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Abstract

Enterprise Al Assistants are increasingly deployed in do-
mains where accuracy is paramount, making each erroneous
output a potentially significant incident. This paper presents
a comprehensive framework for monitoring, benchmarking,
and continuously improving such complex, multi-component
systems under active development by multiple teams. Our
approach encompasses three key elements: (1) a hierarchi-
cal “severity” framework for incident detection that identifies
and categorizes errors while attributing component-specific
error rates, facilitating targeted improvements; (2) a scal-
able and principled methodology for benchmark construc-
tion, evaluation, and deployment, designed to accommodate
multiple development teams, mitigate overfitting risks, and
assess the downstream impact of system modifications; and
(3) a continual improvement strategy leveraging multidimen-
sional evaluation, enabling the identification and implemen-
tation of diverse enhancement opportunities. By adopting this
holistic framework, organizations can systematically enhance
the reliability and performance of their Al Assistants, en-
suring their efficacy in critical enterprise environments. We
conclude by discussing how this multifaceted evaluation ap-
proach opens avenues for various classes of enhancements,
paving the way for more robust and trustworthy Al systems.

Introduction

The rapid growth and adoption of enterprise Al assistants
have led to the emergence of complex, multi-agent systems
that integrate various domain-specific capabilities (Kumar,
Lakshmi Devi, and Saltz 2023; Zaharia et al. 2024). These
compound Al systems typically comprise several special-
ized agents, each designed to address specific tasks such as
question-answering over unstructured or structured data, and
executing a particular set of actions (Kapoor et al. 2024).
While users interact with these multiple agents through a
unified interface, developing each component often requires
distinct technical approaches and, in large organizations,
may be undertaken by separate teams.

This inherent complexity renders compound Al assistants
susceptible to a spectrum of errors (Perkovié, Drobnjak, and
Boticki 2024; Wang et al. 2023; Zhou et al. 2023; Gao et al.
2024) These range from minor inaccuracies, easily identifi-
able and dismissible by users of varying expertise, to more
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insidious hallucinations that can challenge even experienced
practitioners to detect. In certain domains, the latter cate-
gory of errors may be classified as Al Incidents (McGregor
2021), albeit with less public visibility than high-profile fail-
ures. Such errors can lead to immediate user frustration and,
more critically, a long-term erosion of trust in the system
(Choung, David, and Ross 2023; Nourani, King, and Ragan
2020).

The stakes are particularly high in enterprise scenarios,
where Al assistants have the potential to significantly en-
hance worker productivity. However, errors in this context
can result in wasted effort, flawed decision-making, or even
more severe consequences (Levy et al. 2021). The delicate
balance between leveraging Al’s potential and mitigating its
risks underscores the critical need for robust monitoring,
evaluation, and improvement frameworks in enterprise Al
deployments.

Developing a trustworthy compound Al Assistant neces-
sitates a high degree of sophistication in monitoring and
evaluation, coupled with a systematic framework for con-
tinuous improvement. This paper presents an approach to
addressing these challenges, drawing from experience in de-
veloping AT Assistant in AEP, a compound system
designed to support marketers with varying levels of techni-
cal expertise and functions. AEP-Assistant serves dual
purposes: (1) answering conceptual questions using pub-
lic production documentation as a knowledge base and (2)
helping users interpret their proprietary operational data by
querying a structured data store. This system has been de-
ployed in production and was made generally available in
June 2024 (Adobe 2024).

Previous work (Maharaj et al. 2024) introduced a pre-
liminary approach to evaluation and continual improvement.
This approach emphasized several key principles. First, it fo-
cused on improving leading (rather than lagging) measures
of user experience. Second, it implemented both component-
wise and end-to-end evaluation. Third, it considered the en-
tire user experience beyond the correctness of the ML mod-
els. Central to this approach was introducing a severity-
based taxonomy for errors, coupled with a large-scale hu-
man annotation program applied to historical production
traffic. This methodology was designed to meet our spe-
cific design goals while providing a comprehensive view
of system performance. Notably, our previous work demon-



Category | Definition

Severity 0 ‘ Answer looks right, but is wrong
Severity 1 ‘ Answer looks wrong, user can’t recover

Severity 2 ‘ Answer looks wrong, user can recover

Table 1: Error Severity Framework for compound AI Assis-
tants

strated that improvements in explainability and user experi-
ence (UX) enhancements could yield improvements compa-
rable to those achieved through model upgrades. This find-
ing underscores the multifaceted nature of Al system devel-
opment and the importance of a holistic approach to im-
provement. It highlights that advancements in Al systems
are not solely dependent on enhancing the underlying mod-
els, but also on making the system more interpretable and
user-friendly (Ahn et al. 2021; Bayer, Gimpel, and Markgraf
2022).

Deployment and increasing scale can introduce new chal-
lenges that necessitate an evolution of this approach. In-
creasing production traffic requires the human annotation
program to expand beyond a small group of expert anno-
tators to a larger pool of non-experts. Additionally, a larger
user base (beyond early testers) can bring decreased toler-
ance for regressions, compelling us to extend our evaluation
framework to proactively estimate the impact of new fea-
tures on error rates. Furthermore, scaling the development
of a multi-component system to multiple teams requires es-
tablishment of a repeatable set of evaluation best practices in
order top prevent regressions and ensuring ongoing success.

In this paper, we recap and extend the prior work to ad-
dress these new challenges. Our key contributions include:

* An in-depth analysis of the error severity taxonomy, pre-
sented as a comprehensive framework for the continuous
detection and classification of Al incidents.

A detailed guide to implementing and scaling this error
severity-based framework, including description of a new
sampling scheme that ensures a smaller set of data can
be prioritized for annotation, and an ongoing adversarial
testing program.

A thorough exploration of our approach to establishing
representative shared evaluation datasets, including a sta-
ble long term holdout that enables proactive evaluation,
and finally,

An examination on how these holdouts can be used on an
ongoing basis by multiple teams, and the expert-in-the-
loop process used to develop and launch new features.

Monitoring Quality in Enterprise Al
Assistants
The integration of Al into complex enterprise applications,
such as marketing, offers significant potential benefits, in-

cluding enhanced productivity and democratization of ex-
pertise. However, these advantages are accompanied by
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substantial challenges. Modern Al Assistants, powered by
Large Language Models (LLMs) (Bommasani et al. 2021),
are known for their propensity towards fluency at the po-
tential expense of accuracy and verifiability (Ji et al. 2023).
From a risk management perspective, each inaccurate re-
sponse could be construed as a potential Al incident by a
paying customer.

It is important to recognize, however, that not all errors
carry equal weight. The impact of an error can vary sig-
nificantly depending on the specific use case. In some cre-
ative applications, a convincing LLM fabrication or hallu-
cination might be tolerable or even desirable (Hubert, Awa,
and Zabelina 2024; Jiang et al. 2024). Conversely, in enter-
prise contexts where accuracy is paramount, such errors can
be classified as incidents. Drawing from DevOps terminol-
ogy (Kim et al. 2021), we introduced the concept of:

* Severity-0 (“Sev-07) errors: Categorizes instances where
an answer is incorrect, yet the user lacks the ability to
discern this inaccuracy.

Less critical, but still significant, errors can also occur.
We have extended to a tiered classification system to address
these:

* Severity-1 (“Sev-1”) errors: These are characterized by
clearly incorrect, irrelevant, or incoherent responses that
users can identify, but where the user is unable to re-
cover through query rephrasing. Examples include out-
of-scope error messages or system errors. Such scenarios
often lead to user frustration and potentially diminished
trust in the system.

Severity-2 (“Sev-2”) errors: Similar to Sev-1 errors,
these are identifiable by the user, but are typically recov-
erable through query rephrasing, allowing users to even-
tually obtain correct information.

This severity-based taxonomy as seen in Table 1 provides
a structured framework for assessing and prioritizing errors
in Al systems. In particular, where engineering and research
teams are focused on reducing Severity-0 errors, with the
goal of reducing these below 5%.

Categorizing Errors by Severity

While the error severity definitions presented in Table 1 are
intuitively appealing, they inherently possess a degree of
subjectivity that poses challenges in practical application.
Several critical questions arise: How does one define the
“user” — as an expert or a novice? How can we determine if
a user actually recovers and obtains a correct answer during
the course of the conversation? What criteria should be em-
ployed to assess whether something “looks wrong”? These
questions become increasingly pertinent when scaling an an-
notation program beyond a small group of expert annotators
who are trained to have a unified understanding of the grad-
ing guidelines. These issues are analogous to existing prob-
lems faced in open-text and natural language generation hu-
man annotation/evaluation tasks (van der Lee et al. 2021).
To address these challenges, we have developed a novel
approach that decomposes the highly subjective criteria out-
lined in Table 1 into a series of less subjective human
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Figure 1: A concrete implementation of how error severity is
derived via a series of (more) objective human annotations
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judgments. The error severity is then derived from these
more granular assessments. Figure 1 illustrates the decision-
making algorithm for determining error severity in the con-
text of conceptual questions that require answers from pub-
lic documentation. Each node in this decision tree represents
either a human judgement to be made or a decision take
by the compound Al system during the question-answering
process. This decision tree translates into an annotation task
comprising several less subjective questions for human an-
notators to answer. By breaking down the severity determi-
nation into these more objective decisions, we have signif-
icantly enhanced the robustness and stability of our human
evaluation program.

We acknowledge that some degree of subjectivity and dis-
agreement is inevitable in such assessments. To mitigate
this, we have implemented a system where expert annota-
tors are called upon to resolve disagreements. This approach
serves a dual purpose: it ensures the accuracy of the final an-
notation while also allowing for more efficient allocation of
expert resources, which was a key objective of our original
framework.

Efficient Sampling for Human Annotation

As compound AI Assistants become publicly available,
there will naturally be a substantial increase in the volume
of traffic, presenting new challenges in maintaining compre-
hensive quality assurance. This surge in interactions has ren-
dered the approach of annotating every response unfeasible,
as illustrated in Figure 2. The graph depicts the divergence
between the total number of interactions and the number of
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Figure 2: An example of the number of annotations and in-
teractions occurring after the public release of a compound
Al Assistant. The specific  and y axis values have been
omitted due to privacy concerns.

annotated interactions over time, highlighting the growing
gap between system usage and our ability to manually assess
each output. While we have scaled our annotation efforts by
expanding our team of annotators, this brute-force approach
of augmenting labor has encountered both economic and lo-
gistical constraints. The challenge is further compounded
when Al Assistants are used in a technical domain, which
necessitates annotators to possess significant product exper-
tise to provide accurate labels. This requirement for special-
ized knowledge creates a bottleneck in the annotation pro-
cess, as the pool of qualified annotators is inherently limited.
In response to these challenges, we have pivoted towards a
strategy of subsampling interactions for annotation.

In addressing the subsampling challenge, the most
straightforward and commonly applied solution is to draw
query/answer pairs uniformly at random from the produc-
tion dataset. While this approach is computationally simple,
it can suffer from slow convergence rates to the true popula-
tion error rate.

However, given that we have access to additional infor-
mation in the form of query/answer pairs, it is possible to
achieve improved approximations by incorporating this “co-
variate” information within the sampling process. This more
sophisticated approach involves the construction of “core-
sets”, a concept that has gained traction in recent literature
(Feldman (2020); Combettes and Pokutta (2023); Campbell
(2024); Ghadiri et al. (2024)).

Specifically, we assume that given queries, denoted ¢, and
answers, denoted a we assume that the quality (i.e., error
severity) of an answer a; to query ¢; can be modeled as,

quality ~ f(#(qi,a:)) + €.

Here, ¢ is taken as a dense embedding representation of the
query and answers, and f is the space of linear functions '.

"Note that while this linearity assumption may appear restric-
tive, because of the choice of feature representation ¢, this is equiv-



Under this setting, choosing k samples out of N to minimize
the approximation error is equivalent to solving a weighted
discrepancy minimization problem, subject to an Lj con-
straint (Karnin and Liberty 2019),

2

N N
min Z’wmﬁ(qi, ai) — Z ?(gi, a;) ey
Subject to [|w||, = k. )

There are a host of algorithms that have been proposed as
solutions to problem 1 in various application contexts (see,
e.g., Feldman (2020) and references therein). We were able
to obtain the best results using greedy iterative geodesic as-
cent (GIGA) (Campbell and Broderick 2018).
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Figure 3: Mean squared error of uniform (random) sampling
and covariate aware sampling using GIGA. Error is mea-
sured with respect to proportion estimates obtained over the
full set of annotations.

To measure the efficacy of coreset subsampling relative to
uniform sampling we examined the ability of each to ap-
proximate the proportion of each error categories (as de-
scribed in table 1) in the full set of annotation. More con-
cretely, defining A% to be the proportions of m error cate-
gories after sampling k annotated interactions, and ™ to be
the proportions after observing the entire set of annotated in-
teractions, we measure quality by considering the root mean
squared error,

m

Z(éjf - 9;‘1)27

J

1

m

for varying levels of k. The experiments were conducted
using 1000 boot strap iterations, where query/answer pairs
and their accompanying annotations were drawn without re-
placement for each iteration.

For coreset based sampling we used llm2vec using LLama
3 8B instruct (BehnamGhader et al. 2024) as an embedding

alent to training a final layer of a neural network after freezing pre-
vious layers.
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Coreset size Unif size % Reduction
100 125 20%
200 275 27%
300 415 28%
350 480 27%
400 555 28%
450 640 30%

Table 2: Coreset size vs Unif size with percentage reduction
in the number of samples needed for uniform sampling to
reach the equivalent root mean squared error of the coreset
based approach.

model, after finding it to have the strongest empirical per-
formance for the annotation sampling task, and the GIGA
algorithm (as described above) for sampling.

Results can be seen in Figure 3, were we see a consis-
tent advantage of the coreset based approach over random
sampling, with the improvement increasing as a function
of the number of samples being considered. Perhaps more
importantly for annotation are the results shown in table 2
which describes the number of samples that would have to
be drawn using a uniform sampling strategy to reach the
same RMSE as is obtained using coresets. The reduction
in required samples across all sizes are non-trivial, rang-
ing from 20 to 30 percent. Translated to hours of annota-
tion, these improvements approximately correspond to a full
day’s worth of work for a trained expert annotator.

Ongoing Adversarial Testing

The implementation of an adversarial testing program rep-
resents a important strategy for monitoring and maintain-
ing quality in Al-assisted systems. This approach involves
engaging internal domain experts to systematically interact
with the AI assistant with leaderboard gamification to im-
prove engagement (Morschheuser et al. 2017), particularly
focusing on complex queries. These experts are incentivized
to identify and immediately flag erroneous responses, ac-
companied by comprehensive feedback. This feedback is in-
strumental in discerning the root causes of failures, which
may stem from inadequacies in the retrieval process within
the Retrieval-Augmented Generation (RAG) pipeline, in-
stances of model hallucination, or gaps in the underlying
documentation. The ongoing nature of this testing program
proves invaluable for two primary reasons. Firstly, it allows
for the prompt detection and categorization of system short-
comings, enabling targeted improvements. Secondly, the ex-
pert feedback serves as a rich source of annotated data,
which can be leveraged for continuous model refinement and
enhancement.

Continual Improvement

While the prior section focused on monitoring the quality of
a compound Al system in production, this does not address
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Figure 4: Creation of shared evaluation datasets on an ongo-
ing basis, using sampling and human annotation of produc-
tion traffic, which is then partitioned into development and
holdout datasets.

the improvement process. Here, we discuss how shared eval-
uation datasets can be used for driving a more rigorous con-
tinual improvement process, and we also describe how the
error severity framework is a multi-dimensional framework
that motivates a holistic set of improvements.

Proactive Evaluation for Incident Prevention

In the early phases of development, the primary focus is of-
ten on measuring and understanding historical error rate,
i.e., understanding how the system is behaving in production
for early adopters. However, as more users on-board and a
baseline user experience has been established, a new set of
evaluation questions emerges whenever a new feature is pro-
posed.

Specifically, for an incremental update to existing func-
tionality, one is often interested in forecasting how a fea-
ture will impact current end-to-end error rates. We empha-
size end-to-end here: in contrast to an individual model de-
veloper who may care only about the performance of their
model, as developers of the compound Al system, we are fo-
cused on end-to-end impact and the overall customer experi-
ence. Meanwhile, for brand new functionality, we are often
interested in preventing regressions of existing capabilities.
For both use cases, several secondary goals are also present:
we would like to enable like-for-like comparisons over time
as improvements are proposed, and would also like every
team to use the same data for training and evaluation.

With these design goals in mind, we have developed a
framework for shared evaluation datasets — long-term de-
velopment and holdout datasets based on sampled and gold-
labeled production data. The development dataset can be
used by any team developing new capabilities, as part of
their regular development cycle. The holdout dataset is a
long term test dataset that is not utilized by any team during
component development, and is used purely for final evalu-
ation before launching a new component. These datasets are
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refreshed on a quarterly basis, ensuring both stability over
a sufficiently long period to enable the kinds of “apples-to-
apples” comparisons we desire, but also allowing for respon-
siveness to changing customer behavior.

The process of creating these datasets is illustrated in Fig-
ure 4. Near the end of each quarter, a representative subset
of production data can be sampled using the same meth-
ods described earlier. This data, along with the production
system decisions at the end of the quarter can be annotated
by experts, and partitioned into a candidate “development”
dataset, along with a smaller candidate “holdout” set. These
candidate deltas are then merged with the prior period’s de-
velopment and holdout sets, to produce the new shared de-
velopment and holdout sets. Note that the annotations here
are comprehensive, representing all existing capabilities of
the compound Al system.

By using a sample derived from production data that is
held out, one can compare the responses generated with
proposed new functionality, against the existing production
baseline. Having maintained the holdout, one can improve
generalizability, and this along with the baseline comparison
allows a forecast of the impact on our end-to-end error rates.
While several automated evaluation techniques can also be
employed, including LLM-as-judge metrics (Zheng et al.
2024), this evaluation may of course require a new round of
human annotation, as illustrated in Figure 5. While expen-
sive and slow, this cost should be balanced against the confi-
dence gained with a true end-to-end assessment of impact, as
opposed to an isolated component-wise accuracy improve-
ment that is hard to judge. In a similar manner, for evaluat-
ing new functionality, one can ensure that no regressions are
present by replaying queries and conversations from these
shared development and holdout datasets, doing automated
checks for regressions, and focusing human annotation ef-
fort on places where some change in an internal system de-
cision, or response, has been identified.

Finally, we note that the deployment of new features into
production changes can change the baseline, and requires
updating the benchmark labels. In this case, having done
human evaluation against the holdout dataset proves to be
valuable, as these new gold labels can be adopted as the new
holdout dataset labels. The development set may however
require larger human annotation exercises.

Holistic System Improvement

In alignment with Kapoor et al. (2024), we recognize that
our Error Severity framework essentially constitutes a multi-
dimensional evaluation paradigm. This approach prioritizes
end-to-end error rates over the accuracies of individual com-
ponents, compelling us to consider a broader spectrum of
improvements rather than singularly focusing on optimizing
against a specific domain benchmark.

This theory has been realized in practice, improving the
users’ mental model of the system, enhancing their ability
to recover and ask different questions, providing interactive
clarification, and improved explainability are all areas of ac-
tive development.

This framework is illustrated in Figure 5, where we show
an updated view of this continual improvement framework,
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severity framework, we are then able to prioritize improved
Al components, but also consider other improvements like
UX changes that aid in verifiability, explainability, and en-
hancing user’s ability to recover.

emphasizing how human annotation produces the shared
evaluation datasets used for capability development, but also
contributes to error analysis. Our holistic approach to sys-
tem evaluation and improvement integrates multiple data
sources. We consider error rates derived from our severity
framework, conversation metrics such as length, depth, and
topic diversity, explicit user feedback in the form of ratings
and comments, and implicit user feedback such as task com-
pletion rates and repeated queries. By synthesizing these
diverse signals, we construct a comprehensive, data-driven
roadmap for enhancing the system. This multifaceted strat-
egy ensures that our improvements are not just focused on
reducing errors, but on enhancing the overall user experi-
ence and system effectiveness.

Conclusion and Future Work

The development and maintenance of a flexible, scalable
framework for monitoring and improving a domain-specific
compound Al system presents a multitude of challenges.
These challenges will evolve in tandem with the system’s
maturation, necessitating both scalable and repeatable an-
notation practices, as well as novel evaluation methodolo-
gies to forecast impact and prevent regressions. As scale
expand, the number of contributing development teams can
also grow, and we anticipate encountering new questions and
challenges that will further test the robustness of this frame-
work.
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Our experience thus far has demonstrated the power of
clearly defined metrics that are directly actionable by devel-
opers while remaining closely aligned with the user experi-
ence. These metrics serve as a potent organizing force, guid-
ing our development efforts and quality assurance processes.
Central to this approach has been our error severity frame-
work, which has proven to be an invaluable tool in detecting
critical errors and prioritizing remediation efforts.

As we continue to expand and refine our system, we envi-
sion broadening the scope of this framework to encompass
a more comprehensive assessment of conversation quality.
This expansion will move beyond mere end-to-end error
rates to include nuanced aspects of user interaction such as:

Consistency: Coherence and relevance of responses
throughout extended dialogues.

Conversational Experience: Appropriateness of tone
and style in different contexts.

Disambiguation: Ability to handle ambiguity and seek
clarification when needed.

Context: Consistency of information provided across
multiple interactions.

By evolving our framework in this direction, we aim to
capture a more holistic view of the Al assistant’s perfor-
mance, ensuring that improvements in accuracy are balanced
with enhancements in overall user experience and interac-
tion quality.

While our current framework has proven effective in ad-
dressing the immediate challenges of monitoring and im-
proving our domain-specific system, we acknowledge that
the landscape of Al development and by extension, conver-
sational support assistants is rapidly evolving. With it, needs
an equally flexible methodology that can scale with our end-
users and adapting system.

References

Adobe. 2024. Media Alert: Adobe Announces Gen-
eral Availability of Adobe Experience Platform Al
Assistant,  Supercharging  Enterprise  Productivity.
https://news.adobe.com/news/news-details/2024/Media-
Alert- Adobe- Announces-General- Availability-of- Adobe-
Experience-Platform- AI- Assistant-Supercharging-
Enterprise-Productivity/default.aspx. Accessed: 2024-
08-30.

Ahn, D.; Almaatouq, A.; Gulabani, M.; and Hosanagar, K.
2021. Will we trust what we don’t understand? Impact of
model interpretability and outcome feedback on trust in Al
arXiv preprint arXiv:2111.08222.

Bayer, S.; Gimpel, H.; and Markgraf, M. 2022. The role
of domain expertise in trusting and following explainable
Al decision support systems. Journal of Decision Systems,
32(1): 110-138.

BehnamGhader, P.; Adlakha, V.; Mosbach, M.; Bahdanau,
D.; Chapados, N.; and Reddy, S. 2024. Llm2vec: Large lan-

guage models are secretly powerful text encoders. arXiv
preprint arXiv:2404.05961.



Bommasani, R.; Hudson, D. A.; Adeli, E.; Altman, R.;
Arora, S.; von Arx, S.; Bernstein, M. S.; Bohg, J.; Bosselut,
A.; Brunskill, E.; et al. 2021. On the opportunities and risks
of foundation models. arXiv preprint arXiv:2108.07258.

Campbell, T. 2024. General bounds on the quality of
Bayesian coresets. arXiv preprint arXiv:2405.11780.

Campbell, T.; and Broderick, T. 2018. Bayesian coreset con-
struction via greedy iterative geodesic ascent. In Interna-
tional Conference on Machine Learning, 698—706. PMLR.

Choung, H.; David, P.; and Ross, A. 2023. Trust in Al
and its role in the acceptance of Al technologies. Infer-
national Journal of Human—Computer Interaction, 39(9):
1727-1739.

Combettes, C. W.; and Pokutta, S. 2023. Revisiting the ap-
proximate Carathéodory problem via the Frank-Wolfe algo-
rithm. Mathematical Programming, 197(1): 191-214.

Feldman, D. 2020. Core-sets: Updated survey. Sampling
techniques for supervised or unsupervised tasks, 23—44.

Gao, M.; Hu, X.; Ruan, J.; Pu, X.; and Wan, X. 2024. Llm-
based nlg evaluation: Current status and challenges. arXiv
preprint arXiv:2402.01383.

Ghadiri, M.; Arbour, D.; Mai, T.; Musco, C.; and Rao, A. B.
2024. Finite population regression adjustment and non-
asymptotic guarantees for treatment effect estimation. Ad-
vances in Neural Information Processing Systems, 36.

Hubert, K. F.; Awa, K. N.; and Zabelina, D. L. 2024. The
current state of artificial intelligence generative language
models is more creative than humans on divergent thinking
tasks. Scientific Reports, 14(1): 3440.

Ji, Z.; Lee, N.; Frieske, R.; Yu, T.; Su, D.; Xu, Y.; Ishii, E.;
Bang, Y. J.; Madotto, A.; and Fung, P. 2023. Survey of hal-
lucination in natural language generation. ACM Computing
Surveys, 55(12): 1-38.

Jiang, X.; Tian, Y.; Hua, F.; Xu, C.; Wang, Y.; and Guo, J.
2024. A survey on large language model hallucination via a
creativity perspective. arXiv preprint arXiv:2402.06647.

Kapoor, S.; Stroebl, B.; Siegel, Z. S.; Nadgir, N.; and
Narayanan, A. 2024. Al agents that matter. arXiv preprint
arXiv:2407.01502.

Karnin, Z.; and Liberty, E. 2019. Discrepancy, coresets, and
sketches in machine learning. In Conference on Learning
Theory, 1975-1993. PMLR.

Kim, G.; Humble, J.; Debois, P.; Willis, J.; and Forsgren, N.
2021. The DevOps handbook: How to create world-class
agility, reliability, & security in technology organizations.
IT Revolution.

Kumar, A.; Lakshmi Devi, M.; and Saltz, J. S. 2023. Bridg-
ing the Gap in AI-Driven Workflows: The Case for Domain-
Specific Generative Bots. In 2023 IEEE International Con-
ference on Big Data (BigData), 2421-2430.

Levy, A.; Agrawal, M.; Satyanarayan, A.; and Sontag, D.
2021. Assessing the impact of automated suggestions on
decision making: Domain experts mediate model errors but
take less initiative. In Proceedings of the 2021 CHI Confer-
ence on Human Factors in Computing Systems, 1-13.

28937

Mabharaj, A.; Qian, K.; Bhattacharya, U.; Fang, S.; Gala-
tanu, H.; Garg, M.; Hanessian, R.; Kapoor, N.; Russell,
K.; Vaithyanathan, S.; and Li, Y. 2024. Evaluation and
Continual Improvement for an Enterprise Al Assistant. In
Dragut, E.; Li, Y.; Popa, L.; Vucetic, S.; and Srivastava, S.,
eds., Proceedings of the Fifth Workshop on Data Science
with Human-in-the-Loop (DaSH 2024), 17-24. Mexico City,
Mexico: Association for Computational Linguistics.

McGregor, S. 2021. Preventing repeated real world Al fail-
ures by cataloging incidents: The Al incident database. In
Proceedings of the AAAI Conference on Artificial Intelli-
gence, volume 35, 15458-15463.

Morschheuser, B.; Hamari, J.; Koivisto, J.; and Maedche,
A. 2017. Gamified crowdsourcing: Conceptualization, lit-
erature review, and future agenda. International Journal of
Human-Computer Studies, 106: 26—43.

Nourani, M.; King, J.; and Ragan, E. 2020. The role of
domain expertise in user trust and the impact of first im-
pressions with intelligent systems. In Proceedings of the
AAAI Conference on Human Computation and Crowdsourc-
ing, volume 8, 112—-121.

Perkovié, G.; Drobnjak, A.; and Boticki, 1. 2024. Hallu-
cinations in LLMs: Understanding and Addressing Chal-
lenges. In 2024 47th MIPRO ICT and Electronics Conven-
tion (MIPRO), 2084-2088.

van der Lee, C.; Gatt, A.; van Miltenburg, E.; and Krah-
mer, E. 2021. Human evaluation of automatically generated
text: Current trends and best practice guidelines. Computer
Speech & Language, 67: 101151.

Wang, C.; Cheng, S.; Guo, Q.; Yue, Y.; Ding, B.; Xu, Z.;
Wang, Y.; Hu, X.; Zhang, Z.; and Zhang, Y. 2023. Evaluating
Open-QA Evaluation. In Oh, A.; Naumann, T.; Globerson,
A.; Saenko, K.; Hardt, M.; and Levine, S., eds., Advances in
Neural Information Processing Systems, volume 36, 77013—
77042. Curran Associates, Inc.

Zaharia, M.; Khattab, O.; Chen, L.; Davis, J. Q.
Miller, H.; Potts, C.; Zou, J.; Carbin, M.; Fran-
kle, J.; Rao, N.; et al. 2024. The shift from
models to compound ai systems. Berkeley Artifi-

cial Intelligence Research Lab. Available online at:
https://bair.  berkeley. edu/blog/2024/02/18/compound-ai-
systems/(accessed February 27, 2024).

Zheng, L.; Chiang, W.-L.; Sheng, Y.; Zhuang, S.; Wu, Z.;
Zhuang, Y.; Lin, Z.; Li, Z.; Li, D.; Xing, E.; et al. 2024.
Judging llm-as-a-judge with mt-bench and chatbot arena.
Advances in Neural Information Processing Systems, 36.
Zhou, K.; Zhu, Y.; Chen, Z.; Chen, W.; Zhao, W. X.; Chen,
X.; Lin, Y.; Wen, J.-R.; and Han, J. 2023. Don’t make
your llm an evaluation benchmark cheater. arXiv preprint
arXiv:2311.01964.



