterprise GenAl agents through a mod-
ular, feedback-driven control loop. Applied to
NVIDIA’s deployment of NVInfo Al, an internal
Knowledge Assistant that serves over 30,000 em-
ployees, the framework integrates user feedback
and telemetry to surface actionable failure sig-
nals and trigger targeted updates using parameter-
efficient fine-tuning and model specialization. Over
a three-month window, an analysis of 495 negative
feedback samples identified routing errors (5.25%)
and query rephrasal errors (3.2%) as the dominant
failure modes.

Using an enterprise Al platform, we applied
lightweight, component-level fine-tuning to im-
prove performance. The routing component was
migrated to a smaller 8B-parameter model (a 10x
reduction) while retaining 96 percent accuracy
and reducing latency by 70 percent. The query
rephrasal component achieved a 3.7 percent accu-
racy improvement using a 5,000-sample synthetic
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dataset and a 40 percent reduction in response la-
tency. Overall, this work introduces the first ap-
plication of a MAPE control loop to GenAl agent
improvement, provides an empirical study of post-
deployment failure patterns in a production en-
terprise agent, and outlines a practical, modular
blueprint for building adaptive and self-correcting
Al systems.

2 Background and Related Work

The MAPE-K (Monitor, Analyze, Plan, Execute —
Knowledge) reference model (IBM Corporation,
2006) remains foundational for designing self-
adaptive systems through continuous control loops
(Iglesia and Weyns, 2015; Arcaini et al., 2015; Rut-
ten et al., 2017; Romero-Garcés et al., 2022; An-
dersson et al., 2023). Its Knowledge component
enables intelligent adaptation when integrated with
machine learning (Gheibi et al., 2020; Abdennad-
her, 2022; Belhaj, 2018). Within agentic Al frame-
works, MAPE-K cycles drive real-time adaptation
(Patel, 2025; Hrabia et al., 2018; Li et al., 2024), il-
lustrating synergy with the data flywheel paradigm
where each monitoring cycle enriches the knowl-
edge base (Sanwouo et al., 2025).

Retrieval-Augmented Generation (RAG) has
emerged as a core enabler of scalable, trustwor-
thy Al by grounding LLMs in enterprise knowl-
edge (Akkiraju et al., 2024; Microsoft Research,
2024; NVIDIA, 2025a). Expert routing strate-
gies, including Mixture of Experts (MoE) (Cai
et al., 2025; Zhou et al., 2022) and LLM-as-a-
Router approaches (Chen et al., 2025, 2024), dy-
namically direct inputs to specialized components.
Query understanding and rephrasal methods miti-
gate ambiguity and enhance retrieval accuracy (Li
et al., 2025; Mao et al., 2024; Yang et al., 2024).
Parameter-efficient fine-tuning methods such as
LoRA and QLoRA narrow the performance gap be-
tween smaller and larger models, enabling 60-80%
GPU cost savings (Hu et al., 2022; Dettmers et al.,
2023; Coleman et al., 2025).

Human-in-the-loop (HITL) pipelines enhance re-
liability by embedding human expertise into mon-
itoring and evaluation (Vats et al., 2024; Gama
et al., 2014). Modern approaches integrate active
learning, weak supervision, and toolkits to enable
scalable feedback cycles (Ratner et al., 2017; Quo-
tient Blog, 2024; Gong et al., 2024). Evaluation
transforms feedback into actionable signals through
methods like LL.M-as-a-Judge and reward model-

ing (Laskar et al., 2024; Gao et al., 2025; Tan et al.,
2024; Frick et al., 2024; Zheng et al., 2023).

Despite significant advances in these areas, en-
terprise GenAl systems often lack cohesive archi-
tectures for continuous adaptation, with compo-
nents implemented in isolation. This paper presents
the first comprehensive application of MAPE-K
principles to AI agent improvement in enter-
prise settings. We introduce a MAPE-K-aligned
data flywheel consolidating monitoring, analysis,
planning, and execution into a modular pipeline.
Leveraging an enterprise Al platform (NVIDIA,
2025b; NVIDIA Docs, 2025; NVIDIA, 2025c;
Constellation Research, 2025), our framework in-
tegrates observability, feedback, fine-tuning, and
evaluation with secure deployment (Unit8, 2024;
Bitrock, 2024), enabling dynamic, self-improving
behavior where each monitoring cycle refines the
knowledge base.

3 System Architecture

Before describing the Adaptive Data Flywheel, we
first present the underlying Al system it enhances.
The NVInfo Al system operates as NVIDIA’s in-
ternal enterprise chatbot which provides services
to more than 30,000 staff members spread across
different locations worldwide. The system oper-
ates with an advanced Mixture of Experts (MoE)
framework which optimizes its performance when
processing various enterprise information requests.

The baseline NVInfo Al operated with the fol-
lowing system metrics before Data Flywheel im-
plementation:

* Average response time:
query

~ 12 seconds per

* LLM as judge ratings: 4.2 correctness score
out of 5 measured on our regression dataset
(see Appendix G)

* Weekly query volume: ~ 2000 unique queries
across 800 unique users

Figure 1 illustrates how our Adaptive Data Fly-
wheel wraps around the core NVInfo Al system
to enable continuous improvement. The Mixture
of Experts framework serves as the base structure
which our Adaptive Data Flywheel system uses
to enhance particular experts through user feed-
back analysis. The flywheel contains the four
MAPE phases with dedicated components for Al
agent management which operate through a unified
knowledge base.
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Figure 1: Adaptive Data Flywheel Architecture showing the MAPE control loop implementation for Al agent

improvement

3.1 Monitor Component (M in MAPE)

Problem: The numerous failure points in RAG
pipelines make it challenging to identify between
situational and systemic problems. Systemic prob-
lems remain undetected until users file complaints
which results in negative user experiences and de-
layed solution implementation.

Solution: We implemented a comprehensive
monitoring system that tracks both direct user feed-
back (thumbs up/down) and implicit signals (re-
queries, session abandonment). Table 1 shows
two examples out of 495 queries that users gave a
"thumbs-down" in the first three months after re-
lease. These queries demonstrate how two specific
data points could be generalized into larger patterns
for developers to address.

Challenges: The collection of user feedback in
Al systems encounters multiple obstacles which
reduce the quality of evaluation signals. The main
problem stems from insufficient user engagement
because users only provide feedback to a limited
extent which results in unrepresentative data col-
lection. Users tend to report negative feedback
more frequently because they focus on sharing their
dissatisfaction with unsatisfactory results instead
of verifying positive outcomes. The process of
data collection becomes harder because organiza-
tions need to remove all personally identifiable in-

formation (PII) from query—response pairs while
following strict privacy and security regulations.
The available feedback data remains incomplete
because users mainly provide basic binary feed-
back such as thumbs up or down without explaining
their reasons for dissatisfaction. Users sometimes
provide incorrect feedback through comments that
fail to pinpoint the actual cause of their negative
ratings. The combination of these factors makes
it difficult to obtain dependable feedback that can
help systems improve their performance.

Learnings: User feedback collection needs sys-
tems that combine user-friendly interfaces with pri-
vacy protection features to achieve better partici-
pation rates and useful data insights. The system
should allow users to rate content directly and com-
plete brief surveys and follow step-by-step prompts
for feedback collection while maintaining full com-
pliance with GDPR and CCPA regulations and en-
terprise data protection policies that ban personal
information storage. The system should record
both direct ratings and indirect feedback indicators
which include user interaction statistics, search pat-
tern changes and repeated query attempts. The
system needs to request positive feedback through
confirmation questions (e.g. "Was this answer help-
ful?") together with negative feedback collection
methods. Real-time feedback processing systems
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need to be established for immediate input evalu-
ation and classification to shorten model improve-
ment cycles.

3.2 Analyze Component (A in MAPE)

Problem: Raw feedback data tends to lack action-
able insights. The RAG pipeline contains multiple
failure points (see Figure 4) which makes it diffi-
cult to identify original causes and determine which
components caused the errors. Without accurate
error attribution, developers may introduce fixes
that fail to significantly improve answer quality.

Solution: We developed systematic error attribu-
tion techniques combining manual analysis with
automated classification. From 495 thumbs-down
samples:

* Routing Errors: 26/495 (5.25%) - Queries
sent to wrong expert

* Rephrasal Errors: ~3.2% (extrapolated
from analyzing 250/495 samples)

Although the expert routing classifier demonstrated
high overall accuracy, our analysis revealed that
certain low-frequency query classes exhibited poor
data representation. This distributional imbalance
led to occasional misclassifications within those
specific subsets. Recognizing this gap, we designed
targeted experiments to enrich the data and improve
performance in those underrepresented domains.
Specific examples identified:

* Routing Error: "How many vacation days
does NVIDIA Canada have?" was sent to the
Holiday Expert instead of the Policies Expert

* Rephrasal Error: "RESS planning team"
incorrectly rephrased as "NVIDIA Resource
Planning team" instead of "Real Estate & Site
Services"

Challenges: The RAG pipeline contains mul-
tiple failure points throughout its different stages
as shown in Section III. The propagation of initial
routing mistakes through subsequent components
leads to cascading errors which grow more severe
with each stage. The process of manual analy-
sis creates a bottleneck because expert review is
needed to perform accurate attribution. The iden-
tification of root causes becomes difficult when
issues present as ambiguous failures because multi-
ple dependent factors create the overall error.

Learnings: The RAG pipeline needs tracing
functionality to track queries, retrieval operations
and model choices because this will help develop-
ers debug the system efficiently and identify where
failures occur. The attribution models which use
heuristics or machine learning classifiers help iden-
tify which stages of the pipeline produce errors.
The system needs to distinguish between model-
related breakdowns and non-model problems be-
cause this separation enables developers to iden-
tify LLM-related errors from retrieval and ranking
system errors. The evaluation of different system
configurations (chunking methods and embedding
models) through A/B testing will show their indi-
vidual performance effects. The process of error
classification and root-cause identification becomes
faster through automated issue labeling which uses
weak supervision or heuristic tagging methods.

3.3 Plan Component (P in MAPE)

Problem: The developers need to make extensive
modifications across multiple system components
to fix the fundamental problems they have discov-
ered. The combination of restricted labeled data,
privacy restrictions and specialized domain require-
ments makes standard model retraining methods
ineffective.

Solution: We developed targeted data cura-
tion and fine-tuning strategies leveraging NVIDIA
NeMo microservices. For Routing Error Reme-
diation, we collected user feedback with SME-
corrected completions and used LLM-as-a-Judge
to identify 32 truly incorrect routings from 140 can-
didates. This yielded 761 data points (729 original
+ 32 corrections), reduced to 685 unique samples
(60/40 split). For Rephrasal Error Remediation,
we manually analyzed 250/495 thumbs-down sam-
ples, identifying 10 incorrect rephrasals. We gener-
ated 5,000 synthetic samples using 4 examples as
few-shot prompts to Llama 3.1 405B (Appendix E)
with 80/10/10 split. Implementation used data cu-
ration, model customization, evaluation tools, and
safety guardrails.

Challenges: Developing targeted remediation
strategies presents several challenges. The avail-
able training data consists of restricted labeled in-
formation because 495 production cases includes
only 32 incorrect routing examples and 10 incor-
rect rephrasing instances. The learning process
becomes more difficult because enterprise termi-
nology and acronyms need specialized knowledge
to understand their context. The model size require-
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Table 1: Representative Error Examples Captured by Monitor Component During 3-Month Deployment

User Query System Response/Issue Error Type Impact
"What is the role of Unable to find answer - RESS in- Query Failed to retrieve
the RESS planning correctly expanded to "Resource Rephrasing  correct department

team at NVIDIA?"  Planning team" instead of "Real information
Estate & Site Services"
"How many va- "Idon’thaveenough information Router Error Sent to Holiday Ex-

cation days does
NVIDIA Canada
have?"

to answer this question”

pert instead of Poli-
cies Expert

ments force developers to find an optimal point be-
tween performance and response time for maintain-
ing system performance. The quality of synthetic
data remains a problem because artificial examples
need to exactly replicate actual user input and error
behavior to achieve success.

Learnings: The LLM-as-a-Judge approach deliv-
ered excellent results by accurately detecting rout-
ing errors at a rate of 77%. The few-shot synthetic
data generation method demonstrated excellent re-
sults because it needed only four to five examples
to create high-quality training data. The domain-
specific fine-tuning of smaller models produced
results that were comparable to those of larger 70B
models. The NVIDIA NeMo microservices stack’s
modular design allowed developers to quickly test
and optimize individual components which sped
up the entire development cycle.

3.4 Execute Component (E in MAPE)

Problem: The deployment of enhanced models to
production requires various sequential operations
which help reduce system downtime. The deploy-
ment of 70B parameter models leads to negative
impacts on user experience and operational effi-
ciency because they tend to have higher latency
and cost.

Solution: Using model customization tools,
we executed model fine-tuning and progressive
deployment:

Router Optimization Results:

* Baseline: Llama 3.1 70B - 96% accuracy,
0.26s latency

* Fine-tuned: Llama 3.1 8B - 96% accuracy,
0.08s latency

e Achievement: 10x model size reduction, 70%
latency reduction

Rephrasal Enhancement Results:

* Baseline: Llama 3.1 70B - 73.8% accuracy,
1.9s latency

* Fine-tuned: Llama 3.1 8B - 77.5% accuracy,
1.1s latency

* Achievement: 3.7% accuracy improvement,
40% latency reduction

Challenges: The system faces major produc-
tion risks because any unwanted changes will af-
fect more than 30,000 users by degrading system
performance. The system requires effective roll-
back mechanisms to perform fast updates and re-
duce system downtime during problematic changes.
The system requires ongoing performance tracking
to monitor change effects on different query do-
mains while maintaining uniform quality standards.
The deployment process requires teams to work
together effectively because data scientists need to
coordinate with engineers and operations staff to
handle dependencies and preserve system stability.

Learnings: The deployment process should in-
clude Canary and staged deployments to introduce
changes to limited user groups before complete sys-
tem deployment helps protect against unexpected
system problems. The implementation of defined
rollback procedures enables teams to safely return
to previous updates when performance deteriora-
tion occurs. The monitoring of essential perfor-
mance indicators including accuracy, latency and
user feedback after deployment helps detect sys-
tem deterioration at its beginning stages. The re-
lease process benefits from clear handoffs between
data scientist, engineer and product manager which
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enables effective team collaboration. Users will
develop more trust in new model versions when
organizations maintain open communication about
system updates.

4 Experimental Evaluation

4.1 Experimental Setup

We evaluated the Data Flywheel on NVIDIA’s
NVInfo AI with 800 weekly users and 1,224 pro-
duction feedback samples (729 positive, 495 nega-
tive). Baseline: Llama 3.1 70B; fine-tuning: Llama
3.1 8B, 3.2 3B/1B.

4.2 Error Analysis

From 495 negative samples, we identified two pri-
mary failure modes as shown in Table 2. Example
failures are detailed in Section 3.2.

Table 2: Error Classification from User Feedback

Error Type Count Percentage
Routing Errors 26/495 5.25%
Rephrasal Errors ~16/495  3.2% (extrap.)
Other Errors 453/495 91.5%

4.3 Fine-Tuning Results

To address key failure modes, we adopted LoRA
via PEFT to optimize routing and query rephrasal.
LoRA enables targeted updates to transformer
weights using lightweight, low-rank matrices, well
suited for rapid iteration without full model retrain-
ing. All fine-tuning was performed on a compute
cluster with 4x A100 GPUs (80 GB each).

Expert Routing Optimization. We compiled
a curated dataset from user feedback and SME
corrections: 761 data points (729 original + 32
LLM-as-Judge corrections), reduced to 685 unique
samples after deduplication, with a 60/40 train/test
split.

Table 3: Router Fine-Tuning Results: 10x Model Size
Reduction

Model Accuracy Latency (s)
Llama 3.1 70B (baseline) 96% 0.26
Llama 3.1 8B (no tuning) 14% 0.08
Llama 3.1 8B + prompt-tuning 86% 0.08
Llama 3.1 8B + fine-tuning 96 % 0.08
Llama 3.2 3B + fine-tuning 94% -
Llama 3.2 1B + fine-tuning 94% -

Key achievement: Maintained 96% accuracy
while reducing model size by 10x and latency by
70%.

Query Rephrasal Enhancement. We manually
analyzed 250 samples, identifying 10 rephrasing
candidates. We generated 5,000 synthetic samples
using Llama 3.1 405B with few-shot examples,
partitioned into an 80/10/10 train/validation/test
split.

Table 4: Query Rephrasal Fine-Tuning Results

Model Accuracy Latency (s)
Llama 3.1 70B (baseline) 73.8% 1.9
Llama 3.1 8B Fine-Tuned  77.5% 1.1

Key achievement: 3.7% accuracy improvement
with 40% latency reduction and 10x model size
reduction.

4.4 Improvements Achieved Through the
Data Flywheel

Examples of corrected issues are shown in Table 1
and detailed in Appendix H.

5 Conclusion

We presented a MAPE-based data flywheel for
enterprise Al agents, demonstrated on NVInfo
Knowledge Assistant at NVIDIA. Our approach
achieved 10x model size reduction (70B—8B)
while maintaining 96% routing accuracy, and im-
proved rephrasal accuracy by 3.7% with 40% la-
tency reduction. Analysis of 495 feedback samples
identified routing (5.25%) and rephrasal (3.2%) er-
rors as key targets, showing that focused improve-
ments using limited training data and synthetic gen-
eration can substantially enhance performance.

Key insights include handling low feedback par-
ticipation through implicit signals, navigating pri-
vacy constraints via synthetic data, and deploying
safely through staged rollouts. Future work in-
cludes automated error attribution using ML clas-
sifiers, continuous learning without catastrophic
forgetting, and multi-agent coordination for system-
wide intelligence. Organizations adopting data fly-
wheels will build adaptive Al systems that continu-
ously improve through real-world usage, transform-
ing agents into self-enhancing assets.

6 Limitations

While our work demonstrates the effectiveness of
MAPE-based data flywheels for enterprise Al, sev-
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eral limitations warrant discussion.

Low Feedback Participation: The system re-
ceived feedback from 495 employees out of thou-
sands of users which shows difficulties in obtaining
large-scale feedback data. The relatively low num-
ber of participants in the study creates sampling
bias which reduces the generalizability of the ob-
tained results. The system uses query reformulation
as an additional data source but it does not replace
the need for direct user feedback.

Manual Analysis Bottleneck: Since users aren’t
always able to accurately identify why queries
failed in their feedback, human analysis is required
in order to ensure that only relevant examples are
used during the fine-tuning. Manually reviewing
samples slowed down the flywheel substantially,
creating a bottleneck for model improvements. Al-
though the LL.M-as-a-judge approach helped iden-
tify routing errors, there was no analogous system
for autonomously detecting query rephrasal errors.

Privacy and Compliance: Enterprise policies for-
bid storing complete query-response pairs which
restricted thorough analysis of the data. The pro-
cess of handling feedback data became more com-
plicated because of PII removal requirements and
GDPR and CCPA compliance regulations.

Synthetic Data Generation: Although the cre-
ation of 5,000 synthetic examples for rephrasal
training proved successful, the process of main-
taining high-quality and contextually accurate data
required advanced prompt engineering techniques
and validation procedures which raised operational
costs for data augmentation. For example, if new
data sources are added to the system in the future,
it is likely that those domains would need to be rep-
resented in the synthetic dataset in order to create
a representative set for fine-tuning.
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A NVlInfo AI Architecture

NVInfo Al consists of multiple essential compo-
nents which work together to generate precise an-
swers that understand user context. The architec-
ture shown in Figure 2 illustrates the complete sys-
tem, which processes employee queries through a
sophisticated pipeline:

 User Interface: The intranet portal functions
as the main access point which allows staff
members to ask questions and handles com-
plex business information requirements across
various domains. The system offers

— User questions through natural language
while maintaining context understanding

— Response Generation in table, lists and
formatted data structure

— Source references which link directly to
SharePoint documentation

— Follow-up question suggestions gener-
ated from conversational context

— Feedback system which uses thumbs up-
/down buttons to help agents improve
their performance.

* Router Module: The system uses Llama 3.1
70B as its initial large language model to clas-
sify user queries which then get sent to one
of six specialized experts. Note that corporate
policies are handled by combining IT Help &
HR Benefits and SharePoint experts.

— Financial Info Expert (earnings reports,
transcripts)

— IT Help & HR Benefits Expert (Servi-
ceNow knowledge and catalog)

— SharePoint Expert (intranet content)

— Holidays Expert (region-specific holiday
calendars)

— Cafe Menu Expert (cafeteria informa-
tion)
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— People Expert (organization charts, re-
porting chains)

— Query Processing Pipeline: The sys-
tem processes queries through multiple
stages after they pass through the router
module.

1. Conversation Rephrasing: Incorpo-
rates prior turns for multi-turn dia-
logue.

2. Query Variations: Generates multi-
ple rephrasings to improve retrieval
coverage.

3. Retriever: Conducts semantic doc-
ument searches across all available
document collections.

4. Re-ranking & De-duplication: Ranks
documents based on their relevance
while removing duplicate results.

5. Answer Generation: Creates a uni-
fied response by processing the re-
trieved information.

6. Citation Generation: Produces trust-
worthy source links which enable
users to verify information sources.

7. Suggested Follow-ups: Generates ad-
ditional questions which help users
discover new content while enhanc-
ing their interaction with the system.

B NVInfo AI Response and Feedback
Capture Architecture

The figure 3 illustrates the end-to-end data
flow from user interaction with NVInfo Al
to structured data storage for future system
improvement. It highlights two main types
of data captured(response metrics and user
feedback metrics) and their subsequent pro-
cessing.

— User Interaction and Metrics Collec-
tion: The data flow begins when a user
interacts with the User Interface, which
connects to the Agent, a domain-aware
generative Al assistant that delivers struc-
tured, context-rich responses with cita-
tions. Each response is logged as part of
Response Metrics, capturing details such
as:

* Query — the original user input
* Response — the agent’s output
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* Category — the knowledge source
from which information was re-
trieved

checks applied to the response

If the user provides feedback (e.g.,
thumbs up or down), Feedback Metrics

* Expert Selected — subject-matter ex-

pert or expert route chosen

Time Taken — latency observed
across different components in the
agentic Al workflow

Agent Thought — reasoning trace be-
hind the response

Rephrased Query — any reformula-
tion of the user’s input

IR Results — intermediate retrieval
results

Prompts — the prompt(s) used in re-
sponse generation

Guardrail Metrics — policy or safety
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are recorded, which includes:
* Positive or negative signal (thumbs
up/down)
% Contextual reasons for feedback,
such as:
- Usefulness of cited sources
- Relevance of the generated re-
sponse
- Clarity and completeness of the
output
- Suggestions for improvement
These metrics trigger events that stream
response data to DynamoDB and feed-
back data to a SQL database, enabling
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structured downstream processing.

Data Ingestion and Transformation: A
centralized data ingestion pipeline runs
every 4 hours via a scheduled cron job
to extract the latest response and feed-
back records from DynamoDB and SQL
databases. This ensures timely synchro-
nization while minimizing system load
during peak usage periods.

PySpark-based Data Transformation:
The ingested data is processed through
a PySpark-based pipeline that performs
cleaning, normalization, and enrichment.
It maps feedback to specific conversation
sessions, standardizes sentiment scores,
and parses routing and rephrasal trace
logs to identify failure modes. The re-
sulting structured views capture model-
side performance metrics such as routing
accuracy and response latency, as well
as user-side indicators like feedback sen-
timent and interaction quality, together
providing a holistic picture of system ef-
fectiveness.

Data Lake Storage: The structured out-
puts are stored in a scalable data lake
for long-term access and analysis. These
views support downstream tasks such as
dashboarding, fine-tuning, error analy-
sis, and offline evaluation, contributing
to continuous improvement of the Agent.

RAG System Failure Points

The RAG pipeline encounters multiple pro-
cessing challenges throughout its entire oper-
ation:

1. Router - Query Understanding: Mis-

classification of user intent leading to
wrong expert selection. Example: "va-
cation days" queries routed to Holiday
Expert instead of Policies Expert (5.25%
of our failures).

. Query Rephrasing Error: Incorrect ex-

pansion or interpretation of queries for
the selected agent. Example: "RESS
planning team" incorrectly rephrased as
"Resource Planning team" instead of
"Real Estate & Site Services" (3.2% of
failures).
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3. Retriever Error: Failure to find relevant
documents which exist in the knowledge
base because of semantic search limita-
tions or embedding mismatches.

4. Reranking Error: Retrieved documents
incorrectly prioritized which results in
important information being hidden be-
yond the context window threshold.

5. LLM Hallucination: The model pro-
duces believable yet false information
when it lacks sufficient context which
leads to confident but incorrect re-
sponses.

6. Citation Generation Error: Incorrect
or missing source references which de-
creases answer reliability and blocks
users from verifying the information.

7. Answer Generation Error: A poor final
response by combining retrieved context
which results in incomplete or unclear
answers even though it has access to cor-
rect information.

For the RAG system used in this study, these
failure points were identified through analysis
of 495 negative feedback samples collected
over 3 months:

— Router - Query Understanding: Mis-
classification of user intent (5.25% of
failures)

— Query Rephrasing Error: Incorrect
query expansion (3.2% of failures)

— Retriever Error: Failure to find relevant
documents despite their existence

— Reranking Error: Incorrect prioritiza-
tion of retrieved documents

— LLM Hallucination: Generation of
plausible but incorrect information

— Citation Generation Error: Incorrect
or missing source attribution

— Answer Generation Error: Poor syn-
thesis of retrieved context

D NVinfo AI Interface Examples

The interface examples demonstrate the sys-
tem’s capabilities:

— IT Support (Fig. 5a): Shows step-by-
step guidance for ordering WFH equip-
ment through the ServiceNow portal
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— Financial Analysis (Fig. 5b): Provides
quarterly revenue data with year-over-
year growth metrics and detailed break-
downs

— IT Support (Fig. 5c): Displays HSA
contribution tables with employer match-
ing details for different fiscal quarters

— Financial Analysis (Fig. 5d): Explains
technical concepts like NVIDIA Cloud
Functions with architecture overview

E Synthetic data generation

As part of our continuous improvement efforts,
we identified that refining the way queries
are phrased could significantly enhance re-
trieval accuracy. Given that our retrieval sys-
tem is highly sensitive to keyword usage, an
in-depth analysis of existing feedback was
conducted. During this analysis, we discov-
ered that decomposing certain queries into
sub-queries improved the recall of relevant in-
formation from our internal retrieval systems.
This, in turn, led to more accurate and contex-
tually appropriate responses. To tackle this,
we conducted a detailed review of about 250
examples from our "thumbs down" feedback
dataset, focusing specifically on queries re-
lated to our SharePoint expert system. We
noticed that some queries weren’t retrieving
the most relevant information due to a lack of
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understanding of NVIDIA-specific acronyms
or context. By manually rephrasing these
queries, we found that we could significantly
improve the retrieval of the intended informa-
tion. From an initial set of 250 examples, we
identified 10 key candidates showcasing com-
mon patterns of misinterpretation or context
loss. For instance, the query "I am based in the
netherlands, when is pay day?" was initially
rephrased as "payday schedule united states,
employer pay dates usa." We manually cor-
rected this to "payday schedule netherlands"
and "netherlands pay days." To extend this
improvement beyond the feedback dataset,
we integrated these rephrased examples into
our synthetic data generation pipeline. We
leveraged these examples as few-shot prompts
for our large language model. By providing
SharePoint-related website content as context,
we instructed the LLM to generate both orig-
inal and rephrased queries for all documents.
This method allowed us to produce approxi-
mately 5,000 rephrased queries, thereby en-
riching our dataset and facilitating more effec-
tive fine-tuning of the agent. This focused en-
hancement significantly improved the Share-
Point expert’s ability to retrieve and deliver
the most relevant information with increased
accuracy.
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1 am & remote smployse. How do | rder a monktor? Cw what are Nvidia's data center revenue for the past 3 quarters and what factors

contributed to its growth?

As a remote employee, you can request a monitor by following these steps: Do ®
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+ Go'to the Monitors catalog item on the ServiceNow portal. TS ST
+ Click on the "Request a New or Replacement Monitor* button. "

Q1 Fiscal 2026 $391 bilion
+ Fill out the request form with the required information, including your shipping address.

Q4 Fiscal 2025 $35,6 billon
+ Submit the request.

Please note that monitors are provided to remote employees, and they will be shipped directly NVIDIA's data center revenue growth can be attributed to several factors, including:

10 your home address via the vendor.

Strong demand for NVIDIA's Al and Blackwell Al

Increased adoption of NVIDIA's data center products and technologies by cloud service
providers, enterprises, and research institutions

Alternatively, you can also submit a request through the Coupa platform

If you have any issues or questions, you can reach out to the IT team for assistance.
Expansion of NVIDIA's data center offerings, including the introduction of new products

Please let me know if you have any other questions or need further assistance. and services such as NVIDIA Blackwell Ultra, NVIDIA Dynamo, and NVIDIA Spectrum-X

Partnerships and collaborations with leading companies in the industry, such as AWS,

F ils, pl fi the following |
or mare detslls, piease refer to the following ks Google Cloud, Microsoft Azure, and Oracle Cloud Infrastructure

111 © Monitor Growing demand for Al computing and accelerated computing in various industries,
1210 Laptc including healthcare, finance, and autonomous vehicles.

(3] © Workstation Monitor Polic
Here are the sources used to generate this response:

(a) IT Help Expert providing technical support for WFH mon- (b) Financial Earnings Expert analyzing quarterly revenue
itor ordering growth

what is nvidia cloud functions? Cw

)  NVIDIA Cloud Functions (NVCF) s  serverless AP to deploy & manage Al workloads on [afoXe

How much does nvidia contribute to HSA? Al GPUs, which provides security, scale and reliability to your workloads. ! 12!

Itis primarily suited for shorter running, preemptable workioads such as inferencing and fine-
©)  Upt0$3,000. NVIDIA contributes to the HSA plans, with the amount varying by plan and Db @ tuning.

I 2 : N
coverage level. Please let me know if you have any other questions or need further assistance.

For more details, please refer to the following links: For more details, please refer to the following links:

[1] @ Health Savings Accounts (HSA) | NVIDIA Benefits
[2] © What is a Health Savings Account (HSA)?

[1 @ Overview — NVIDIA Cloud Functions
[2] @ Function Lifecycle — NVIDIA Cloud Functions

custe b hat are the benefits of using NVCF:

(c) HR Benefits Expert explaining HSA contribution details (d) NVInfo Expert providing NVC function information

Figure 5: Representative NVInfo Al interface examples showing mixture-of-experts responses across different
enterprise domains

F Prompt for router error
LLM-as-a-judge classification

This section provides the full prompt used
for router error evaluation via an LL.M-as-a-
judge classifier. Given a user query and the set
of tools (experts) selected by the router, the
judge determines whether the routing choice
is appropriate regardless of the final answer
quality. The label is binary: YES indicates
the provided tool set contains an appropriate
destination expert for the query, while NO
indicates the query should have been routed
to a different expert (i.e., the correct expert is
missing from the provided tools).

Listing 1: Prompt for router error LLM-as-a-judge clas-
sification (complete example)

Question: How do I submit a referral?

Tools: ['it_benefits_help', '
nvinfo_policies_expert']

Reasoning: This question is related to
NVIDIA policy which means it should be
sent to either 'it_benefits_help' or '
nvinfo_policies_expert'.

Answer: YES
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Question: When can I sign up for a new
health plan?

Tools: ['finance_expert']

Reasoning: This question is related to
employee benefits which means it should
be sent to 'it_benefits_help' instead
of 'finance_expert'.

Answer: NO

Question: what was NVIDIA's Q3 revenue in
fiscal 2024?

Tools: ['finance_expert']

Reasoning: This question is related to
NVIDIA's earnings which means it should
go to 'finance_expert'.

Answer: YES

Question: Is Mercedes Benz using NVIDIA's
digital twin technology?

Tools: ['it_benefits_help', '
nvinfo_policies_expert']

Reasoning: This question is related to
NVIDIA products and therefore should
have gone to 'it_benefits_help'.

Answer: YES

Question: What is the vacation policy at
NVIDIA?

Tools: ['holidays_expert']

Reasoning: This question is related to
NVIDIA policy which means it should be
sent to either 'it_benefits_help' or '




nvinfo_policies_expert'.
Answer: NO

Question: When is the next free day at
NVIDIA?

Tools: ['holidays_expert']

Reasoning: The user is trying to find the
date of a holiday which means that the
question should be sent to '
holidays_expert'.

Answer: YES

Question: When is the first open stock sale
period in 20257

Tools: ['finance_expert']

Reasoning: This question is related to
NVIDIA finances and should therefore be
sent to 'finance_expert'.

Answer: YES

Question: How many unused vacation days can
I carry over?

Tools: ['it_benefits_help', '
nvinfo_policies_expert']

Reasoning: This question is related to
NVIDIA policy and employee benefits
which means it should be sent to either

"it_benefits_help' or '
nvinfo_policies_expert'.

Answer: YES

Question: Who heads up wwfo?

Tools: ['finance_expert']

Reasoning: This question is related to
NVIDIA leadership which means that it
should be sent to 'people_expert'.

Answer: NO

Question: Who is John Smith?

Tools: ['finance_expert']

Reasoning: The user is trying to find
information about a specific person
which means that this question should
go to 'people_expert'.

Answer: NO

Question: What are the latest hardware
offerings at NVIDIA?

Tools: ['it_benefits_help', '
nvinfo_policies_expert']

Reasoning: This question is related to
NVIDIA products and therefore should
have gone to 'it_benefits_help'.

Answer: YES

Question: What is gb200 nv172?

Tools: ['finance_expert']

Reasoning: This question is related to
NVIDIA products and therefore should
have gone to 'it_benefits_help'.

Answer: NO

Question: When will the 2025 free days be
officially announced?

Tools: ['it_benefits_help', '
nvinfo_policies_expert']

Reasoning: This question is related to
NVIDIA policies or benefits, so it
should be sent to 'it_benefits_help' or

'nvinfo_policies_expert'.
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Answer: YES

Question: Does NVIDIA offer financial
advice services?

Tools: ['finance_expert']

Reasoning: This question is related to
NVIDIA policies or benefits, so it
should be sent to 'it_benefits_help' or

'nvinfo_policies_expert'.

Answer: NO

Question: What was the year-over-year
growth for Q2?
Tools: ['finance_expert']
Reasoning: This question is related to
NVIDIA earnings and should therefore be
routed to 'finance_expert'.
Answer: YES

Question: How do I order equipment?

Tools: ['it_benefits_help', '
nvinfo_policies_expert']

Reasoning: This question is related to
procuring a work accessory, which means
that it should go to either '
it_benefits_help' or '
nvinfo_policies_expert'.

Answer: YES

Question: I'm getting a VPN error

Tools: ['finance_expert']

Reasoning: This question is related to an
IT issue, which means that it should go
to 'it_benefits_help'.

Answer: NO

QUERY: {query}
TOOLS: {experts}

G Regression dataset

The NVInfo Al regression dataset is actively
curated and regularly updated, currently com-
prising around 300 queries that cover a range
of domains including NVIDIA benefits, hol-
idays, company policies, and IT Help. Each
query in the dataset contains the correspond-
ing ground truth and expected citation values.
The LLM-as-judge framework is leveraged to
evaluate the quality of NVInfo Al-generated
answers against the regression dataset. The
criteria for judgment include correctness, help-
fulness, and conscientiousness.

You are a data annotator generating ques-
tions, answers, and rephrased questions
from an input document and its URL.




Guidelines

— Identify key phrases and entities in
the document and generate questions
around them.

— Generate questions answerable using
information contained in the input
document.

— Do not write questions that require
viewing the document to understand
the question.

— Avoid phrases like “according to
the document/author”, “in this doc-
ument”, etc.

— Questions may also be key phrases
found in the document.

— Ensure the document contains the
complete answer to your question.

— Provide enough context in the ques-
tion to lead to the specific answer in
the document.

— Vary phrasing, vocabulary, complex-
ity, and type of questions.

— Do not copy exact phrasing; use your
own words.

— Prefix questions with Question: and
answers with Answer:.

— Rephrase each question at least twice
(query decomposition/expansion) to
aid search.

— Final output must be a Python list.

— Rephrased queries are short, con-
cise keyword/entity mixes; you may
replace NVIDIA with employer or
company.

— Provide two or more rephrased
queries preserving intent and time-
frame.

— If the question asks for “the next
X date” without time context, ap-
pend YYYY (current or next year) in
rephrased queries.
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Example: Question: “when is the
next NTech conference” — “upcom-
ing ntech 2024”, “ntech dates 2024”,
“ntech schedule 2025”.

Use the EnterpriseKnowledge tool when

The user asks for non-sensitive informa-
tion such as organization info, direct re-
ports, phone numbers, benefits alternate
ID, email addresses, working addresses,
tax explanations, updating SSN instruc-
tions, or stock trading policies.

Your action format MUST be

Thought: Provide a short analysis of
your understanding from the Question

Process: I need to use the Enterprise
Knowledge tool

Action: EnterpriseKnowledge

Action Input: A single line Python list
of rephrased queries MUST be
generated.

Strict JSON schema (return nothing
else)

{
"type": "object"”,
"properties”: {
"Question”: {
"type": "string"”,
"description”: "Generated Question
from the input document.”
}’
"Answer": {
"type": "string",
"description”: "Corresponding
Answer from the input document that
answers the Question.”

}’
"Thought": {
"type": "string",
"description”: "Short analysis of

your understanding from the Question
B
"Process"”: {

"type": "string”,

"description”: "I need to use the
Enterprise Knowledge tool.”
}!
"Action”: {

"type": "string",

"description”: "
EnterpriseKnowledge”
3,
"Action Input”: {
"type": "array”,
"description”: "A single line
Python list of rephrased queries.”

}




}
3
Examples
Input Document: <Content of input
document>
Input Document url: <url of input
document>
Output
{
"Question”: "I am based in the
Netherlands, when is pay day?”,
"Answer": "25th of every month",

"Thought”: "Payroll timing question;
include location keywords in
rephrased queries.”,

"Process”: "I need to use the
Enterprise Knowledge tool”,
"Action": "EnterpriseKnowledge",

"Action Input”: [
"payday schedule netherlands”,
"netherlands pay days”

]
3
Input Document: <Content of input
document>
Input Document url: <url of input
document>
Output
{
"Question”: "point me to gpu fcv page
i
"Answer”: "https://nvidia.sharepoint.

com/sites/TechnicalTraining/ASIC%20
teams.aspx”,

"Thought”: "Needs GPU FCV (Full Chip
Verification) page.”,

"Process”: "I need to use the
Enterprise Knowledge tool”,
"Action": "EnterpriseKnowledge"”,

"Action Input”: [
"gpu fcv page company”,

"fcv gpu url”

]
3
Input Document: <Content of input
document>
Input Document url: <url of input
document>
Output
{

"Question”: "ok, i'm looking for an

NVIDIA icon for biotech /
pharmaceuticals to use in a
presentation. can you help me find
that?”,

"Answer”: "https://nvidia.sharepoint.
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com/sites/nvinfo/brand/Pages/default

.aspx”,

"Thought”: "Needs a company icon for
biotech/pharma use."”,

"Process”: "I need to use the
Enterprise Knowledge tool”,

"Action”: "EnterpriseKnowledge",

"Action Input”: [
"company icons”,
"company logos biotech”

]

}

Task output format

Generate 3 pairs by following the instruc-
tions based on the Input Document.
Strictly return only a Python list of pairs
and nothing else.

Input Document: <Content of input
document>

Input Document url: <url of input
document>

Output: ###

H Corrected Issues Examples

Representative corrected failures are shown in
Table 5, highlighting how the data flywheel
improved routing accuracy and rephrasal qual-
ity across diverse user queries.



Table 5: Examples of corrected issues through the data flywheel

User Query Original Failure After Fine-tuning Result
“What is the role of the Rephrasal error: incorrectly ex- Correct rephrases: The role of RESS (Real Estate and Site
RESS planning team at panded to “Resource Planning “NVIDIA RESS plan- Services) Planning team is to manage
NVIDIA?” team”. ning team role”; “RESS site operations, support lease delivery,
planning team responsibili- ...
ties”.

“How many vacation
days does NVIDIA
Canada have?”

Routing error: sent to Holiday Correctly routed to Poli- According to the Canada Vacation
Expert instead of Policies Ex- cies Expert. Policy, employees receive . ..
pert.
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