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Abstract 
We describe a virtual member of a knowledge management 
Community of Practice (CoP), called ATHENA, that knows an 
individual, his tasks, his organization, and the community. 
ATHENA employs an agentic chat capability that combines 
embeddings with knowledge-based faceted search to provide 
accurate responses to technical questions along with rationale and 
citations for efficient validation. ATHENA supports natural, in-
the-flow capture of task-related insights to share within a CoP, 
along with proactive dissemination of information tied to an 
individual and his current needs.  An evaluation involving 75 
professionals from the Oil & Gas sector shows that ATHENA 
dramatically improved outcomes and productivity on a set of 
well-planning tasks compared to their use of a state-of-the-art 
RAG baseline. Interestingly, ATHENA also enabled eight non-
experts to perform at expert levels. 
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1 Introduction 
To be successful in today’s increasingly complex and information-
dense world, workers in many fields must find, evaluate, and 
integrate knowledge from multiple domains and sources. 
Knowledge management (KM) tools strive to support workers and 
organizations with these processes by capturing, organizing, and 
leveraging information and expertise [1]. When used by 
individuals and organizations to systematically manage 
knowledge, KM systems can improve decision making, foster 
innovation, and enhance productivity across teams by creating 
two types of connection: “people-to-people” and “people-to-
information.” 

The predominant approach to fostering people-to-people 
connection is to build a Community of Practice (CoP). CoPs have 
been the focus for KM initiatives within most organizations [2,3], 
typically involving online forums for information sharing and 
expertise finders for locating practitioners with specific 
knowledge. Technologies like Microsoft SharePoint and search 
engines remain the primary enabler for people-to-information 
connection in commercial settings, especially for highly technical 
disciplines.   

†Authors are listed in alphabetical order. 
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Although AI has been used to enable knowledge management 
for some time [4], recent advances in the field provide the 
opportunity to build a new generation of KM technologies that 
provide better access to knowledge and reduce friction for 
knowledge capture and sharing.   

To this end, we have developed an intelligent assistant called 
ATHENA that operates as a virtual member of a CoP. ATHENA 
combines three core capabilities embedded within a chat-based 
user interface that mirrors the natural workflow of person-to-
person knowledge sharing (see Figure 1): 

• an agentic approach to information retrieval that delivers 
accurate answers rather than documents, along with 
source material and rationale; 

• an in-the-flow capture of experiential knowledge, or 
“insights”, that can be shared within a CoP; 

• proactive dissemination of insights tailored to an 
individual’s expertise level and task context via user 
cognitive modeling and large language models (LLMs). 

Much of ATHENA is domain agnostic; however, it was 
developed in the context of addressing KM challenges for the Oil 
& Gas sector. We evaluated ATHENA in a realistic setting 
involving 75 subjects from a professional society devoted to 
petroleum engineering (the Society of Petroleum Engineers, or 
SPE), who performed a range of tasks related to well planning. The 
results show that ATHENA significantly improved outcomes 
(152% increase in task scores) for experts in the domain compared 
to their use of a state-of-the-art Retrieval Augmented Generation 
(RAG) baseline; our technology also increased subject 
productivity by 283%. Surprisingly, a supplementary evaluation 
involving 8 subjects showed that ATHENA enabled non-experts 
to complete tasks as quickly and accurately as experts. The basis 
for these results was a combination of our agentic retrieval 
method providing answers that were much more helpful than the 
baseline and timely dissemination of insights that provided 
meaningful guidance tailored to a subject’s problem-solving 
context. 

Based on the evaluation results, we have been asked to deploy 
ATHENA to the SPE’s research portal. In addition, ATHENA’s 
agentic chat system is in production deployment at a Top-10 Oil 
& Gas operator and two additional Top-10 operators are in the 
process of deploying it. 

2 Domain: Well Planning 
Well planning involves designing and mapping out the wellbore, 
estimating costs, and identifying the optimal drilling approach to 
access hydrocarbons efficiently and safely [5]. These tasks require 
a comprehensive analysis of geological data, regulatory 
guidelines, and potential environmental impacts. Finding the right 
information is paramount, as accurate data helps minimize risks, 
optimize resources, and ensure compliance with safety and 
environmental standards. Access to reliable information enables 

precise decision making, reduces costly errors, and ultimately 
drives successful project outcomes, positioning companies to 
maximize productivity while maintaining operational integrity. 

We employed a large corpus (17,598 files) containing (a) 
general material related to the Oil & Gas sector drawn from an 
extensive petroleum engineering Wiki (PetroWiki, 
https://petrowiki.spe.org/PetroWiki); (b) relevant regulatory  
matter (US Code of Law, Title 30, 
https://uscode.house.gov/browse.xhtml); and (c) an extensive 
real-world data set comprising logs, reports, and studies related to 
drilling operations by Equinor in the Volve oil field 
(https://www.equinor.com/energy/volve-data-sharing). 

3 ATHENA User Experience 
Current practice for accessing knowledge within a CoP typically 
involves leveraging a diverse set of tools including file explorers 
to search documents and data, asynchronous communication 
channels to request and share information, and dedicated 
applications for capturing knowledge and completing work. This 
practice slows the process of finding and sharing knowledge, 
while also increasing cognitive load by forcing users to constantly 
switch tasks. 

In contrast, our conceptualization of ATHENA as a virtual 
member of a CoP integrates search, knowledge capture, and 
sharing functions within a single UI. Users interact with ATHENA 
via natural language chat messages (see Figure 2). The UI supports 
chat messages with textual questions, keyword queries and 
knowledge-based faceted search [6,7] ((A, B) in the figure). For a 
given answer (C), it provides a clear explanation of the response 
logic and sources to enable evaluation of the accuracy and 
completeness of answers (D). Users can view source documents 
by clicking on their titles in the response (E), which opens the 
document in an integrated file viewer – removing the need for 
switching between applications to assess information. To support 
related questions, we crafted a “document focus” feature (F) that 
enables a user to directly interrogate a document on the click of 
an icon by limiting the chat mechanism to respond considering 
only that document.  Once a suitable document has been found, 

Figure 1. ATHENA overview 
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this focus reduces the likelihood of hallucinations derived from 
consideration of irrelevant material.  

ATHENA proactively disseminates task-related insights 
directly within a user’s task flow, in the form of blue text boxes 
between the chat window and chat input bar (G). These insights  
 are tailored to each user based on their expertise, previously seen 
insights, and current goals – seeking to deliver the right 
information at the right time in the right way to maximize its 
utility [8]. The insights expand and collapse to reduce visual 
clutter, change color when read, and allow feedback via thumbs 
up/down buttons to better tailor insights. 

ATHENA facilitates the capture of knowledge from users via a 
lightweight process for submitting insights directly within their 
task flow. To submit a new insight, users can simply click the ‘Add 
Insights’ link and type into a text box (H). This process is designed 
to be quick and easy to encourage sharing with CoP members. The 
enrichment of captured content to facilitate downstream 
dissemination is handled by the system (see Sections 5 and 6), 
rather than requiring additional user input to contextualize the 
insight. Users can examine insights they have contributed or that 
they referenced previously (I). 

4 Agentic Chat Information Retrieval 
Traditional approaches to information retrieval require 
interacting with a large corpus of documents or data by 
formulating precise search queries or navigating extensive, 
hierarchical folder structures within a KM system. This approach 
increases user cognitive load and creates the challenge of forming 

a shared mental model with a search function or file explorer 
centered around keywords rather than knowledge. Users must 
spend a significant amount of time learning the system’s content 
and structure, generating and testing keywords, and filtering 
results to identify promising data for further evaluation.  

As a virtual member of a CoP, ATHENA provides ready access 
to a vast repository of knowledge, including insights captured 
from community members. ATHENA offers the convenience of 
surfacing that knowledge without specialized search skills or 
machine-centered mental models thanks to its chat interface. This 
approach enables users to receive relevant answers to their 
knowledge query in plain text, along with the information needed 
to evaluate the answer – an ideal workflow akin to discussing a 
well-sourced document with CoP peers. In this section, we explain 
how we architected ATHENA’s interpretation of a user message 
to achieve this goal. 

ATHENA’s chat system is a refined RAG architecture [9]. RAG 
systems typically convert a user message into either a set of 
keywords used for search or a vector embedding generated by a 
language model. A search is then performed across the corpus to 
identify relevant documents or “chunks” (partial documents). 
Search may involve keyword matching, vector nearest neighbor 
search using the embeddings of the user input and 
documents/chunks, or both (called hybrid search). The top-
matching documents/chunks from the search are then fed with 
the original user request to an LLM for filtering and answer 
generation. 

 

Figure 2. ATHENA user interface supporting chat, capture, and dissemination 
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In early experimentation, we found that queries for our 
domain involving technical concepts such as dates and times, 
domain-specific document types, and the names of wells, yielded 
poor results. For example, if a user’s request is for a DDR (daily 
drilling report) for well 15/9 F-15 for September 2, 2009, then both 
keyword search and embedding search, and even their 
combination, often fail to find the right documents or chunks. 
First, the keyword in the request, “DDR,” is never used in these 
reports, since it is a shorthand. Second, “15/9 F-15" is often 
tokenized incorrectly by keyword search, causing irrelevant 
documents to be retrieved. Third, the date “September 2, 2009” 
might not appear in that form in the document (or its filename or 
path), instead it might appear as “2009-09-02" or other formats. In 
terms of embedded search, the embedding vector for a request that 
mentions, say September 2, 2009, will be close to the embedding 
vector for a request that mentions September 10, 2008. Overall, we 
find that keyword, embedded, and hybrid search (1) fail to 
understand synonyms or acronyms, (2) fail to recognize well 
names accurately, and (3) lack the ability to prioritize important 
parts of the query such as the well name and date to ensure exactly 
those documents are returned  and not others for similarly named 
wells or similar dates. 

To address these issues, we developed an agentic approach 
[10] in which different agents target specialized parts of the user’s 
request, performing search for relevant documents and/or chunks 
that address that aspect of the request. Our agents specialize on 
Document Classification (e.g., report types), Locations (including 
wells), Date & Time, Keywords, and Embedding Search. Some 
agents use an LLM to help identify relevant parts of the query, 
e.g., the Date & Time agent uses GPT-4o to identify dates and 
times. Each agent scores its results using a specialized relevance 
match from its search. Scores are combined via harmonic mean 
with the top matches then sent to an LLM along with the user’s 
request to generate the final response, using chain-of-thought 
prompting [11] to generate references and rationale (see Figure 2). 

5 Knowledge Capture 
Current practice for capturing on-the-job experiential knowledge 
often involves dedicated tools that take users “out of the flow”, 
forcing undesirable context shifts that detract from task 
performance [12]. Alternatively, lessons learned are documented 
as part of an after-action review long after a task has been 
completed, when critical context may be lost and key insights 
forgotten. To enable subsequent retrieval of such material, 
contributors must either manually tag documents using 
predefined ontologies to support indexing or navigate to 
appropriate folders within their corporate repositories to position 
content where it is more likely to be discovered by CoP members 
who need it in the future [13].   

In contrast, our approach to capture (see Figure 2) keeps users 
“in the flow” by having them enter insights as they complete tasks 
via a co-located text input box. This design makes it easy for users 
to contribute knowledge and to focus on the information they 
choose to document. It also avoids the need to learn predefined 
languages for tagging material or mastery of complex tools.  

While this minimalist approach facilitates capture, it increases 
the challenge for subsequent dissemination to CoP members 
engaged in similar tasks and contexts. Standard approaches to 
indexing textual material, such as keyword indexing or vector 
stores [14] that are commonly used in RAG [15], fail an important 
test: they do not account for a gap in form and content between 
the description of a task and any relevant supporting knowledge. 
This means they will fail to identify useful insights to share that 
are semantically distinct from the description of the task 
performed by the user.  

As these considerations imply, we seek to optimize the 
retrieval of captured knowledge given a statement of the current 
task.  To this end, we embed tasks and insights into a shared 
semantic space and use proximity in the space for relevance 
assessment. We then retrieve any embedded insights proximal to 
this point, ranking them by distance from the task embedding. By 
embedding tasks and insights separately, we provide the system a 
means to overcome any discrepancies between “task language” 
and the corresponding “insight language.”  Then, the embeddings 
are optimized to narrow the distance between tasks and the 
insights relevant to them, using a set of known task-insight 
relevancy pairings.  

Training robust text embeddings requires large volumes of 
data. To overcome the cold start problem of developing a new 
system, we generated synthetic task-insight pairings.  Specifically, 
relying on ChatGPT’s prior exposure to language from the Oil & 
Gas sector, we: (1) presented it with documents from the domain; 
(2) asked it to generate insights by explaining any specialized 
language or the purpose of the various document elements; (3) 
presented it with the insights generated in Step 2 and asked it to 
invent tasks that might rely on a given insight. The resulting 
collection of task-insight pairings was used to train our 
embedding model. This approach to overcoming data 
insufficiencies for training machine learning models is called data 
augmentation [16], and generative LLMs, with their ability to 
produce synthetic data at scale, have opened new possibilities in 
this area [17]. To our knowledge, we are the first to simulate 
knowledge elicitation for rapid deployment of KM systems in new 
domains. 

To assist with dissemination, a textual rationale is generated 
for each captured insight that describes the type of tasks for which 
the insight is relevant. The rationale is computed from the 
insight’s content and the current task description using an LLM 
via few-shot prompting [18], where we provide examples of 
insight, task, and rationale tuples to the LLM to guide the 
generation process.  

6 Tailored Dissemination of Insights 
Task-focused proactive assistance, first addressed in the Lumiere 
project [19], remains an open challenge. Effective push of helpful 
suggestions requires understanding of the user’s current task, 
intent, expertise level, and recent activities [20]. Current 
approaches to personalizing content often rely on static user 
profiles built on simple models of expertise and rigid approaches 
to tailoring knowledge. These limitations can lead to critical 
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failures to deliver or tailor data, leaving CoP knowledge unused 
or misunderstood.  

Our approach to proactive dissemination of insights involves 
using an LLM (we used GPT 3.5-turbo) to flexibly select and tailor 
content to an individual’s expertise and problem-solving context. 
To assess a user’s expertise online, we maintain a User Cognitive 
Model (UCM). The UCM includes a Long-Term Memory (LTM) 
that stores available information about a user’s background, 
experience, and expertise. In our evaluation (Section 7), the LTM 
contains users’ responses to an eleven-question, multiple-choice 
demographics survey designed to assess subject technical 
background, years of experience in the field, and familiarity with 
granular concepts related to well planning. The UCM also includes 
a Short-Term Memory component with information about a 
user’s current problem-solving context, namely a textual 
description of the current task, the queries performed for that 
task, and the documents consulted. UCMs are updated 
continuously to reflect user activity detected while performing a 
task.  

We architected ATHENA to integrate with task performance 
systems in which there is access to a textual description of a task 
and a triggering event that identifies when a user begins a task. 
Upon receipt of such a triggering event, ATHENA considers 
whether any insights in its store are relevant (i.e., selection) and 
how they can be tailored to a given user (i.e., personalization). For 
the evaluation described in Section 7, our store of available 
insights contains both human- and machine-generated content. 
Human-generated insights originated from two sources: 16 were 
from a subject-matter expert (SME) who assisted with the 
formulation of our evaluation tasks, and 74 were from subjects 
who participated in a separate evaluation of our knowledge 
capture mechanism. The machine-generated insights comprised 
442 general insights for our domain that were used as a test set for 
training our insight embedding function (derived from our corpus, 
as described in the previous section), and 442 “distractor” insights 
generated using ChatGPT that captured general information 
about well planning. We used this large, diverse set to test the 
ability of our selection mechanism to identify insights pertinent 
to a particular user given their context. 

Insight selection works as follows: for a given task, insights are 
first ranked using our embedding function. We then select from 
among the top insights for further processing, weighting the 
selection based on source to favor SME-provided insights (10) 
given their likelihood of greater relevance compared to the other 
types (5 each). An LLM then selects from that list of 20 insights 
the 3 that would best help the user perform the current task, given 
a description of the user’s expertise and experience and insights’ 
rationale. Users’ descriptions are created via a template listing the 
insights they have already seen during the task and their answers 
to the survey.  

Selected insights are then further tailored to the user’s 
modeled expertise. Offline, an LLM is used to identify relevant 
domain concepts from each insight’s textual content. We then 
have an LLM generate a short description for each concept at 
novice, intermediate, and expertise levels with the goal of 
providing relevant supporting information to such users. We 

assume that users classified as experts for some concepts do not 
require additional information on them. At dissemination time, 
we again use an LLM to classify a user into one of the expertise 
levels for each concept based on their responses to the 
demographics survey in the UCM. We then append the pre-
computed concept descriptions for the selected insights according 
to the user expertise classifications for each concept. 

Compared to other work on LLM-based personalization, our 
approach focuses on user expertise with respect to different in-
domain concepts rather than generating user profiles solely from 
interaction history and embedding them with the LLM inputs for 
contextualization, e.g., [21,22,23]. Like [24], we integrate user 
information from the UCM and summarize it for contextualization 
but our summarization is done online rather than offline to enable 
more dynamic user modeling. 

7 Evaluation 

7.1 Experiment Design 
We evaluated ATHENA through a multi-phase study in which 
subjects completed a set of well-planning tasks.  

Subjects in the first two phases of the study were volunteers 
from the Society of Petroleum Engineers (SPE) – the premier 
technical society for the discipline. By leveraging real-world tasks 
and experts in the field, we aimed to get an ecologically valid 
measure of ATHENA’s impact as it would be deployed.  

In Phase 1 of the study, 8 SPE volunteers performed two 
complexity-paired tasks using a baseline system and ATHENA in 
a counter-balanced order. The baseline was a standard RAG 
system built on Claude Haiku 3.0 with a chat interface to support 
information retrieval from our corpus; it was created by a third 
party engaged by our research funder to compare our work to the 
state of the art. In Phase 2 of the study, 66 SPE volunteers 
performed three randomly selected tasks using the ATHENA 
system. This phase enabled us to collect more data to leverage in 
between-subject analyses, providing a fuller view of ATHENA’s 
value for our target users. One additional SPE member who was 
familiar with the evaluation tasks and both systems served as a 
“gold standard” user, to provide an estimate of optimal task 
completion time.  

We had planned originally to have all SPE subjects participate 
in with-subjects testing. After pilot testing, our SPE liaison raised 
concerns that the baseline was too frustrating to use and would 
reflect badly on SPE.  To address those concerns, we limited the 
within-subjects experiment to 8 people. 

In Phase 3 of the study, eight subjects with technical 
backgrounds but no experience in petroleum engineering 
followed the same protocol as for Phase 1. This phase both 
assessed the extent to which ATHENA could improve 
performance for non-experts and enabled comparison of novice 
versus expert performance. 

In all phases, subjects completed testing by logging into an 
online portal that brought them to the first (or only) system they 
would use. To start, subjects completed a short questionnaire 
related to their experience in the Oil &  Gas sector and familiarity 
with task-related topics. Data from this survey was used to 



CIKM '25, November 10-14, 2025, Seoul, Republic of Korea Joshua Eckroth et al. 
 

 

 

formulate general and topic-specific models of user expertise for 
our personalized dissemination capability, as described in Section 
5. Next, subjects were presented with a short training video 
outlining how to use the first (or only) system. In the video, 
subjects were told that the chat systems may be helpful but can 
also produce inaccurate results and so they should validate 
information provided by the system by checking sources in the 
corpus. After completing a practice task, subjects then performed 
their assigned evaluation tasks. Subjects that used both systems 
repeated this workflow (except the questionnaire) for the second 
system.  

The evaluation tasks involved: analyzing drilling information 
for a well, estimating pore pressure, interpreting plans for a 
possible well, and analyzing adverse drilling events. Each task 
consisted of three related sub-tasks that required finding and 
analyzing information from the corpus. Subjects were required to 
provide responses to encourage them to persevere on tasks that 
may seem challenging. It was suggested to spend at most ten 
minutes per subtask but time limits were not enforced. An SME-
informed scoring rubric assigned equal credit to each subtask.  

7.2 Results 
The upper portion of Table 1 shows results for the SPE subjects, 
covering both the within-subjects cohort (N=8) of Phase 1 that 
used both the ATHENA and Baseline systems; and the full set of 
results for all SPE participants across Phases 1 and 2 using the 
ATHENA system (N=74). As shown, ATHENA enabled much 
better performance than the Baseline. Average task grade 
improved appreciably (152% for within-subjects, 154% for all 
subjects) and was statistically significant (𝑝 <  .001).    

We did not find a significant difference in average task time 
over expert between ATHENA and Baseline conditions when 
considering the within-subjects data. However, it should be noted 
that many subjects simply gave up in the Baseline condition 
because the tool was not helpful in identifying needed materials.   

Productivity (grade scaled by average time spent) provides a 
more meaningful measure of subject performance.  As can be seen 
from the results, productivity increased appreciably in both 
settings, almost tripling for the within-subjects cohort. This result 
clearly shows that ATHENA enabled a higher level of performance, 

and that the significant improvement in task grade was not the result 
of a speed-accuracy trade-off. 

To complement the performance-based measures of system 
utility, we collected subjective usability ratings from subjects 
using the System Usability Scale (SUS [25]). Table 1 shows that 
subjects rated ATHENA as much more usable than the baseline 
system for both the within-subjects (63% improvement) and all 
subjects data (65% improvement). Follow-up t-tests indicated that 
the improvement in usability scores was significant in the within-
subjects data, 𝑡(7) = 2.97 , 𝑝 = .02 , 𝑑 = 1.91 , and for all data, 
𝑡(8.39) = 4.56, 𝑝 = .002, 𝑑 = 1.79.  

The bottom half of Table 1 presents the results for the within-
subjects experiment run with the 8 non-SPE subjects. The non-
expert subjects struggled with the Baseline system but performed 
their tasks effectively using ATHENA, with productivity 
increased by 534%. Paired t-tests demonstrate that subjects not 
only scored significantly better using ATHENA vs. Baseline, 
𝑡(7) = 7.49 , 𝑝 < .001 , d = 4.72, but also completed their tasks 
significantly faster, 𝑡(7) = 3.09, 𝑝 = .02, 𝑑 = 0.81. Additionally, 
we found an improvement in usability scores for ATHENA vs. 
Baseline, 𝑡(10.9) = 5.34, 𝑝 < .001, 𝑑 = 2.64.  

When using the Baseline, non-SPE subjects performed worse 
than SPE subjects as one would expect; surprisingly, those same 
non-expert subjects outperformed the SPE subjects on average when 
using ATHENA. Follow-up Welch’s t-tests indicate a marginally 
significant effect of subject group when subjects used ATHENA, 
𝑡(8.8) = 2.28 , 𝑝 = .05 , 𝑑 = 1.14 , but not Baseline, 𝑡(12.9) =

1.52 , 𝑝 = .15 , 𝑑 = 0.76 , indicating that non-SPE subjects 
performed better than SPE subjects selectively when using 
ATHENA. The Phase 3 subjects consisted of three with PhDs in 
computer science, two software engineers, and two non-
engineers. A potential explanation for the finding is that the 
evaluation tasks had an inherent “information foraging” element 
to them. Two of the non-SPE subjects had backgrounds in 
information retrieval and all had some familiarity with 
LLMs.  Still, the results were unexpected. Interestingly, the top 
and bottom results in the non-SPE condition were not correlated 
with computing expertise.   

 
 

Table 1. Results for SPE within-subjects (N = 8), SPE all subjects (N = 74), and non-SPE within-subjects (N = 8) 

  
Avg.  Grade 

[0-100] 

Failure Rate 

(grade<50%) 

Avg. Task Time 

over Expert 

(minutes) 

Productivity 

(grade/time) 
SUS 

SPE 

Baseline – 8 subjects 30.7 0.88 7.3 2.4 24.8 

ATHENA – 8 subjects 77.3 0.13 2.9 9.3 40.4 

Change relative to Baseline 152% -86% -60% 283% 63% 

ATHENA – all 74 subjects 78.1 0.04 11.9 6.4 40.9 

Change relative to Baseline 154% -95% -6% 172% 65% 

Non-SPE 

Baseline – 8 subjects 26.0 0.69 14.2 1.3 25.4 

ATHENA – 8 subjects 95.8 0.00 5.9 8.4 43.3 

Change relative to Baseline 268% 100% -70% 534% 70% 
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7.3 Discussion 
Greatly improved chat retrieval was a key reason for the 
substantial improvements in performance compared to the 
Baseline. Follow-up analyses showed that the baseline system, 
although built on state-of-the-art RAG technology, failed to 
identify relevant documents, often selecting the wrong type of 
report for the wrong date and the wrong well. We believe this 
confusion was caused by the exclusive use of embeddings for 
chunk retrieval within RAG (compared to our hybrid approach) 
which led to confusion of entities that appear in similar contexts 
(so-called entity-related hallucination [26]). 

Many subjects felt ATHENA’s “document focus” feature 
helped them to interact effectively with the chat capability. LLMs 
excel at summarizing or extracting information from a specified 
document but are less effective at finding relevant documents. 
Document focus enabled users to contextualize chat interactions 
to the target document, enabling improved quality of results and 
increased user satisfaction.  

Proactive dissemination of insights also played a notable role. 
Table 2 summarizes the distribution of insights by source. It shows 
that our dissemination mechanism was effective in selecting task-
relevant insights, with no “distractors” (those from ChatGPT) 
presented to users. In response to the question “Did you find the 
suggested Insights to be helpful in completing your tasks?”, 82% of 
the 49 respondents responded positively while another 10% 
categorized them as mixed; the remaining 8% either did not use 
the insights or responded negatively.  

Table 2. Source of disseminated insights  

Insight Source 
% of Disseminated 

Insights 

Captured from SME 82.5 

Captured from subject 15.2 

Synthesized from document  2.3 

Synthesized from ChatGPT  0.0 

8 Deployment 
Our work with real problems, users, and data has positioned us to 
have meaningful impact. ATHENA’s agentic chat system is in 
production deployment at a Top-10 Oil & Gas operator and two 
additional Top-10 operators are in the process of deploying the 
solution. In addition, we are working with the SPE, a society with 
132,000 members across 146 countries, to deploy ATHENA 
technology to help find answers to questions across SPE’s 
substantial corpus of publications (310,000 items currently); the 
target date for deployment is Q4 2025. 

9 Conclusions 
We describe the ATHENA knowledge management framework 
that leverages recent advances in generative AI and user modeling 
to provide personalized, situation-aware task assistance. 
Formulated as a virtual member of a CoP, ATHENA’s chat 
framework built on agentic information retrieval provides 
accurate question-answering with rationale in the highly 
technical domain of petroleum engineering. Insights gleaned by 

users while completing tasks are captured in the flow, eliminating 
the need for costly context shifts. Task-relevant insights are 
proactively disseminated based on a dynamic cognitive model of 
the user that encodes expertise and activity to support 
personalization linked to fine-grained domain concepts.   

We conducted a large-scale evaluation of our technology 
firmly grounded in operational realism: tasks were representative 
of real-world problems related to well planning; the corpus 
comprised content used widely in the domain; our subjects were 
professionals in the Oil and Gas sector. The results showed that 
ATHENA significantly improved outcomes and productivity for 
experts compared to their use of a state-of-the-art RAG baseline. 
Surprisingly, a supplementary evaluation showed that ATHENA 
enabled non-experts to complete tasks on par with domain 
experts.  

While we believe the work reported here constitutes a valuable 
step forward in developing effective knowledge management 
systems for the Oil & Gas sector, we plan to extend it in several 
ways. A truly effective retrieval tool for our domain should be able 
to extract and interpret information from common forms of 
diagrams and charts. Captured insights are often of poor quality, 
making it essential to provide the means to filter (at a minimum) 
or improve (ideally) the content to improve its downstream utility. 
Our dissemination mechanism could be improved through 
personalization achieved over longer usage periods and by 
integrating disseminated insights within the chat framework. 
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GenAI Usage Disclosure 
Generative AI was used as an enabling technology for our 
research as follows. 
• ChatGPT provided the underlying chat capability in the 

ATHENA RAG system. 
• GPT-4o was used to support recognition of specialized 

entities (e.g., dates and times) within user queries. 
• ChatGPT was used to generate data for training our 

embeddings representation of insights, and to generate 
distractor insights to support our evaluation. 

• GPT 3.5-turbo was used to generate rationale for captured 
insights and to help select and tailor insights for 
dissemination to users. 

• Claude Haiku 3.0 provided the underlying chat capability in 
the Baseline RAG system. 

 
Generative AI was not used in the writing of this paper.  
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