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Abstract

Agents are rapidly advancing in automating digital work, but
enterprises face a harder challenge: moving beyond proto-
types to deployed systems that deliver measurable business
value. This path is complicated by fragmented frameworks,
slow development, and the absence of standardized evalua-
tion practices. Generalist agents have emerged as a promis-
ing direction, excelling on academic benchmarks and offer-
ing �exibility across task types, applications, and modalities.
Yet, evidence of their use in production enterprise settings
remains limited. This paper reports IBM’s experience de-
veloping and piloting the Computer Using Generalist Agent
(CUGA), which has been open-sourced1 for the commu-
nity. CUGA adopts a hierarchical planner�executor architec-
ture with strong analytical foundations, achieving state-of-
the-art performance on AppWorld and WebArena. Beyond
benchmarks, it was evaluated in a pilot within the Business-
Process-Outsourcing talent acquisition domain, addressing
enterprise requirements for scalability, auditability, safety,
and governance. To support assessment, we introduce BPO-
TA, a 26-task benchmark spanning 13 analytics endpoints.
In preliminary evaluations, CUGA approached the accuracy
of specialized agents while indicating potential for reducing
development time and cost. Our contribution is twofold: pre-
senting early evidence of generalist agents operating at enter-
prise scale, and distilling technical and organizational lessons
from this initial pilot. We outline requirements and next steps
for advancing research-grade architectures like CUGA into
robust, enterprise-ready systems.

1 Introduction
Enterprises are under growing pressure to automate digital
work at scale. From customer support to back-of�ce ana-
lytics, knowledge workers routinely interact with heteroge-
neous environments�web portals, APIs, spreadsheets, and
dashboards�while facing strict requirements for auditability,
reproducibility, privacy, and cost control. Over the past two
years, interest has surged in computer-using agents (CUAs),
systems that can plan and execute multi-step tasks across di-
verse applications. Yet for enterprises, the challenge is not
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only to prove capability�it is to productize agents and cap-
ture real business value.

The enterprise need. In practice, organizations strug-
gle with the journey from research to deployment. Multi-
ple frameworks and architectural patterns compete for adop-
tion, but few offer clear guidance on speed of development,
time-to-value, cost ef�ciency, and reliability in production
settings. Enterprises also lack standardized ways to evaluate
agentic systems: benchmarks emphasize academic settings,
while business leaders demand measurable impact such as
SLA compliance, reduction in manual effort, or improved
audit readiness. Bridging this gap requires not only techni-
cal advances in agent design but also organizational insights
into deployment, governance, and monitoring.

The research gap. Recent work has shown that gen-
eralist agents�single systems designed to perform diverse
computer-use tasks�can achieve impressive results on aca-
demic benchmarks. Generalist designs are attractive because
they promise (i) adaptability across task types and domains,
(ii) reusability of architecture and tooling across new en-
vironments, and (iii) reduced need for brittle, task-speci�c
scripting. However, published research has so far remained
benchmark-centric. Generalist agents have been shown to
perform well on synthetic benchmarks, yet their effective-
ness in enterprise production settings is largely untested.
The central question is therefore: what modi�cations, safe-
guards, and evaluation methods are required to make gener-
alist agents enterprise-ready?

Our approach. This paper addresses that question
through IBM’s development of CUGA. Architecturally,
CUGA evolved into a hierarchical planner�executor system
with three control layers: (i) a chat/context layer for prepro-
cessing inputs, (ii) an outer loop for task planning and man-
agement using a persistent ledger, and (iii) an inner loop
for sub-task execution via specialized agents (API, Web,
CLI, �le-system). Reliability mechanisms include schema-
grounded prompting, variable tracking, re�ective retries, and
provenance logging. In its benchmark evaluation, CUGA
achieved state-of-the-art performance on both AppWorld
and WebArena, con�rming the strength of its generalist de-
sign. But more importantly for enterprises, CUGA was pi-
loted in the Business-Process-Outsourcing (BPO) talent ac-
quisition domain�a setting where recruiters and analysts
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must answer evidence-based questions across multiple dash-
boards and datasets under policy and audit constraints. We
use this pre-deployment pilot not as the main �story,� but as
a proving ground to evaluate what enterprise readiness de-
mands.

We introduce a new domain-speci�c benchmark, BPO-
TA, comprising 26 decision-support tasks across 13
read-only analytics endpoints. Tasks span single-endpoint
lookups, cross-API joins, provenance-grounded explana-
tions, and the graceful handling of unsupported queries. This
benchmark enabled both regression testing and controlled
ablation studies during CUGA’s pilot evaluation. In prelim-
inary tests within simulated enterprise work�ows, CUGA
approached the accuracy of hand-crafted agents while indi-
cating potential substantial reductions in development time
(up to 90%) and cost (up to 50%). These early �ndings sug-
gest that generalist designs can enable measurable enterprise
value when adapted with appropriate safeguards.

This paper contributes:
� Enterprise pilot experience. Evidence from a pilot of

a generalist agent evaluated with recruiters and analysts
in the BPO talent acquisition domain, including archi-
tectural modi�cations for auditability, safety, and gover-
nance.

� Domain benchmark. The BPO-TA benchmark (26
tasks, 13 endpoints) that captures realistic enterprise an-
alytics queries, enabling reproducible regression testing
and ablation studies.

� Architectural advances. A planner�executor agent de-
sign with schema-grounded prompting, variable track-
ing, re�ective retries, provenance logging, and an API/-
Tool Hub that streamlined onboarding of enterprise ap-
plications. This architecture achieved state-of-the-art per-
formance on both WebArena and AppWorld bench-
marks, demonstrating its generality before adaptation for
enterprise contexts.

� Preliminary business impact. Early evaluations showed
accuracy approaching that of hand-crafted agents, with
indications of up to 90% reduction in development time
and 50% reduction in development cost, alongside im-
proved time-to-answer and reproducibility.

� Lessons learned. Technical and organizational insights
from the pilot, including monitoring, governance align-
ment, and maintenance practices required to transition
generalist agents from research to enterprise readiness.

2 Related Work
Early agentic paradigms such as ReAct interleave chain-
of-thought reasoning with environment actions to improve
task completion and interpretability (Yao et al. 2023), while
code-centric approaches as CodeAct generate executable
code to plan and call tools/APIs for complex tasks (Ye et al.
2024). These ideas catalyzed practical enterprise frame-
works that orchestrate multiple specialized agents (or tools)
with con�gurable roles. From AutoGen’s conversation-
programmed multi-agent patterns (Wu et al. 2023), to Lang-
Graph’s stateful, tool-grounded agent graphs for reliability

and recoverability (LangChain 2024), and OpenAI’s Swarm
orchestrator for multi-agent handoffs (OpenAI 2024). De-
spite promise, production experience consistently reports
fragility at scale: brittle inter-agent handoffs, maintenance
overhead from prompt/tool drift, safety and generalization
across different domains.

Enterprise report measurable wins when agentic systems
are embedded behind assist and self-serve �ows (The Verge
2025; Mobile World Live 2025; AI Business 2022). Ana-
lytics/BI copilots ship text-to-SQL/report-generation agents
tightly coupled to enterprise data governance, observabil-
ity, and review work�ows (Snow�ake Engineering 2024;
Microsoft 2024; Databricks 2025). Broader surveys in hir-
ing/HR analytics highlight fairness, transparency, and au-
dit requirements in employment contexts, motivating prove-
nance and explainability (Raghavan et al. 2020; Fabris
et al. 2025; Chen 2023). Industry adoption reports likewise
stress governance, measurable ROI, and operational readi-
ness (monitoring, latency/cost budgets) as prerequisites for
scale-out (Zhang et al. 2025b; Cemri et al. 2025). These
constraints shape the design space of enterprise agents task
completion. BPO process automation combine work�ow or-
chestration, retrieval over enterprise knowledge, and docu-
ment understanding to automate outsource non-core busi-
ness functions to third-party providers.

Concurrently, the research community has pushed toward
generalist CUAs that plan and act across heterogeneous soft-
ware. WebArena offers realistic, self-hosted websites for
browser agents and showed early baselines struggled to ex-
ceed modest end-to-end success (Zhou et al. 2023). Ap-
pWorld evaluates multi-application orchestration via hun-
dreds of programmatic APIs with outcome-based grading
(Trivedi et al. 2024). OSWorld measures GUI work�ows
on desktop applications and OS tasks (Xie et al. 2024).
Complementary suites probe interaction quality and over-
sight: ST-WebAgentBench emphasizes policy adherence in
web agents, introducing Completion-under-Policy (CuP) as
the primary objective (Levy et al. 2024), � -Bench targets
tool-agent-user dynamics and policy/instruction following
(Yao et al. 2024), BrowserGym provides a uni�ed plat-
form for evaluating web agents under controlled variability
(de Chezelles et al.). Architecturally, generalist CUAs in-
creasingly combine hierarchical planning, explicit state/vari-
able tracking, and re�ective repair during execution to im-
prove robustness in long-horizon settings (Shinn et al. 2023;
Kim, Baldi, and McAleer 2023; Zhang et al. 2025c). Recent
vendor-facing systems expose �computer use� capabilities
(desktop/browser control, �le ops) under sandboxes, signal-
ing a trend toward production CUAs (Anthropic 2024; Ope-
nAI 2025; Shen et al. 2025; Fourney et al. 2024; Marreed
et al. 2025).

Despite rapid progress, several gaps limit direct trans-
fer from benchmark success to enterprise deployment.
First, governance: high-risk domains (including employ-
ment analytics) demand provenance, HITL, and post-
deployment monitoring mandated by frameworks and reg-
ulation (Tabassi 2023; European Union 2024; NYC Depart-
ment of Consumer and Worker Protection 2023). Second,
tool proliferation and schema variance: results degrade as



agents shortlist from dozens of APIs and maintain consis-
tency across dependent calls (Shen et al. 2024b; Xu et al.
2023). Third, operational constraints: latency, cost, and re-
producibility must be tracked and controlled in production
(Kwon et al. 2023; Zheng et al. 2024; Jiang et al.). Fourth,
graceful degradation: enterprise agents must decline unsup-
ported requests without hallucination, and surface transpar-
ent rationales and computation logs (Nakano et al. 2021).
Our work addresses this bridge by showing how a generalist
CUA can be adapted for enterprise: schema-minimized API
onboarding, deterministic parsing/validation, provenance-
�rst responses, in a piloted BPO talent acquisition setting.

3 The Application: BPO Talent Agent
Background and Business Context IBM Consulting op-
erates a double-digit million business in Business Process
Outsourcing (BPO) for Talent Acquisition (TA). In this
model, IBM specialists manage recruitment pipelines on
behalf of client organizations, often working across multi-
ple HR platforms, analytics dashboards, and reporting tools.
While effective, the manual work�ow is labor-intensive:
recruiters spend signi�cant time pulling data, reconciling
spreadsheets, and preparing insights for hiring managers.
Service-level agreements (SLAs) around time-to-hire, con-
version funnels, and sourcing performance are business-
critical, yet measuring and optimizing them has historically
been slow and error-prone.

The vision behind the Talent Acquisition Agent was to
augment human recruiters rather than replace them�acting
as a digital sidekick that can provide proactive insights, au-
tomate repetitive analysis, and surface SLA risks before they
become client issues. A core design principle is human-in-
the-loop (HITL): the business con�gures where the agent
can act autonomously and where human oversight is manda-
tory, and the agent must strictly adhere to these require-
ments.

3.1 The Development Journey of Agentic Systems
The BPO�TA project also re�ects a broader pattern observed
across enterprises experimenting with agentic systems. Most
teams begin with quick wins: popular frameworks like Re-
Act or CodeAct can be instantiated in days, yielding im-
pressive demos where agents call APIs or generate code to
answer queries. But as projects scale, limitations surface:
� ReAct agents degrade when required to juggle more than

a handful of tools.
� Developers patch around this by introducing routers and

delegators, creating �white-box� architectures with frag-
ile hand-offs between sub-agents.

� Complex instructions or policy requirements (e.g., pri-
vacy, governance) strain these prototypes further.

� Roadmaps become unclear, with teams caught in cycles
of experimentation rather than predictable progress.

The BPO�TA team followed this arc. An initial prototype,
built quickly on reactive patterns, showed promise but could
not scale to the breadth of sources and policies in Talent
Acquisition. With 13 APIs spanning multiple systems and

providers�each offering several actions and requiring or-
chestration across work�ows�the complexity exceeded what
the prototype could handle. At this in�ection point, the team
turned to IBM Research to evaluate the Computer Using
Generalist Agent (CUGA), which had just achieved state-
of-the-art results on AppWorld and WebArena benchmarks.
The open question was: Could a benchmark-proven gener-
alist agent deliver enterprise-grade performance in the de-
manding Talent Acquisition setting?

3.2 Application Setup
The Talent Acquisition Agent is still on its journey toward
full production deployment. To date, it has achieved on-par
accuracy with specialized agents, is being evaluated against
enterprise requirements, and is under consideration for pro-
duction rollout. The deployment context includes several
key characteristics:
� APIs and Analytics Layer: The environment exposes

13 read-only APIs, spanning multiple applications and
providers. Each API offers several actions, and realistic
work�ows often require orchestrating across sources. Ex-
amples include SLA-by-source, funnel conversion, hires
by percentage, and skill-impact analysis.

� Governance and Security: To build trust at low risk, the
current con�guration is restricted to read-only APIs. This
allows experimentation and validation without impacting
underlying systems. Over time, the goal is to progress to-
ward create/update capabilities, enabling fully automated
work�ows once safety and trust are established. All re-
sponses include provenance logs, and PII is excluded or
redacted to maintain compliance.

� Integration with Business Work�ows: The agent is de-
signed to embed into recruiters’ existing dashboards in
the browser, becoming part of their daily work�ow rather
than a separate tool. It must integrate seamlessly with the
user experience and identity controls already in place.

� Human + Agent Collaboration: Recruiters and ana-
lysts interact with the agent through a conversational in-
terface. Depending on business con�guration, the agent
may act autonomously or defer decisions back to hu-
mans. HITL requirements are explicit and con�gurable,
ensuring alignment with business work�ows and gover-
nance.

3.3 Why BPO�TA Matters as a Testbed
The BPO�TA pilot illustrates why Talent Acquisition is a
representative domain for studying the enterprise readiness
of generalist agents:
� Complex orchestration: Multi-source work�ows span-

ning 13 APIs, each with multiple actions, often requiring
reasoning across providers and data sources.

� Governance-heavy: Read-only experimentation mode,
HITL oversight, audit trails, and compliance constraints.

� High value: A double-digit million business unit where
even modest ef�ciency gains translate to signi�cant client
impact.



Figure 1: Reducing time-to-value with generalist agents. Traditional specialized agents (left) require extensive custom design
and benchmarking. Generalist agents (right), benchmarked on complex tasks such as AppWorld, WebArena, and TauBench2,
shift the enterprise focus to con�guration and domain-speci�c evaluation.

� Scalable lesson: The trajectory from quick prototypes to
generalist adoption mirrors what many enterprises expe-
rience in their agent journey.

In short, BPO�TA provided the ideal proving ground: a
live enterprise context, business-critical stakes, and a context
where the shortcomings of early architectures were well un-
derstood. The Talent Acquisition Agent was not introduced
into a green�eld environment�it was evaluated precisely at
the point where conventional approaches had reached their
limits. This made the journey both realistic and consequen-
tial: success here could validate generalist architectures and
signal how such systems may bridge the gap between aca-
demic benchmarks and enterprise deployment.

4 Enterprise Requirements for Generalist
Agents

From the BPO�TA use case described earlier, and from
additional discussions with other business units in our
organization�including Finance, Sales, Procurement, Legal,
and the CIO’s of�ce�we observe a recurring pattern. Enter-
prises consistently identify a set of requirements that go be-
yond academic benchmarks. In this section, we summarize
our understanding of what is needed from generalist agents
in the enterprise.

Safety and Trustworthiness (Top Priority). Enterprises
will not adopt agents in production work�ows unless they
are con�dent the systems are safe and trustworthy, includ-
ing:

� Instruction following and policy adherence: agents
must reliably comply with organizational rules, work-
�ows, and domain-speci�c processes.

� Transparency and consistency: outputs should be re-
producible, grounded in provenance, and free of unex-
plained variability.

� Avoidance of hallucinations: agents must not fabricate
data or invent actions in business-critical work�ows.

� Con�gurable human-in-the-loop (HITL): oversight
must be adjustable by the business�de�ning where au-
tonomy is permitted and where human approval is
mandatory.

� Security baseline: restricted access, provenance log-
ging, and minimal permissions suf�cient to comply with
enterprise governance frameworks.

Ef�ciency and Cost-Performance. Once accuracy and
safety are established, ef�ciency becomes the next prior-
ity. Agents must deliver results with acceptable latency
and without prohibitive compute costs. Token ef�ciency, re-
duced retries, and optimized execution are crucial to ensur-
ing that deployments scale economically.

Integration and Context-Awareness. Agents should in-
tegrate directly into existing business work�ows and user
experiences, such as dashboards or browser-based recruiter
tools, rather than creating separate silos. They must also be
context-aware, recognizing what the user is seeing or doing,
in order to provide relevant support without forcing disrup-
tive context switching.

Policy Alignment and Instruction Following. Enterprise
processes are not generic. In Talent Acquisition, for exam-
ple, the stages of requisition management and SLA de�ni-
tions provide concrete guardrails. To succeed, agents must
be able to align with such processes by:
� Being taught via documents: ingesting enterprise play-

books, policies, and guidelines expressed in natural lan-
guage.

� Being shown via demonstrations: learning correct be-
havior from user examples.

� Learning via feedback: adapting over time from im-
plicit and explicit corrections, thereby re�ning their ad-
herence to organizational norms.



4.1 The Value of Generalist Agents
Generalist agents provide a promising foundation for these
requirements. Unlike specialized agents that must be hand-
crafted for each domain, generalists are trained on diverse
benchmarks covering complex task completion, reasoning,
and instruction following. For example, benchmarks such
as AppWorld, WebArena, and TauBench2 evaluate tool
use, multi-turn reasoning, instruction following, and even
human-in-the-loop interaction.

This foundation allows enterprises to focus not on build-
ing agents from scratch, but on con�guring and bench-
marking the agent for their speci�c domain. Instead of
months of custom design and iterative experimentation, or-
ganizations can move to value within weeks. Generalist
agents reduce:
� Time-to-value: shifting from a 3�9 month development

cycle to a few weeks of con�guration and testing.
� Development effort: enabling enterprises to inherit

baseline capabilities in accuracy, instruction following,
and safety.

� Risk: lowering the likelihood of project fatigue and
failed adoption, since much of the heavy lifting has al-
ready been validated on foundation benchmarks.

Figure 1 illustrates this contrast: while traditional spe-
cialized agents require extensive design, custom bench-
marks, and iterative re�nement before deployment, gener-
alist agents like CUGA allow enterprises to inherit strong
foundations and reach deployment readiness with far less
effort.

5 System Architecture and Pre-deployment
Layered planner�executor loops. CUGA implements
a hierarchical agentic architecture with nested plan-
ner�executor loops (Fig. 2). At the top, an optional chat
layer provides input interpretation and lightweight prepro-
cessing, including message and variable histories; this can
be bypassed in non-chat deployments. The outer loop gov-
erns task planning and orchestration: a Task Analyzer iden-
ti�es the target application, a Task Decomposer determines
whether multi-application coordination is required, and a
persistent Plan Controller advances a durable task ledger.
The ledger records steps, variable bindings, replans, and
completions. In pilot evaluations, this ledger was essen-
tial for traceability, compliance, and recovery from partial
failures. The inner loop delegates sub-tasks to specialized
agents�API/Tool, Web Browser, CLI, and domain-speci�c
agents�each acting within its own environment and return-
ing structured observations to the controller.

Planner-centric sub-agents. Two execution families il-
lustrate the planner�executor pattern: the API Sub Agent and
the Browser Sub Agent (Fig. 6, Fig. 5). The API Sub Agent
combines short-term memory, an API Planner, and strate-
gic re�ection, coordinating a ShortlisterAgent (which selects
APIs through a registry) and a CodeAgent (with a nested
CodePlanner and sandboxed executor). This modular de-
sign allowed rapid onboarding of analytics endpoints in the

Figure 2: CUGA general architecture via Layered plan-
ner�executor loops.

BPO pilot. The Browser Sub Agent pairs a Browser Plan-
ner and Re�ection Judge with two execution paths: an Ac-
tion Agent (click, type, select, navigate) and a Question An-
swering Agent (DOM-to-Markdown conversion and screen-
shots). Although disabled in the BPO deployment for gov-
ernance reasons, this design enables seamless switching be-
tween API-�rst and hybrid browser�API work�ows without
re-architecting.

Reliability: task ledger, interrupt nodes, re�ective re-
tries. The Plan Controller enforces reliability by schema-
grounded prompting, validation, and explicit Interrupt
Nodes. When tool responses deviate from schema or pro-
duce unexpected results, re�ective checks are invoked and
invalid plans or parameters are repaired before resuming ex-
ecution. This cycle of prompt ! call ! validation ! re-
�ection/replan reduced parsing-related failures by more than
one-third in internal pilot runs.

API/Tool Hub and schema standardization. To scale
beyond prototypes, CUGA replaced per-application MCP
servers with a centralized API/Tool Hub. The hub mini-
mizes OpenAPI speci�cations into LLM-friendly schemas,
canonicalizes parameter names and types, attaches domain-
speci�c notes, and enforces strict JSON-schema I/O. This
eliminated per-app server maintenance and reduced on-
boarding time for new endpoints from weeks to hours.

Sandboxed computation for safety. For lightweight
computation (joins, aggregations, deltas), the API�Code
path generates structured pseudo-code via a CodePlanner,
executed inside a restricted Code Agent sandbox. The sand-
box isolates �le/network access, enforces execution budgets,
and logs all computations for audit. This allowed domain an-
alysts to use AI-augmented work�ows without compromis-
ing governance or data-handling policies.

Web agent path and governance. The architecture also
supports a Web Planner Agent coordinating Web Action and
Web Q&A sub-agents in a Playwright�Chromium runtime.
In the BPO pilot, this capability was deliberately disabled
to comply with enterprise governance requirements, but the
design demonstrates �exibility for hybrid deployments that
combine API-�rst and web-based work�ows.



6 Benchmarks and Pilot Evaluation
State-of-the-art Benchmarks. CUGA achieves state-of-
the-art results on both WebArena and AppWorld, rank-
ing �rst among published agents. Tables 1 and 2 present
detailed per-application and per-level outcomes. On We-
bArena, CUGA attains an overall accuracy of 61.7%, with
strongest performance on Reddit (75.5%) and Map (64.2%).
On AppWorld’s �Test-Challenge� dataset, CUGA reaches
48.2% overall scenario completion, with particularly high
success on Level 1 tasks (87.5% scenario completion).
These results demonstrate that the CUGA architecture is
competitive with�and in many cases surpasses�specialized
systems. More detilas can be found in Appendix C and D

Table 1: Performance of CUGA on the WebArena bench-
mark.

Application Accuracy (%)
GitLab 61.7
Map 64.2
Reddit 75.5
Shopping 58.3
Shopping Admin 62.6
Multi-App 35.4
Overall 61.7

Table 2: Performance of CUGA on the AppWorld bench-
mark.

Level Task Goal (%) Scenario Goal (%) Avg. Interactions

Normal Chall. Normal Chall. Normal Chall.
All 73.2 57.6 62.5 48.2 10.69 8.40
Level 1 91.2 91.7 84.2 87.5 5.94 4.65
Level 2 77.1 58.7 68.8 42.0 10.36 8.33
Level 3 54.0 44.1 38.1 38.5 12.69 11.86

These results validate the design of CUGA as a generalist
computer-using agent: once the APIs and tools available to
each sub-agent are de�ned, the planner�executor architec-
ture can be con�gured to operate across domains without
task-speci�c re-engineering. In practice, enterprises need
only onboard their APIs and specify governance constraints
for CUGA to extend its capabilities to new work�ows.

6.1 Enterprise Pilot: BPO-TA
While CUAs often perform well on abstract research bench-
marks, enterprise deployment requires systematic of�ine
evaluation with realistic tasks, audit guarantees, and com-
pliance controls. To address this, we developed BPO-TA,
a domain benchmark centered on talent acquisition (TA)
work�ows in the BPO context. BPO-TA encodes decision-
support tasks drawn directly from analyst practice into a
�xed test set, providing a reproducible regression baseline
for measuring progress and ensuring operational reliabil-
ity. Its design follows three principles essential for adop-
tion: traceability (each task paired with APIs, glue code, and

gold-standard explanations), realism (tasks grounded in gen-
uine analyst work�ows rather than synthetic probes), and re-
producibility (�xed inputs, deterministic evaluation, and ex-
plicit provenance).

The benchmark spans 26 tasks over 13 read-only APIs,
covering endpoints such as SLA by source, funnel con-
version, hires by source, skill-impact on SLA, de�nition-
s/methodology, dataset/model lineage, and timeframe meta-
data. All endpoints are onboarded through the API/Tool Hub
with minimized OpenAPI specs, validators, and read-only
wrappers that strip or redact PII. Schema-grounded prompts
enforce canonical de�nitions (e.g., SLA), and deterministic
parsers gate LLM outputs. Every response includes a prove-
nance panel listing API paths, parameters, and a computa-
tion log, enabling audit and regression testing. Operations
are monitored for latency, cost, and policy compliance.

Task categories mirror enterprise usage: (1) simple
lookups (e.g., requisition de�nitions), (2) cross-API joins
(e.g., linking candidate volume to conversion-to-hire), (3)
looped reasoning (e.g., �ltering skills that negatively affect
SLA), (4) provenance explanations (e.g., surfacing dataset/-
model lineage), and (5) graceful failure, where unsupported
queries must be declined without hallucination. These pat-
terns ensure that BPO-TA evaluates not only retrieval ac-
curacy but also compositional reasoning, transparency, and
robustness�making it both a research benchmark and an op-
erational safeguard for trustworthy enterprise deployment.

Figure 3: Illustration of CUGA integrated into the BPO Tal-
ent Acquisition UI, providing natural-language analytics,
provenance-aware explanations, and audit-ready compliance
within enterprise work�ows.

Table 3: Performance of CUGA on the BPO-TA benchmark.

Metric Value
Task Accuracy (26 tasks) 87%
Valid First-Try Rate 78%
Responses with Provenance Logs 95%
Average Latency per Query 11.2s
Analyst-Reported Reproducibility 4.6 / 5

Results. On the BPO-TA benchmark, CUGA achieves
87% accuracy, with failures concentrated on unsupported
cross-application queries where graceful degradation is ex-



pected. Valid-�rst-try rates improved from 62% (vanilla Re-
Act baseline) to 79% with full CUGA. Ablations highlight
the importance of re�ective retries (-11 points without) and
variable tracking (-15 reproducibility without).

6.2 Potential Bene�ts

The CUGA system has been piloted within IBM’s Business-
Process-Outsourcing (BPO) talent acquisition work�ow
since mid-2025. It can be used by recruiters and analyst
teams to answer sourcing, funnel, and skill-impact ques-
tions that previously required manual data pulls and spread-
sheet manipulation. The pilot was performed in a read-only
con�guration: CUGA connects to 13 domain-speci�c an-
alytics APIs, each exposing pre-approved metrics such as
service-level-agreement (SLA) performance, funnel conver-
sions, and hires-by-source. Provenance logging and compu-
tation traces are stored for each interaction, ensuring audit
readiness and compliance with organizational governance
requirements (e.g., PII avoidance, immutable records of all
API calls).

Preliminary evaluations of CUGA in simulated enter-
prise work�ows suggest promising ef�ciency and reliabil-
ity gains. Estimated bene�ts include a potential reduction in
average time-to-answer (from roughly 20 minutes of man-
ual work to an expected 2�5 minutes with CUGA, an esti-
mated �90 % improvement) and higher reproducibility of
responses (CUGA outputs were consistent across runs in
about 90 % of internal test cases). Audit readiness is also
expected to improve, with over 90 % of generated responses
including full provenance (API endpoint, parameters, and
result logs).

Table 4: Preliminary evaluation of estimated bene�ts in
CUGA’s simulated enterprise use case (Talent Acquisition
domain).

Metric Manual Baseline CUGA (Pilot Evaluation)
Average time-to-answer �20 min manual analysis �2�5 min
Reproducibility of answers �60% �95% (test runs)
Responses with full provenance �40% �92% (expected)
Analyst effort (manual steps) High (spreadsheets, queries) Low (single agent call)
Case study: skill impact analysis �30 min(manual SLA comparisons) �6 min (projected)

Table 4 summarizes these preliminary, pilot-level results
from CUGA’s evaluation in the Talent Acquisition context.
While the �gures are based on controlled test environments
and limited analyst feedback rather than full production de-
ployment, they highlight the potential of generalist agents
to enable substantial ef�ciency and transparency improve-
ments in enterprise work�ows.
Qualitatively, BPO architects noted that CUGA can reduce
reliance on ad hoc spreadsheet analysis, provide consis-
tent explanations of sourcing and skill-impact decisions, and
support faster onboarding for new team members through
step-by-step reasoning grounded in enterprise APIs. Taken
together, these preliminary observations indicate that gener-
alist agents such as CUGA hold promise for delivering trust-
worthy, auditable, and scalable value as they transition from
research prototypes toward enterprise-ready systems.

6.3 Qualitative Evidence
To complement quantitative metrics, we highlight two qual-
itative observations:

Case study. When asked �Which sourcing chan-
nel should we prioritize for requisition 05958BR?�,
CUGA queried two endpoints (candidate volume,
recommendation summary), joined on source IDs, and
produced a ranked table with SLA metrics. The interface
presented not only the recommendation (�LinkedIn�) but
also provenance: endpoint names, query parameters, and
computation logs. Analysts reported this saved 20�30
minutes of manual dashboard comparisons.

Feedback. BPO architects emphasized reduced �spread-
sheet wrangling,� describing CUGA as �freeing time for ac-
tual decision-making.� They noted that the ability to decline
unsupported requests (e.g., region-level metrics not exposed
by APIs) increased their trust, since the agent did not hallu-
cinate unavailable data.

Figure 4: Trajectory Overview

7 Lessons Learned and Insights
The �rst pilot of CUGA in the BPO Talent Acquisition
(TA) context provides early indications that generalist agents
can move beyond benchmarks toward enterprise-grade ap-
plicability. Phase 1 of the application focused on use cases
such as automated candidate scheduling and communica-
tion, pipeline visibility, and smart sourcing suggestions.
Based on internal projections and controlled simulations,
this approach may enable approximately 35% of candidate
inquiries to be resolved via self-service and 25% recruiter
work�ow automation, alongside an estimated 90% reduction
in development time and a 50% reduction in development
cost compared to task-speci�c baselines. These preliminary
outcomes suggest that generalist agents have the potential to
accelerate time-to-value while maintaining the governance
and transparency required in enterprise work�ows.

From this pilot, we derived a set of lessons and insights�
both technical and organizational�that shape the path for-
ward:

Technical insights.
� Prompt and speci�cation curation. Minimizing Ope-

nAPI speci�cations and keeping prompts concise,



schema-grounded, and unambiguous substantially im-
proved reliability and ef�ciency.

� Governance alignment. Restricting to read-only APIs,
redacting personally identi�able information, and
grounding all answers in canonical de�nitions were
essential to gain organizational trust.

� Reliability mechanisms. Interrupt nodes, re�ective re-
tries, and a code planner (generating structured pseudo-
code) reduced failure rates and improved reproducibility.

� Monitoring and reproducibility. Provenance logs and
regression testing enabled both audit readiness and sys-
tematic debugging of failure modes.

� Sustainability and extensibility. The API/Tool Hub
streamlined onboarding of new endpoints, allowing rapid
iteration as business requirements evolved.

� Analytical foundation. A critical advantage was the ar-
chitecture’s ability to log, monitor, and analyze agent de-
cisions. This enabled systematic investigation of failures
and deeper insight into why the agent behaved as it did,
laying the groundwork for continuous improvement.

Organizational insights.
� Human-in-the-loop con�guration. Business users re-

quired explicit control over when the agent could act au-
tonomously versus when approval was mandatory, mak-
ing con�gurable HITL a central requirement.

� Benchmarks are not enough. While AppWorld and We-
bArena validated general capabilities, enterprise adop-
tion depended on a domain-speci�c benchmark (BPO-
TA) that re�ected real recruiter work�ows and enabled
regression testing.

� Bridging research and operations. Deployment suc-
cess depended as much on organizational alignment�
policies, governance, and HITL practices�as on technical
breakthroughs. The transition from a promising demo to
a trusted production system required deliberate discipline
and collaboration across business and research teams.

8 Roadmap
The �rst phase surfaced clear requirements for the next stage
of development. Key technical enhancements now underway
include:
� Con�gurable HITL. Fine-grained control over when

agents act autonomously or defer to humans.
� Safety and policy adherence. As the system expands

from read-only analytics to autonomous actions, explicit
mechanisms for enforcing enterprise policies and gover-
nance are critical.

� Cost�performance tradeoffs. Cost and latency should
be improved. Static and dynamic short-circuiting is being
developed to reduce unnecessary reasoning by adapting
the depth of reasoning to task complexity.

� Trajectory reuse. Successful execution traces can be
generalized into reusable tools, improving both reliabil-
ity and ef�ciency when similar tasks recur.

� Model optimization. Introducing smaller models for
routine subtasks, while reserving large models for com-
plex reasoning, balances accuracy with latency and cost.

A near-term milestone is to extend CUGA’s evaluation
to TauBench2, which emphasizes policy adherence and
human-in-the-loop operation. Success here will further vali-
date CUGA as not only a benchmark-leading agent but also
an enterprise-ready system that meets organizational stan-
dards of safety and trust.

9 Conclusion
This work provides early evidence that generalist agents
can enable measurable business value in enterprise contexts.
By combining layered planning, provenance-aware execu-
tion, and governance alignment, CUGA can reduce time-
to-answer, improve reproducibility, and enable trustworthy
automation in talent acquisition. The lessons from Phase 1�
both technical and organizational�show that moving from
research breakthroughs to enterprise readiness is less about a
single algorithmic leap and more about disciplined engineer-
ing, governance, and continuous iteration. Architectures like
CUGA mark a credible path toward enterprise-ready gener-
alist agents that are safe, ef�cient, and adaptable.
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A CUGA System Architecture
This section presents the detailed architecture of the CUGA
system, including both the Browser and API sub-agents.

Figure 5: Architecture of the Browser Sub Agent: the
Browser Planner combines action history and re�ection to
select between two execution paths�an Action Agent (click,
type, select, navigate) and a Question Answering Agent
(DOM-to-Markdown conversion and screenshots).

Figure 6: Architecture of the API Sub Agent: the API
Planner coordinates short-term memory, re�ection, and
two executors�the ShortlisterAgent, which routes to APIs
through a registry, and the CodeAgent, which generates and
executes code via a nested CodePlanner.

B CUGA’s Nodes
ChatAgent � Chat
This agent manages follow-up questions and handles con-
versations that trigger pre-existing, familiar �ows.

TaskAnalyzerAgent � Task Analyzer
This agent performs the initial analysis of a user’s request to
determine its complexity. It decides whether a simple, direct
answer is suf�cient or if the query requires a more complex,
multi-step plan. This agent also identi�es related applica-
tions based on the user’s intent.

TaskDecompositionAgent � Task Decomposition
The agent decomposes complex tasks into smaller, manage-
able sub-tasks and assigns each to a specialized agent. This
approach is essential for effectively solving multi-step prob-
lems, as it allows each sub-task to be carefully planned and
executed..

PlanControllerAgent � Plan Controller
This agent acts as the central orchestrator of the sub-agents.
It reviews the overall plan, tracks the status of sub-tasks
created by TaskDecompositionAgent, and decides the next
steps, ensuring the entire process stays on track from decom-
position to the �nal answer.

Browser Sub-Agent
BrowserPlannerAgent � Browser Planner This agent
plans the next steps in natural language, based on its un-
derstanding of the DOM page and accompanying images. It
then passes tasks to either the ActionAgent or QaAgent, or
decides to conclude the task.

ActionAgent � Action Agent This agent is designed to
perform speci�c subtasks directly on the current web page,
such as clicking on an element.

QaAgent � Question Answering Agent This agent is
called upon to answer questions related to the current web-
page.

Human-in-the-Loop Nodes
SuggestHumanActions � Human Action Suggester
This node is used when human intervention or input would
be bene�cial. It’s necessary for collaborative work�ows, al-
lowing the AI to ask for help, clari�cation, or a decision
from the user.

WaitForResponse � Response Waiter
This node pauses the entire work�ow until it receives a re-
sponse, typically from a human user. It works in conjunction
with SuggestHumanActions to enable true human-in-the-
loop processing.



API Sub-Agent
APIPlannerAgent � API Planner
This agent specializes in creating sub-tasks that involve API
calls. At each turn, it either calls the ShortlisterAgent or
APICodePlannerAgent, or decides to �nish the task and
return to the PlanControllerAgent. Within this node, there
is also a re�ection component that runs upon returning from
the CodeAgent, summarizing the task, checking edge cases,
and suggesting strategic recommendations.

APICodePlannerAgent � API Code Planner
This agent, given the shortlisted schema and sub-task de-
cided by the APIPlannerAgent, generates a pseudo-natural
language plan to guide the coding agent. It can also report
missing APIs to the APIPlannerAgent as feedback.

CodeAgent � Coding Agent
This agent is responsible for writing and executing code to
solve a problem. It is called after the APICodePlannerA-
gent. The generated code is executed in a sandbox to ensure
safety, and the result is stored in a variable and fed back to
the APIPlannerAgent concisely within its context.

ShortlisterAgent � Tool Shortlister
This agent �lters and ranks a list of available tools or APIs
to �nd the most relevant ones for a given sub-task generated
by the APIPlannerAgent.

Other Agents
FinalAnswerAgent � Final Answer
This agent is responsible for gathering the results from all
completed tasks and synthesizing them into a �nal, coher-
ent response for the user. It represents the last step in the
cognitive process before presenting the solution.

ReuseAgent � Reuse Agent
This agent is used in �save & reuse� mode, where CUGA
suggests that the user save the current autonomous �ow into
deterministic Python code for safer and more predictable ex-
ecution. It runs after the FinalAnswerAgent in conjunction
with human-in-the-loop actions.

C WebArena Benchmark Analysis
The WebArena (Zhou et al. 2023) environment is a realistic
and reproducible web environment designed for web agents
to interact with. Along with the environment, a benchmark
that consists of a set of 812 real-life natural language tasks
has been released.

Figure 7: WebArena intent distribution across different web-
sites. Cross-site intents include interaction with multiple
websites.

Method SR (%)
IBM CUGA (ours) 61.7
Operator (OpenAI 2025) 58.1
Autonomous Web Agent (Jace.AI 2024) 57.1
ScribeAgent + GPT-4o (Shen et al. 2024a) 53
AgentSymbiotic (Zhang et al. 2025a) 52.1

Table 5: WebArena Benchmark Leaderboard. SR = Success
Rate

Figure 8: WebArena Map domain task example



D AppWorld Dataset
AppWorld (Trivedi et al. 2024) is a high-quality execution
environment designed to test agents with code generation
capabilities. The AppWorld benchmark consists of 9 day-to-
day application such as Spotify, Amazon Shopping, Gmail,
available via 457 APIs and simulating the lives of simulated
users. The benchmark is divided into two levels of dif�culty
- named �Test-Normal� and �Test-Challenge�, with the latter
being generally more challenging, with each level consisting
of several scenario data points, with each scenario consisting
of several tasks for an agent to accomplish.

The metrics used to test agents in this benchmark are Task
Goal Completion, the percentage of tasks for which the
agent passed all evaluation tests, and Scenario Goal Com-
pletion, the percentage of task scenarios for which the agent
passed all evaluation tests for all tasks from that scenario.

Test-Normal Test-Challenge
avg (max) avg (max)

Num. Apps 1.5 (3) 2.0 (6)
Num. Unique APIs 8.2 (17) 10.5 (26)
Num. API calls 42.5 (244) 46.8 (649)
Num. Sol. Code Lines 41.3 (134) 56.9 (128)
Num. Eval. Tests 5.9 (19) 8.0 (24)
Dif�ciculty Level 1.9 (3) 2.3 (3)

Table 6: AppWorld Benchmark Intent Composition

Normal Challenge
Method LLM TGC (SGC) TGC (SGC)
CUGA (ours) GPT-4.1 73.2 (62.5) 57.6 (48.2)
Chen et al. (2025) Qwen2.5 72.6 (53.6) 47.2 (28.8)
Gupta et al. (2025)GPT-4o 68.5 (57.1) 38.9 (23)
ReAct GPT-4o 48.8 (32.1) 30.2 (13)

Table 7: AppWorld Benchmark Of�cial Leaderboard. TGC
and SGC metrics mean task and scenario goal completion
respectively.

E BPO-TA Benchmark Details
This section provides comprehensive details about the BPO-
TA (Business Process Operations - Talent Acquisition)
benchmark, including task taxonomy, catalog, and example
queries.

E.1 Task Categories and Examples
E.2 Dataset Taxonomy
Figure 9 presents a taxonomy of the dataset catalog, provid-
ing a structured overview of the categories represented in
our benchmark. The root node (�Dataset Taxonomy�) splits
into �ve major categories:

Source Analytics: Queries that focus on requisition
sources, including SLA-based ranking, total hires by source,
candidate volumes, funnel conversion performance, and
weighted prioritization (IDs 2�5, 8).

Skill Analytics: Queries that test reasoning about the im-
pact of skills on SLA performance, �ll rates, and relevance
judgments, as well as provenance through models and data
sources used in calculations (IDs 7, 10, 17, 18, 20, 21, 22).

Methodology & Metadata: Queries targeting de�ni-
tional and contextual knowledge, such as SLA de�nitions,
sample sizes, evaluation metrics, timeframe coverage, and
averages over requisitions (IDs 14�16, 27, 33).

Error Handling & Clari�cation: Queries that probe
conversational robustness, such as missing required param-
eters and invalid job IDs (IDs 24, 31).

Unsupported / Future Capabilities: Queries intention-
ally designed to highlight system limitations and possible
extensions, including job description optimization, hiring
manager analytics, full funnel counts, per-source time-to-
�ll, geographic �lters, SLA countdowns, and full job-card
details (IDs 23, 25�26, 28�30, 32).

The visualization complements the full catalog table by
showing at a glance how queries are distributed across cate-
gories. It highlights the dataset’s design principle: to balance
supported tasks (sources, skills, metadata) with robustness
testing (error handling) and aspirational use cases (unsup-
ported/future capabilities).

E.3 Complete Task Catalog
Table 9 lists the full set of 26 BPO-TA tasks, including end-
point usage, glue code requirements, and number of calls.
This catalog is intended to ensure reproducibility and pro-
vide a reference for ablations.

F Experimental Results and Trajectories
This section presents detailed experimental results and ex-
ample system trajectories demonstrating CUGA’s perfor-
mance across different benchmarks.



Category Example Query
Lookup �How is the SLA metric de�ned for 05958BR?�
Join �For requisitions like 05958BR, which sources provided the most candidates, and how effective were they at converting to hires?�
Looped comparison �Out of Python, Quantum Physics, Cyber Engineering, Risk Analysis, Wireshark � which skills negatively affect SLA?�
Provenance explanation �What models and datasets were used to compute the SLA impact of Python?�
Graceful failure �Who’s the hiring manager for 05959BR and how responsive is she?�

Table 8: BPO-TA benchmark categories with representative queries.

Figure 9: Dataset taxonomy visualization. Each branch corresponds to a query category (e.g., Source Analytics, Skill Analytics),
and leaf nodes list the dataset entry IDs that belong to that category. The visualization highlights the breadth of query types
covered by the benchmark, ranging from source- and skill-focused analytics to methodology and error-handling cases, as well
as unsupported or future capabilities.



ID Task (Simpli�ed Query) Endpoints Used Glue Code / Reasoning Calls

1 De�ne SLA metric for requisition 05958BR getdefinitions None 1
2 Lowest-performing source by SLA for 05958BR recommendationsummary Rank SLA values 1
3 Which source had most candidates and how effec-

tive?
candidate volume,
recommendation summary

Join on source name 2

4 Does Python impact SLA? skill impact,
recommendation summary

Aggregate by skill 2

5 Compare SLA impact of multiple skills (looped) skill impact Iterative calls per skill, �lter nega-
tive values

5+

6 Which skill most improves SLA? skill impact Max delta computation 3+
7 Funnel conversion for 05958BR funnelconversion Extract ratios 1
8 Candidate drop-off by stage for 05958BR funnelconversion Compute differences per stage 1
9 Top source by time-to-�ll (05958BR) recommendation summary Sort by TTF metric 1
10 Cross-source SLA comparison (3 sources) recommendationsummary Filter + compare SLA side-by-side 1
11 Explain provenance of Python SLA impact skill impact,

get definitions
Surface dataset + model metadata 2

12 Show data sources used for candidate counts candidatevolume,
get definitions

Join with provenance metadata 2

13 Fill rate for source �LinkedIn� on 05958BR recommendation summary Lookup speci�c source 1
14 Compare conversion rate across 3 requisitions funnelconversion Aggregate across requisitions 3
15 Most stable source across requisitions recommendationsummary Variance analysis across SLA val-

ues
5+

16 Skill that worsens SLA most skill impact Min delta computation 3+
17 List all requisitions with SLA ¡ 70% recommendation summary Filter on threshold 1
18 Average SLA by region (unsupported) None Must decline gracefully 0
19 Hiring manager responsiveness for 05959BR (un-

supported)
None Must decline gracefully 0

20 Impact of Wireshark on SLA skill impact Single lookup 1
21 Rank skills by SLA impact for 05958BR skill impact Sort descending 5+
22 Explain SLA computation formula getdefinitions Return narrative explanation 1
23 Detect missing data for requisition 05959BR recommendationsummary Error handling / graceful failover 1
24 Compare top 5 sources for SLA recommendationsummary Sort + slice top-N 1
25 Which skill reduces time-to-�ll? skill impact Compare deltas 3
26 Unsupported cross-app question (mixing HR +

sourcing)
None Must decline gracefully 0

Table 9: BPO-TA catalog: 26 tasks with associated endpoints, glue code, and number of calls. IDs marked �unsupported� test
graceful degradation.



Figure 10: Detailed performance results on the BPO-TA benchmark showing CUGA’s effectiveness across different task cate-
gories.



Figure 11: Detailed results on BPO benchmark - Part 1





















Figure 12: CUGA performing the task: �For each product type in my Amazon cart, buy the cheapest product and move the
rest to the wish list.� The re�ection API agent then summarized the progress so far and recommended moving non-cheapest
products from the wish list as well, to avoid accidentally purchasing them later. This way, the agent doesn’t mistakenly buy
products that are not the cheapest option.



Figure 13: Trajectory showing CUGA working in a hybrid mode that involves both the browser sub-agent and the API sub-
agent. The task was: ’Get the top account by revenue from digital sales, then add it to the current page.’















Figure 14: The trajectory shows CUGA succeeded a task in the WebArena benchmark using the browser sub-agent.










