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Abstract

Internet-scale e-commerce storefronts serve millions of users (and
increasingly user appointed agents). These storefronts are being
rearchitected as compound Al systems with agentic workflows for
customer interactions and backend processing. As this Al transfor-
mation and agentic economy is underway, product teams need to
get actionable insights into business-impacting outcomes. Classical
approaches such as static funnels or static dashboards cannot deal
with the scale, diversity, and contextual interactions that happen
over billions of user interactions. As such, we need novel agentic
approaches to automatically surface business-impacting insights.
We present NExA, an agentic framework that surfaces business
insights automatically. We formalize the target of automated in-
sight discovery in terms of Contrastive Stateful Trajectories (CST):
a structural specification over contextual and sequential behavioral
patterns whose presence or absence significantly shifts a business
KPI across user cohorts. NExA satisfies three design requirements
simultaneously: expressivity through the CST abstraction, scala-
bility through a custom analytics backend for CST computations,
and explainability by overlaying usable presentation layers for
analysts to verify the insights. We demonstrate NExA on represen-
tative workloads and show that it surfaces actionable contextual
patterns spanning user, app, agent, and backend behaviors.
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Figure 1: A modern digital storefront comprises multiple AI-
driven components serving diverse human and agentic users,
generating billions of timestamped events daily. Human op-
erators must understand user behavioral patterns across this
ecosystem to improve business-critical outcomes.

1 Introduction

Digital storefronts are evolving from monolithic applications into
compound Al systems (Figure 1). A modern storefront weaves
together Al-powered search, recommendation engines, support
chatbots, and backend agents for pricing, refund processing, and
fraud detection. Both human shoppers and autonomous clients
interact with these components, together generating billions of
events per day [17].

As user journeys now span multiple Al (e.g., conversational assis-
tants) and non-Al (e.g., product pages) components, an interaction
in one aspect of the system can have cascading implications for
another. For instance, a recommendation agent and a promotion
agent may issue contradicting suggestions, eroding user trust. Cou-
pled with the diversity of user behaviors, this makes the behavioral
space combinatorially large. As such, the manual investigation and
classical product analytics tools and capabilities (e.g., static funnels)
that operators conventionally rely on today have fundamental gaps.

Given the scale, complexity and diversity of user behaviors, there
is a critical need for an agentic system to identify opportunities to
improve customer experience and business outcomes. Designing
such an agentic system for surfacing insights for next-generation
e-commerce applications raises fundamental algorithmic, system
design, and usability questions:

e What is the right abstraction to formalize such critical insights?
Today, product analytics tools rely on pre-defined aggregates,
attributes, and static funnels [3, 12]. These are limited and will
not be able to capture the diverse dynamic interactions in future
compound Al systems. Other approaches look at backend metrics
and traces, but fail to connect them to outcomes [11, 13, 15].
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o Can we automatically identify insights at scale?
Classical data processing solutions already struggle with con-
ventional relational analytics at scale [2, 9]. We may need even
more expressive analytics at scale that pushes the boundary of
conventional analysis.

How do we present these to human decision makers in a way that
is meaningful and explainable ?

Since these insights drive business decisions at scale, they must
be explainable and usable to the analyst.

We present NExA, an agentic framework that automatically sur-
faces business-critical insights for e-commerce storefronts. NExa
takes in available interaction data (e.g., client logs, app logs, agent
interaction traces, backend traces and agent-agent interaction logs).
Given a high-level intent from the analyst NExa suggests why
business KPIs may be impacted and how these can be potentially
remediated.

NExA introduces a novel abstraction for capturing business-
critical insights we call Contrastive Stateful Trajectories (CST). First,
we formalize behavioral patterns as stateful trajectories. A state is
a business-meaningful condition computed from raw events, such
as a user’s cart value tier or login frequency. Second, we argue
that an actionable behavioral insight is inherently contrastive: an
isolated metric, like “5% of users reach checkout”, is rarely useful.
A contrastive version of the same question is far more actionable:
“users who applied a coupon reach checkout at only 2%, vs. 8% for
those who did not” What matters is that a particular group of users
exhibit a behavioral pattern differently from others, and that the
difference is large enough to act on. Taken together, a stateful trajec-
tory is contrastive if its effect on a business KPI varies significantly
across user segments defined by a derived state. The shift is not
uniform, but concentrated in particular populations.

We implement a custom DSL to express hypotheses using the
CST abstraction and a novel LLM-assisted approach for exploring
the space of candidate hypotheses efficiently. We also implement a
scalable vectorized backend capable of analyzing large volumes of
data in context, including client-side events, app events, agent-user
interaction traces, multi-agent traces, and tool calls. We demon-
strate the utility NEXA on representative workloads across ecom-
merce, streaming, and chatbot domains, showing that it surfaces
high-signal CSTs at interactive latency.

2 Motivating Examples

We present two examples inspired by real-world incidents to il-
lustrate why conventional analytics solutions (e.g., flat aggregates,
static funnels) are not sufficient.

ExaMPLE 1: CHECKOUT CONVERSION: An e-commerce platform
redesigns its checkout flow. Within hours, the overall purchase
completion rate drops from ~68% to ~60% (Figure 2a, top panel).
The team notices the decline and reverts the change. While the
immediate issue is resolved, the root cause remains unclear: the
aggregate tells us conversions fell, not why. In this case, we find that
casual shoppers, i.e., users with fewer than two purchases in the past
month, who added three or more items to cart in rapid succession
completed at only ~12% (Figure 2a, bottom panel). Committed
shoppers with the same rapid-add pattern, and gradual window
shoppers, were unaffected as they push through checkout friction.
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(a) Demonstrating a checkout redesign failure. The trajectory T =
(window, rapid_add) — (window, rapid_add) — (window, rapid_add)
isolates window shoppers who add items rapidly. During the re-
design, the overall purchase completion rate falls modestly from
~68% to ~60% (top), but the affected cohort drops from ~68% to ~12%
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(b) The trajectory T = recommend — contradict — confuse — abandon
captures sessions in which an external shopping agent and the store-
front’s agents give conflicting suggestions. Among sessions matching
T, first-time shoppers abandon at 68%, whereas repeat shoppers aban-
don at 14%.

Figure 2: This figure presents two examples of CSTs. An
aggregate KPI indicates that something is wrong, but the
failure mode becomes clear only after isolating a trajectory
and comparing its effect across cohorts.

The redesign introduced a confirmation step causing friction and
uncommitted buyers left.

ExAMPLE 2: CONFLICTING AGENT RECOMMENDATIONS: The
overall conversion rate holds steady, raising no alerts, but the ana-
lyst noticed that first-time shoppers do not return. In this case, we
find a four-step pattern (Figure 2b). The user arrives with a product
recommendation from an external Al assistant (recommend); the
storefront’s agents redirect to a different product (contradict);
the user begins navigating back and forth between the two options
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Figure 3: Parallel state timelines for a customer-support session. Three derived states, user_emotion, storefront_agent_state,
and backend_agent_state, evolve independently over time. A trajectory T captures three consecutive composite steps:
(calm, retry, auth_error) — (annoyed, retry, auth_error) — (frustrated, retry, auth_error). Neither key alone identifies
this pattern; composing them into a single trajectory node is what isolates a specific interaction. This illustrates how trajectories
over multiple state dimensions go beyond what any single event field can express.

(confuse); and the user abandons the session (abandon). The tra-
jectory T matches 8,741 sessions over seven days. Among first-time
shoppers, 68% of sessions matching T end in abandonment, with
conversion dropping to 1.8% versus 9.2% for non-conflicted ses-
sions. Among repeat shoppers, only 14% abandon; among loyalty
members, 6%. First-time shoppers have not built enough trust to
tolerate inter-agent contradiction, while repeat and loyalty users
push through it.

Both examples highlight the need for an expressive system to sur-
face such insights. It also highlights limitations of conventional ap-
proaches that rely on static user attributes, pre-configured funnels
and transitions, low-dimensional reasoning, or failing to connect
to the outcome impact. First, the actionable signal lies not in any
single static attribute that manifests in a single entity, but in the
composition of multiple and derived states. For instance, in Example
1, we have to model the stateful behavior of the rate of session-level
cart addition combined with derived attributes by looking at user-
level purchase history. Similarly, in Example 2, we have to look at
the content to identify semantic disconnects between agents and
combine with user-level purchase behavior. Second, we need to tie
the behavior to the business impacting user behaviors; just looking
at backend logs or agent conversations may not reveal the busi-
ness impacting outcome. Finally, these are high dimensional and
nuanced behaviors that need to be unearthed from trillions of raw
events; doing it manually is impossible and we need an automated
scalable approach, but explainable to the human decision maker.

3 Design

NExA takes a natural-language KPI question (e.g., “why did check-
out conversion drop?”) and uses an agentic workflow over inter-
action events, logs, and traces to surface actionable insights with
explainable evidence trails. We first formalize Contrastive Stateful
Trajectories (CST), the foundational abstraction (§3.1), then describe
the end-to-end workflow (§3.2).

3.1 CST Abstraction

In a compound AI system, entities such as users, Al agents, and
backend services emit timestamped events. An event is a single
recorded occurrence, such as a page view, add-to-cart action, model
invocation, or backend error, together with its associated attributes.
We organize these events into sessions so that analysis is anchored to
abounded interaction, such as a shopping visit from landing page to
checkout or exit. From this event stream, the system constructs state
timelines for business-relevant attributes. For a given attribute key—
for example, current page, buffer state, network quality, or CPU
usage—the timeline records how the attribute evolves over time.
Figure 3 illustrates such evolutions; for instance, buffer_state
and user_action are both base states, read directly from a single
event field. Other states are derived: functions on multiple signals
that capture business-meaningful conditions no single field records,
such as whether a user is a returning visitor or whether a chatbot
interaction has turned frustrated.
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A stateful trajectory is an ordered sequence of states or transi-
tions over one or more of these timelines, together with optional
temporal constraints, wildcard steps, per-step attribute filters, and
containment predicates. This gives the system a vocabulary for ex-
pressing behaviors at the level analysts actually care about, rather
than as isolated event filters. We call a trajectory T a Contrastive
Stateful Trajectories (CST) when its presence materially shifts a
business KPI relative to its absence:

Dist(KPI | T present) — Dist(KPI | T absent) > §. (1)

A CST captures both structure and contrast: the trajectory’s occur-
rence is what moves the KPI. The agent further decomposes this
effect across cohorts defined by state values to identify which user
populations are most affected. Surfacing CSTs is the target output
of the system.

Using this abstraction, hypotheses to explain business-impacting
outcomes are expressed in a domain-specific language (DSL) that
names trajectory structure, derived states, and cohort dimensions.
An LLM-based orchestrator frames the analyst question into can-
didate trajectories, tests them against the analytics backend, and
iteratively refines the search until a contrastive signal emerges. The
final output is a summary of the confirmed CSTs together with
supporting evidence.

3.2 Workflow

The orchestrator proceeds through four phases, as described below:
hypothesis generation, evaluation, presentation, and refinement.
HYPOTHESIS GENERATION. The planner LLM retrieves known de-
rived state and event filter definitions from the catalog, falling back
to raw schema discovery when the catalog is insufficient. When ex-
isting attributes do not cover the hypothesis, the planner generates
new derived state definitions on demand from natural-language
descriptions. From these building blocks the planner proposes can-
didate stateful trajectories in the DSL.

SCALABLE EVALUATION. A separate query-generator LLM trans-
lates each candidate trajectory into valid DSL query syntax, thereby
separating what to explore (planner) from how to query (genera-
tor) and keeping each LLM call focused and reducing hallucinated
queries. The resulting query is submitted to a vectorized analyt-
ics backend: a stateless engine that evaluates the trajectory in a
single pass over columnar event data, matching steps and propagat-
ing attribute values without materializing intermediate tables. The
backend scales horizontally because statelessness lets each query
execute independently, with no coordination between instances.
EXPLAINABLE PRESENTATION. A candidate trajectory whose KPI
delta exceeds the threshold § is promoted to a confirmed CST. The
confirmed CSTs, their cohort-level KPI deltas, and the full execution
graph (mapping each hypothesis to the corresponding queries, the
results returned, and the planner decisions) are presented to the
analyst so they can audit and replay the reasoning path.
ITERATIVE REFINEMENT. If no trajectory exceeds J, the planner
automatically refines its search for up to five iterations, extendable
on the analyst’s request; the analyst may optionally seed any itera-
tion with a natural-language hint. When catalog-defined constructs
prove insufficient, the system can generate new side-effect-free
tools to extend the planner’s analytical reach; the refined hypothe-
sis is then fed back to the evaluation step.

Sun et al.

ul Analysis Pipeline

_rake
{dagradad for 1 min)
subrorimion mg lmercy
Subserlaka e Tor_rzh:

Figure 4: NExA conceptual user interface: user query, gener-
ated analysis pipeline, results, and CST visualizations.

4 Demonstration

Figure 4 shows a proof-of-concept NExA user interface. A demon-
stration video can be viewed at this link. We use this conceptual
prototype to illustrate how NExA satisfies the three design require-
ments. NEXA enables an analyst to pose a natural-language question
about a degraded KPI. Then, it constructs derived states from raw
event sequences and generates a dataflow pipeline, demonstrating
expressivity through the CST abstraction. Every pipeline node is
inspectable with intermediate data and generated Python code (Fig-
ure 4), providing explainability. Caching layers and vectorized back-
end enable interactive latency, addressing scalability. The output
presents the relevant CST's and visualizations of state trajectories.

5 Related Work

AD HOC ANALYTICS AND ROOT CAUSE LOCALIZATION. Platforms
such as Amplitude [3], Heap [12], and observability tools [11, 13,
15] let analysts write custom queries and inspect dashboards but
do not scale to multi-step trajectories over derived states. Root
cause methods such as Adtributor [6], Scorpion [19], emerging
patterns [8], and related contrast mining methods [5] localize KPI
shifts to flat attribute combinations but cannot express temporal
sequences of composed states.

DATA ANALYSIS AGENTS AND PATTERN MINING. LLM-based data
analysis agents, including NL2SQL systems [7, 18, 20, 21], map
each question to a single query or code block, with no iterative
hypothesis exploration, contrastive framing, or domain-specific
abstraction for compound Al applications [1]. Sequential pattern
mining [16] finds frequent subsequences over discrete event names
but produces no contrastive signal and lacks temporal constraints or
state composition. Complex event processing engines [4, 9] match
temporal event patterns but lack derived state composition and
contrastive KPI analysis.

NExA builds on the vision of automatically surfacing improve-
ment opportunities via derived attributes [10] and the timeline
abstraction for time-state analytics [14], combining the contrastive
framing of root cause localization with the temporal structure of
pattern languages, driven by an LLM exploration loop over a scal-
able analytics backend.
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