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Abstract
Agentic AI represents a paradigm shift in enhancing the capabilities
of generative AI models. While these systems demonstrate immense
potential and power, current evaluation techniques primarily focus
on assessing their efficacy in identifying appropriate agents, tools,
and parameters. However, a critical gap exists in evaluating the
alignment between anAgentic AI system’s tasks and its overarching
goals. This paper introduces the Creative Adversarial Testing (CAT)
framework, a novel approach designed to capture and analyze the
complex relationship between Agentic AI tasks and the system’s
intended objectives.

We validate the CAT framework through extensive simulation
using synthetic interaction data modeled after Alexa+ audio ser-
vices, a sophisticated Agentic AI system that shapes the user expe-
rience for millions of users globally. This synthetic data approach
enables comprehensive testing of edge cases and failure modes
while protecting user privacy. Our results demonstrate that the
CAT framework provides unprecedented insights into goal-task
alignment, enabling more effective optimization and development
of Agentic AI systems.

CCS Concepts
• Computing methodologies → Artificial intelligence; Au-
tonomous agents; Intelligent decision support; Adversarial learning; •
Information systems→ System evaluation metrics.
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1 Introduction
Agentic AI refers to systems—often based on large language models
(LLMs)—that perceive their environment and act autonomously
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to achieve goals, going beyond passive text generation. In formal
terms, an autonomous agent is “a system situated within and a
part of an environment that senses that environment and acts on it,
over time, in pursuit of its own agenda” [7]. Recent advances show
that scaled-up LLMs can approximate such agents: for example,
Tree of Thoughts [11] extends chain-of-thought prompting to allow
LLMs to explore multiple reasoning paths and deliberately plan, dra-
matically improving problem-solving on complex tasks. Likewise,
Reflexion [5] equips an LLM agent with verbal self-reflection: the
agent generates textual feedback from trial results and reuses it to
refine future actions, yielding large gains (e.g., boosting HumanEval
pass@1 from 80% to 91%).

Unlike purely generative models, agentic LLMs can iteratively
plan and adapt. For instance, AdaPlanner [6] uses a closed-loop
framework inwhich an LLM agent generates an initial plan and then
adaptively refines it using environmental feedback. SWIFTSAGE [4]
adopts a dual-process architecture: a fast “Swift” LM proposes ac-
tions by behavior cloning, while a slow “Sage” LLM (e.g., GPT-4)
conducts deliberate subgoal planning. This combination of intuition
and deliberation significantly outperforms single-strategy baselines
on complex interactive reasoning tasks. Other recent examples in-
clude DEPS [8], which interleaves planning with self-explanation
to improve multi-task agents, and Prospector [2], which pairs an
LLM “Actor” with a fine-tuned “Critic” to rank trajectories, both
boosting agentic performance in benchmarks.

To evaluate such agentic systems, new benchmarks and datasets
have been developed.Mind2Web [1] provides over 2,000 tasks across
137 real websites, testing a web-crawling agent’s ability to follow
instructions on arbitrary sites. InterCode [10] frames code gener-
ation as a sequential decision process with execution feedback,
enabling LLMs to interactively debug and refine code. Research
on multi-agent coordination has also been explored: for example,
MultiPrompter [3] trains cooperative LLM “prompters” via multi-
agent reinforcement learning to collaboratively construct prompts,
yielding higher-quality outputs (e.g., in text-to-image tasks) than
independent prompting.

Together, these developments illustrate the rise of agentic AI:
LLM-based agents that plan, act, and learn from feedback in complex
environments. In this paper, we update the foundational discussion
by incorporating recent peer-reviewed work (2023–2024) in this
space. We survey definitions and early theories of agency, and then
review modern architectures and benchmarks where LLMs act as
autonomous agents. This sets the stage for our contributions in
advancing agentic AI.
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2 Related Work
Recent research on LLM-based agents can be grouped into several
threads:

Deliberative Planningwith LLMs:Building on chain-of-thought
prompting [9], methods like Tree of Thoughts [11] enable search over
intermediate “thoughts” so that the model considers multiple future
paths. DEPS [8] alternates between planning and self-explanation
steps, using failure feedback to iteratively refine plans in open-
world tasks. These approaches aim to overcome the myopic nature
of one-shot prompting by adding structured reasoning.

Learning from Feedback: Several works equip LLM agents
with feedback loops akin to reinforcement learning. Reflexion [5]
uses natural-language feedback: after each trial, the agent generates
a textual summary of success or failure, which it then uses to guide
future choices. AdaPlanner [6] takes environment observations as
input, adaptively updating its plan step-by-step. Prospector [2] fur-
ther formalizes this idea by using an LLM “Critic” (trained on reward
signals) to rank the actor’s generated action sequences, combining
in-context learning with fine-tuning. These methods demonstrate
that LLM agents can improve over time without updating model
weights directly.

Agent Architectures for Interactive Tasks: Other works pro-
pose specialized agent frameworks. SWIFTSAGE [4] explicitly inte-
grates two systems of thought (fast LM vs. slow LM) to tackle tasks
requiring hierarchical planning. Mind2Web [1] and InterCode [10]
focus on environment-specific challenges: the former builds a gen-
eralist web navigation agent, while the latter creates an interactive
coding benchmark where the agent writes and executes code in a
sandbox. These benchmarks highlight different aspects of agency,
from real-world perception to multimodal decision-making.

Collaborative and Modular Agents:Moving beyond single-
agent setups, some work explores multi-agent coordination. Multi-
Prompter [3] divides a large prompt optimization problem among
cooperative “prompter” agents using multi-agent RL, improving
performance in multimodal tasks. More generally, the use of mul-
tiple specialized LMs (e.g., actor/critic, fast/slow) points toward
modular agent designs.

Surveys and Definitions: Several recent surveys contextualize
these trends. Wang et al. [7] define autonomous agents in the con-
text of LLMs and categorize emerging LLM-based agents from a
holistic perspective. Unlike older RL-based agent work, LLM agents
draw on massive pretrained knowledge and emergent reasoning
abilities, enabling new forms of human-like decision making.

Overall, the landscape of agentic AI is rapidly evolving. We build
on these developments by ensuring our references reflect the latest
peer-reviewed contributions (especially from top venues in 2023–
2024) and by situating our work within this updated context.

3 Methodology
The Creative Adversarial Testing (CAT) framework introduces a
novel approach to AI system evaluation through a hierarchical
architecture that systematically bridges the gap between task exe-
cution and goal achievement. This section presents the framework’s
theoretical foundations, core mechanisms, and their practical appli-
cation in voice-activated audio services.

3.1 Framework Architecture
The CAT framework employs a three-layer architecture designed to
transform granular task-level metrics intomeaningful goal-oriented
outcomes, as illustrated in Figure 1. Each layer serves a specific
purpose in the evaluation pipeline:

1) The Goal Layer establishes the evaluation framework through
explicit goal formulation and success criteria definition. In the con-
text of audio services, high-level goals might include "enhance
music discovery experience" or "increase podcast completion rates."
These goals are structured hierarchically: - Strategic: "Build sus-
tainable user engagement patterns" - Tactical: "Improve content
discovery accuracy" - Operational: "Reduce irrelevant recommen-
dations"

2) The Execution Monitoring Layer continuously observes sys-
tem behavior across multiple dimensions. As shown in Figure 2,
this layer implements sophisticated pattern recognition algorithms
to identify relationships between individual actions (e.g., voice com-
mands, content selections) and their contributions to goal achieve-
ment (e.g., sustained listening sessions, content completion).

3) The Integration Layer combines insights from multiple evalu-
ation streams into actionable metrics.

3.2 Goal-Task Alignment Mechanism
The core challenge in evaluating AI systems lies in quantifying how
well task-level performance translates to meaningful goal achieve-
ment. Consider a voice-activated music discovery scenario: - Task:
Accurate recognition of the command "play something similar" -
Goal: Help users discover new music they genuinely enjoy

To address this alignment challenge, we introduce the Goal
Achievement Index (GAI):

GAI =
∑(𝑤𝑖 ·𝑇𝑖 ·𝐺𝑖 )∑(𝑤𝑖 ·𝑇𝑖 )

, 𝑇𝑖 ,𝐺𝑖 ∈ [0, 1],
∑︁

𝑤𝑖 = 1 (1)

where: -𝑇𝑖 represents normalized task performance metrics (e.g.,
command recognition accuracy: 0.95) - 𝐺𝑖 quantifies goal progress
indicators (e.g., music discovery satisfaction: 0.73) -𝑤𝑖 are dynamic
weights that adjust based on context (e.g., peak listening hours: 0.8)

For example, in podcast discovery:

Table 1: Goal-Task Alignment Example

Task (𝑇𝑖 ) Goal (𝐺𝑖 ) Weight (𝑤𝑖 )

Topic Classification (0.92) Episode Completion (0.65) 0.4
Response Time (0.88) User Retention (0.78) 0.3
Voice Recognition (0.95) Content Relevance (0.70) 0.3

3.3 Pattern Recognition System
Building on the GAI, we implement a probabilistic framework to
identify meaningful patterns in the relationship between task ex-
ecution and goal achievement. This system models the complex
dependencies between voice commands, content delivery, and user
satisfaction:

𝑃 (𝑔|𝑡) =
∫

𝑃 (𝑔|ℎ, 𝑡)𝑃 (ℎ |𝑡) 𝑑ℎ, 𝑔, ℎ, 𝑡 ∈ S (2)
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Figure 1: CAT Framework
Figure 2: Multi-dimensional Pattern
Analysis System

Figure 3: Implementation Framework

where: - 𝑔 represents goal achievement states (e.g., sustained
engagement) - 𝑡 represents task execution states (e.g., command
processing) - ℎ represents hidden intermediate states (e.g., user
satisfaction) - S is the state space of the system

The pattern recognition process operates in three stages: 1) Task-
State Mapping: 𝑃 (ℎ |𝑡) models how task execution influences sys-
tem state 2) State-Goal Relationship: 𝑃 (𝑔|ℎ, 𝑡) captures how states
contribute to goals 3) Integration: The integral combines these
relationships across all possible states

For example, in audiobook navigation: - 𝑡 : Voice command for
chapter navigation - ℎ: User attention and comprehension levels -
𝑔: Complete book consumption with good retention

3.4 Implementation Methodology
The implementation of CAT follows a structured four-phase ap-
proach, as depicted in Figure 3. Each phase builds upon insights
from the previous stages, creating a continuous improvement cycle
tailored to voice-activated audio services.

3.4.1 Phase I: Strategic Decomposition. We systematically decom-
pose high-level strategic objectives into measurable components
through a formal decomposition function:

𝑆𝑖 = 𝑓 (𝐺𝑖 , 𝑀𝑖 ,𝐶𝑖 ) = 𝑤 ◦𝑚 ◦ 𝑑 (𝐺𝑖 , 𝑀𝑖 ,𝐶𝑖 ) (3)

where: - 𝑆𝑖 represents the strategic objective 𝑖 -𝐺𝑖 denotes associ-
ated goal metrics -𝑀𝑖 captures measurement criteria -𝐶𝑖 represents
contextual constraints - 𝑑 : decomposition operator -𝑚: metric map-
ping function -𝑤 : weighting function

For instance, in audio content discovery:

• 𝑆𝑖 : "Enhance user satisfaction in podcast discovery"
• 𝐺𝑖 : {engagement duration, content completion rate, return
frequency}

• 𝑀𝑖 : {session length > 30min, episode completion > 80%,weekly
active days > 4}

• 𝐶𝑖 : {network bandwidth, device capabilities, content licens-
ing restrictions}

The decomposition process: 1. 𝑑 (𝐺𝑖 , 𝑀𝑖 ,𝐶𝑖 ) breaks down "user
satisfaction" into specific metrics 2.𝑚(·) maps these metrics to mea-
surable criteria 3.𝑤 (·) assigns weights based on their importance
to the strategic objective

3.4.2 Phase II: Baseline Assessment. We establish initial perfor-
mance benchmarks through the assessment function:

𝐵(𝑠) =
∑(𝑣𝑖 · 𝑝𝑖 )∑

𝑣𝑖
, 𝑝𝑖 ∈ [0, 1], 𝑣𝑖 > 0,

∑︁
𝑣𝑖 = 1 (4)

where: - 𝑠 represents the system state - 𝑝𝑖 are normalized perfor-
mance metrics - 𝑣𝑖 are importance weights

Table 2: Baseline Assessment Example

Metric (𝑝𝑖 ) Weight (𝑣𝑖 ) Description

0.85 0.4 Daily active users
0.72 0.3 Avg. session duration
0.68 0.3 New artist discovery rate

3.4.3 Phase III: Dynamic Evaluation. We continuously assess sys-
tem performance using the Goal Achievement Index (GAI) from
Equation 1 and the pattern recognition system from Equation 2.
This phase enables real-time identification of misalignments be-
tween task execution and goal achievement.

3.4.4 Phase IV: Adaptive Optimization. We frame the optimization
process as a Markov Decision Process (MDP):

𝜋∗ (𝑠, 𝑔) = argmax
𝑎∈𝐴

E

[ ∞∑︁
𝑡=0

𝛾𝑡𝑈 (𝑠𝑡 , 𝑎𝑡 , 𝑔)
]

(5)

where: - 𝜋∗ is the optimal policy - 𝑠 is the current state - 𝑔 is the
goal state - 𝐴 is the action space - 𝛾 ∈ [0, 1) is the discount factor -
𝑈 is the utility function

In the context of audiobook services, this could represent optimiz-
ing chapter recommendations based on user engagement patterns.
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3.5 Framework Integration
The CAT framework integrates these components through an over-
arching function:

𝐼 (𝑐, 𝑓 ) = 𝜆1𝑄 (𝑐, 𝑓 ) + 𝜆2𝐶 (𝑐, 𝑓 ) + 𝜆3𝑃 (𝑐, 𝑓 ),
∑︁

𝜆𝑖 = 1 (6)

where: - 𝑐 is the current system configuration - 𝑓 is the target
framework implementation - 𝑄 (𝑐, 𝑓 ) measures output quality (e.g.,
GAI improvement) - 𝐶 (𝑐, 𝑓 ) quantifies computational cost - 𝑃 (𝑐, 𝑓 )
evaluates system performance (e.g., response time) - 𝜆𝑖 are non-
negative weights

This integration function allows for balanced optimization across
multiple objectives. For instance, in a voice-activated music service:
- 𝑄 : Improvement in music discovery satisfaction - 𝐶: Additional
computational resources required - 𝑃 : Impact on voice command
response time

Through this integrated approach, the CAT framework provides
a comprehensive methodology for evaluating and optimizing Agen-
tic AI systems in voice-activated audio services. It addresses the
complex challenges of goal-oriented assessment while maintaining
the flexibility to adapt to evolving user needs and technological
capabilities.

4 Results and Analysis
This section presents a comprehensive analysis of the CAT frame-
work’s performance when applied to synthetic Alexa+ audio ser-
vices data, demonstrating its potential in bridging the gap between
task execution and goal achievement in Agentic AI systems.

4.1 Experimental Design and Setup
To evaluate the CAT framework’s capabilities, we designed a large-
scale experimental study using synthetic data modeling voice-
activated audio experiences. This approach allowed us to explore a
wide range of interaction scenarios while maintaining privacy and
experimental control.

4.1.1 Synthetic Data Generation. Our synthetic dataset was gener-
ated using a probabilistic model based on aggregate statistics from
real-world voice-activated audio services. The model incorporates:

• User behavior patterns (e.g., listening times, content prefer-
ences)

• Voice interaction characteristics (e.g., command types, error
rates)

• Content engagement metrics (e.g., completion rates, explo-
ration patterns)

We acknowledge that this synthetic data has limitations and
may not capture all nuances of real-world interactions. However,
it allows us to test the framework’s capabilities across a broader
range of scenarios than would be possible with production data.

4.1.2 Experimental Setup. Our validation encompassed 15 syn-
thetic audio service configurations, each representing a unique
combination of:

• User demographics (age groups, listening habits)
• Content libraries (genre distributions, content length varia-
tions)

• Interaction modalities (voice-only, voice+screen, etc.)

These configurations were designed to cover a spectrum of poten-
tial Alexa+ deployments across music streaming, podcast discovery,
and audiobook consumption domains. The experiment simulated a
six-month period, following a randomized controlled trial method-
ology. Systems were assigned to either the CAT framework or a
control group (standard Alexa+ without CAT enhancements).

The synthetic dataset comprised over 1 million generated interac-
tion points, providing a foundation for evaluating the framework’s
performance across diverse operational contexts.

4.2 Framework Performance Analysis
4.2.1 Goal-Task Alignment Performance. To quantify the GTAM’s
effectiveness, we employ the Goal Achievement Ratio (GAR):

GAR =
IQR(𝑙𝑖 − 𝑙𝑖 )
IQR(𝑙𝑖 )

(7)

Where 𝑙𝑖 represents actual listening engagement, 𝑙𝑖 denotes pre-
dicted listening engagement, and IQR is the interquartile range.
We chose IQR over standard deviation to better handle potential
skewness in the engagement metrics.

Our analysis shows significant improvements in voice-audio
engagement achieved by the CAT framework compared to the base-
line Alexa+ system. Table 3 details the quantitative improvements
across all measured dimensions.

4.2.2 Pattern Recognition Effectiveness. We evaluate pattern recog-
nition performance using a modified F1 score:

𝐹1∗ =
2 · precision · recall
precision + recall

· (1 + 𝐻 (𝑝)) (8)

Where 𝐻 (𝑝) represents the entropy of the pattern distribution,
providing a measure of pattern complexity that goes beyond simple
content type counting.

4.3 Domain-Specific Results
In the music streaming domain, as shown in Table 3, content dis-
covery rates increased from 2.8% to 6.9%, while daily listening time
improved from 85 to 187 minutes. These improvements suggest that
the CAT framework effectively addresses the challenge of aligning
task execution with user goals in music discovery scenarios.

The podcast discovery system demonstrated similar improve-
ments, with episode completion rates increasing from 35% to 82%
and new show exploration rising from 2.3% to 5.8%. These metrics
were derived from our synthetic interaction data, which modeled
user behavior patterns based on typical podcast consumption char-
acteristics.

For audiobook services, the framework achieved improvements
in completion rates (28% to 65%) and genre exploration (1.9% to 4.7%).
The synthetic data for this domain incorporated specific audiobook
consumption patterns, including chapter-level engagement metrics,
session duration distributions, and genre transition matrices.

4.4 Cross-Domain Applicability
The framework’s ability to transfer knowledge across audio do-
mains was evaluated using our transfer learning metric:
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𝜏 (𝑠1, 𝑠2) = cos(𝑣 (𝑠1), 𝑣 (𝑠2)) ·
(
1 − |Ψ(𝑠1) − Ψ(𝑠2) |

max(Ψ(𝑠1),Ψ(𝑠2))

)
(9)

The feature vectors 𝑣 (𝑠1) and 𝑣 (𝑠2)were constructed using domain-
specific components such as duration preferences, genre affinities,
and content exploration rates for music; episode length tolerance
and topic interests for podcasts; and completion tendency and nar-
rator affinities for audiobooks.

Table 6 presents the transfer success rates observed, which re-
flect the inherent similarities and differences between domains in
our synthetic model. The highest transfer success was observed
from music to podcast services (87%), likely due to shared charac-
teristics in content discovery patterns. The transfer from podcast to
audiobook services showed moderate success (73%), leveraging sim-
ilarities in long-form content consumption. The lower success rate
in audio to music transfer (68%) indicates challenges in adapting
between long-form and short-form content consumption patterns.

These transfer rates were calculated using a hold-out validation
set of synthetic interactions, with success defined as achieving
within 15% of the source domain’s performance metrics in the target
domain.While the synthetic nature of our data allows for systematic
testing across different scenarios, we acknowledge that real-world
transfer performance may vary. To address this limitation, our
synthetic data generation process incorporated varying levels of
noise and domain-specific characteristics to approximate real-world
challenges in cross-domain adaptation.

4.5 Statistical Validation
To validate these improvements, we calculated Cohen’s 𝑑 effect
size:

𝑑 =
𝜇CAT − 𝜇baseline

𝜎pooled
(10)

Note that we specifically compare against the baseline Alexa+
system without CAT enhancements to isolate the framework’s
impact. Table 4 presents the statistical analysis across key metrics,
with all improvements showing statistical significance (𝑝 < 0.001).

The transfer success rates observed (Table 6) reflect the inher-
ent similarities and differences between domains in our synthetic
model.

These transfer rates were calculated using a hold-out validation
set of synthetic interactions, with success defined as achieving
within 15% of the source domain’s performance metrics in the
target domain.

The synthetic nature of our data allows us to systematically test
these transfers across different scenarios, though we acknowledge
that real-world transfer performance may vary. To address this lim-
itation, our synthetic data generation process incorporated varying
levels of noise and domain-specific characteristics to approximate
real-world challenges in cross-domain adaptation.

5 Discussion
Our experimental validation of the CAT framework using synthetic
Alexa+ audio service data demonstrates the potential for improving
alignment between task execution and user goals in voice-activated
AI systems. The framework’s architecture, illustrated in Figure 1,

provides a foundation for systematic evaluation of goal-oriented
AI systems.

5.1 Core Framework Performance
The Goal-Task Alignment Mechanism, central to our framework’s
architecture, shows promise in enhancing audio content discovery
and user engagement in our synthetic experiments. The pattern
analysis system, depicted in Figure 2, analyzes multiple dimensions
of user interaction simultaneously, including temporal patterns in
content consumption, cross-domain engagement behaviors, and
contextual preferences. This multi-dimensional analysis enables
more nuanced evaluation of system performance beyond traditional
metrics.

The quantitative results from our synthetic data evaluation, de-
tailed in Table 7, indicate improvements across all tested audio
services. In particular, the content discovery and user engagement
metrics suggest the potential for significant advances over tradi-
tional evaluation approaches. These improvements were consistent
across different synthetic user profiles and interaction patterns.

5.2 Implementation Considerations
Our implementation approach, structured according to Figure 3,
demonstrates consistency across different audio service contexts in
our synthetic evaluation environment. The evaluation framework
successfully handled diverse content types and user interaction
patterns, suggesting potential applicability across various audio
content delivery scenarios.

5.3 Cross-Domain Learning and Adaptation
Analysis of our synthetic data reveals interesting patterns in cross-
domain knowledge transfer. The framework showed varying de-
grees of effectiveness in transferring learning between different
audio domains, with particularly strong performance in scenarios
where content consumption patterns share similar characteristics.
This suggests the potential for leveraging insights across different
types of audio experiences, though real-world validation would be
necessary to confirm these findings.

5.4 Methodological Insights
Through our synthetic data experiments, we identified several key
factors that influence the effectiveness of goal-oriented evaluation:

1. The importance of contextual understanding in voice inter-
actions 2. The role of temporal patterns in content engagement 3.
The impact of cross-domain relationships on user experience 4. The
significance of balanced metric weighting in goal assessment

5.5 Limitations and Future Work
Our synthetic evaluation revealed several areas requiring additional
research attention:

1. Complex Query Understanding: Our experiments indicate chal-
lenges in evaluating systems handling multi-intent voice queries
2. Content Pattern Recognition: More sophisticated approaches
may be needed for identifying subtle patterns in content prefer-
ences 3. Cross-Domain Adaptation: Further investigation of transfer
learning mechanisms across audio domains 4. Evaluation Metrics:
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Table 3: CAT Framework Performance Metrics in Synthetic Alexa+ Audio Services

Domain Metrics Baseline With CAT Improvement

Music Streaming Daily Listening Time 85 min 187 min +120%
Content Discovery Rate 2.8% 6.9% +146%
Service Retention 52% 89% +71%

Podcast Discovery Episode Completion 35% 82% +134%
New Show Exploration 2.3% 5.8% +152%
Monthly Active Users 45% 78% +73%

Audiobook Services Completion Rate 28% 65% +132%
Genre Exploration 1.9% 4.7% +147%
User Retention 41% 76% +85%

Table 4: Statistical Validation of CAT Framework Performance (Synthetic Data)

Metric Effect Size (d) p-value Sample Size Confidence Interval

Daily Listening Time 1.84 < 0.001 250,000 [1.79, 1.89]
Content Discovery 2.13 < 0.001 250,000 [2.08, 2.18]
Service Retention 1.62 < 0.001 250,000 [1.57, 1.67]
Episode Completion 1.95 < 0.001 150,000 [1.89, 2.01]
Genre Exploration 1.78 < 0.001 100,000 [1.72, 1.84]

Table 5: Feature Vector Components by Domain (Synthetic
Data Model)

Domain Features

Music Duration preferences, genre affinities, tempo prefer-
ences, artist exploration rates

Podcast Episode length tolerance, topic interests, host prefer-
ences, update frequency engagement

Audiobook Completion tendency, genre preferences, narrator
affinities, listening speed settings

Development of more comprehensive metrics for assessing goal
achievement

5.6 Summary of Findings
The experimental results from our synthetic data evaluation suggest
that the CAT framework offers a promising approach to assessing
goal-oriented AI systems. While these results are encouraging, we
acknowledge that real-world application would require additional
validation and refinement of the framework’s components.

6 Conclusion and Future Work
The Creative Adversarial Testing (CAT) framework represents a
novel approach to evaluating voice-activated audio experiences,
shifting focus from command recognition accuracy to user engage-
ment and content discovery effectiveness. Our comprehensive study
using synthetic data modeled after Alexa+music streaming, podcast
discovery, and audiobook consumption scenarios demonstrates the
framework’s potential to bridge the gap between voice interaction
performance and intended audio content engagement outcomes.

The key contributions of the CAT framework, as evaluated in our
synthetic Alexa+ audio services environment, can be summarized
as follows:

1. The quantification and optimization of the relationship be-
tween voice command accuracy and user engagement through the
Goal-Task Alignment Mechanism (GTAM), as evidenced by the
improvements shown in Table 7

2. The implementation of a multi-dimensional listening pattern
recognition system that outperformed traditional static recommen-
dation methods in our synthetic tests, as conceptualized in Figure 2

3. The exploration of cross-service applicability, with promis-
ing results in knowledge transfer across music streaming, podcast
discovery, and audiobook consumption scenarios in our synthetic
environment

4. The development of a scalable, modular architecture that
demonstrates potential for integration across different audio con-
tent types, as illustrated in Figure 3

These insights from our synthetic data experiments underpin
the CAT framework’s potential. The GTAM mechanism shows
promise in quantifying and optimizing the relationship between
task performance and goal achievement, while the adaptive pattern
recognition system demonstrates advantages over static evalua-
tion approaches in our tests. Furthermore, the framework showed
consistent performance across diverse synthetic audio application
scenarios.

Building on these initial findings, we have identified several
critical areas for future research:

1. Voice Personalization: Enhancing the framework’s ability to
adapt to individual user preferences and interaction styles 2. Ad-
vanced Content Discovery: Developing more sophisticated algo-
rithms for identifying and recommending relevant content across
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Table 6: Cross-Domain Transfer Success with Synthetic Data Parameters

Transfer Type Success Rate (95% CI) Sample Size Data Generation Parameters Key Features

Music → Podcast 87±3.2% 250K {𝜎=0.1, 𝛼=0.8} Genre-topic mapping, duration patterns
Podcast → Audio 73±2.8% 250K {𝜎=0.15, 𝛼=0.7} Content length, engagement cycles
Audio →Music 68±3.1% 250K {𝜎=0.2, 𝛼=0.6} Attention spans, session boundaries
𝜎 : noise parameter, 𝛼 : temporal correlation factor

Table 7: CAT Framework Performance Metrics in Synthetic Alexa+ Audio Services with Confidence Bounds

Domain Metrics Baseline (95% CI) With CAT (95% CI) Improvement

Music Streaming
Daily Listening Time 85±4.2 min 187±6.3 min +120%
Content Discovery Rate 2.8±0.3% 6.9±0.4% +146%
Service Retention 52±2.1% 89±2.8% +71%

Podcast Discovery
Episode Completion 35±1.8% 82±2.4% +134%
New Show Exploration 2.3±0.2% 5.8±0.3% +152%
Monthly Active Users 45±2.0% 78±2.5% +73%

Audiobook Services
Completion Rate 28±1.5% 65±2.1% +132%
Genre Exploration 1.9±0.2% 4.7±0.3% +147%
User Retention 41±1.9% 76±2.3% +85%

Note: Results based on synthetic data with 1M interaction points. CI = Confidence Interval

audio domains 3. Context Awareness: Improving the system’s un-
derstanding of user context to provide more relevant responses
and recommendations 4. Cross-Domain Transfer Learning: Further
exploring the potential for knowledge transfer between different
audio content types

To advance this work, we propose several focus areas for the
research community:

- Standardization: Developing unified protocols for goal defi-
nition and evaluation in audio content engagement - Benchmark
Datasets: Creating comprehensive, privacy-preserving datasets for
goal-oriented testing in voice-activated services - Integration Tools:
Developing open-source tools for goal-task alignment analysis in
AI frameworks

As we look ahead, several challenges remain in the development
and evaluation of goal-oriented frameworks for voice-activated
audio services. These range from resolving intent ambiguity in
complex voice queries to enabling seamless navigation of long-form
content. Each challenge presents a distinct research opportunity,
with potential solutions including context-aware natural language
processing and adaptive learning models.

In summary, while our work with the CAT framework is based
on synthetic data and requires real-world validation, it suggests po-
tential for fundamentally changing how we evaluate and improve
AI systems in the audio domain. By focusing on goal achievement
rather than task performance alone, such approaches could better
align voice-activated technologies with intended user outcomes.
The framework’s performance across diverse synthetic audio ser-
vice scenarios suggests broad applicability and potential impact on
user engagement in voice-activated AI systems.

Realizing this vision will require collaborative efforts from both
research and industry communities in the field of voice-activated

AI and audio content delivery. By embracing the challenge of goal-
oriented AI system evaluation in audio services, we can work to-
wards intelligent systems that more effectively serve the audio
content needs and preferences of users.
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