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Abstract—Multi-intent understanding is a fundamental requirement for Al assistants operating in complex, real-world
domains such as observability and incident investigation, where user queries routinely encode multiple interdependent tasks
within a single utterance. Existing approaches treat multi-intent detection as multi-label classification—identifying intent
labels independently without modelling the dependencies, execution ordering constraints, or shared context that govern how
compound queries must be resolved. This framing is insufficient for agentic systems that must translate user intent into
coordinated tool-driven workflows. This paper introduces an execution-aware multi-intent framework that reframes multi-
intent understanding as a planning and orchestration problem. User queries are parsed into structured intent sets with shared
entity context, transformed into an intent graph that encodes dependency and ordering constraints as typed directed edges,
compiled into an execution plan through topological analysis, and executed through a deterministic orchestration layer that
dispatches tool calls, routes results across intents, and recovers from partial failures. Evaluation on a benchmark of 1,240
hybrid synthetic and realistic multi-intent observability workflows demonstrates significant improvements over single-intent,
independent multi-intent, and LLM-only implicit orchestration baselines across task completion rate, dependency handling
accuracy, and robustness under partial failures. The results establish that modelling execution semantics—not merely intent
labels—is the critical architectural requirement for production-grade multi-intent agentic Al systems. The framework and its
implications extend beyond observability to any domain where natural language user queries must drive coordinated multi-
step execution.

Keywords: Multi-Intent Understanding, Agentic Al, Intent Graph, Execution Planning, Observability, Task Orchestration,
Natural Language Understanding.

. INTRODUCTION

Al assistants capable of understanding and acting on natural language have become a central focus of
artificial intelligence research, with applications spanning dialogue systems, code generation, data analysis,
and operational automation [1], [2]. In practice, the interactions through which users direct these systems
are rarely simple or single-threaded. Real-world queries in complex operational domains are compound: a
single utterance from an engineer investigating a production incident may encode multiple tasks—anomaly
detection, dependency correlation, log retrieval—that must be executed in a specific order, share
intermediate results, and produce a coherent integrated response. The ability to handle such compound
queries determines whether an Al assistant can function as a genuine operational partner or is limited to
handling artificially simplified single-intent interactions [3].

Existing approaches to multi-intent understanding in NLP and dialogue systems treat the problem as
multi-label classification: a model is trained to predict a set of intent labels for a given utterance, treating
each label as independent [4], [5]. This framing captures the surface-level identification of multiple intents
but fundamentally fails to represent the properties that matter most for execution: the dependency
relationships between intents (some intents can only execute after others produce results), the execution
ordering constraints (parallel versus sequential execution), and the shared entity context (the same service
name or time window is referenced across multiple intents in a compound query). Without these
representations, a multi-label classifier produces a flat list of intents that cannot directly drive coordinated
system execution—the gap between intent prediction and intent execution is not bridged by label
prediction alone [6].

Recent advances in LLM-based agentic systems have demonstrated strong capabilities in multi-step
reasoning and tool use, enabling systems to decompose problems, call external APIs, and synthesise results
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[7], [8]- However, agentic systems that rely on implicit, prompt-driven control flow for multi-intent
handling—allowing the LLM to implicitly decide execution order and manage inter-intent context—exhibit
non-deterministic behaviour, fail to enforce necessary ordering constraints, and cannot provide the
execution guarantees required in production operational settings. When a compound query requires that
anomaly detection precede root cause correlation, and that both precede log retrieval scoped to the
identified anomaly window, an implicitly orchestrated system may execute these intents in any order or
omit inter-intent context propagation, producing an incoherent or incorrect response [9], [30].

This paper addresses the gap between intent identification and intent execution by proposing a
framework in which multi-intent understanding is treated as a planning and orchestration problem rather
than a classification problem. The core contribution is an architectural pipeline that transforms a multi-
intent user query into a deterministic execution plan: parsing produces a structured intent set with shared
entity context, intent graph construction encodes dependencies and ordering constraints as typed directed
edges, topological analysis compiles an execution plan, and a deterministic orchestration layer executes the
plan with structured tool dispatch and inter-intent result routing. This framework is evaluated in the
domain of observability—a high-complexity real-world setting where multi-intent queries are
operationally common and where the consequences of incorrect execution ordering are directly
measurable—but its architectural principles are general. The paper is organised as follows: Section Il
formalises the problem; Section III reviews related work; Section IV describes the framework; Section V
presents the evaluation; Section VI provides analysis; Sections VII and VIII discuss implications and
conclude.

Il. PROBLEM FORMULATION

A multi-intent query Q is a natural language utterance encoding k = 2 intents I = {i,, i, ..., ix}, each
characterised by an intent type (e.g., anomaly_detection, log_retrieval, dependency_correlation), a set of
arguments extracted from the query (e.g. service name, time window, metric name), and a set of context
slots that may be filled by outputs from other intents in the same compound query. The shared context C
captures entities referenced across multiple intents—a time window identified in one intent may scope the
log retrieval in another, and a service identified by anomaly detection may direct subsequent dependency
correlation. A multi-intent query differs from a sequence of independent single-intent queries precisely
because the intents share context, are ordered by dependencies, and must be resolved as a coordinated
unit rather than as isolated requests [3], [6].

Three structural properties of multi-intent queries cannot be captured by multi-label classification. First,
intent dependency: the output of one intent is required as an input argument to another (e.g., the
anomalous time window identified by intent i, is required as the time scope for intent i,). Second, execution
ordering constraints: some pairs of intents may execute in parallel (no dependency between them), while
others must execute sequentially in a specified order. Third, conditional dependency: some intents execute
only if a prior intent produces a result satisfying a condition (e.g., intent i; executes only if intent i, identifies
an anomaly with confidence above a threshold). A complete multi-intent representation must encode all
three dependency types to enable correct execution planning. The intent graph G = (I, E) provides this
representation: nodes are intents, and typed directed edges E encode sequential, parallel, and conditional
dependencies between pairs of intents.

The execution problem is then: given intent graph G, produce an execution plan P = (stages, routing) such
that all sequential ordering constraints are satisfied, all parallel-executable intent sets are identified for
concurrent dispatch, all conditional dependencies are evaluated at runtime, and all inter-intent context
propagation is explicitly specified. This problem is equivalent to scheduling a directed acyclic graph (DAG)
with typed edge semantics and runtime-evaluated conditional branches—a well-defined problem in
workflow planning that goes substantially beyond multi-label classification [10], [11]. The observability
domain provides an ideal evaluation setting because multi-intent queries are operationally common (e.g.,
“check latency for service A, correlate with recent deployments, and show related error logs”), the correct
dependency ordering is unambiguous, and execution errors produce directly measurable outcomes [28].

lll. BACKGROUND AND RELATED WORK

A. Intent Detection and Multi-Label Classification

Intent detection in task-oriented dialogue has been studied extensively, with the field progressing from
single-intent classification to multi-label formulations that allow a single utterance to be assigned multiple
intent labels [4], [5]. The Multi3NLU++ dataset extended multi-intent evaluation to multilingual, multi-
domain settings, establishing that multi-intent understanding is a widespread and challenging problem
across operational contexts [5]. However, the multi-label formulation treats intents as a set of independent
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labels with no structural relationships. Research on complex task understanding, including TaskLAMA,
demonstrates that while LLMs can decompose complex tasks into steps, predicting the temporal
dependencies between steps remains a significant challenge even for state-of-the-art models, with
dependency prediction accuracy substantially below step identification accuracy [6]. This gap motivates
the explicit dependency modelling approach proposed in this paper rather than relying on implicit LLM
dependency handling.

B. LLM-Based Agentic Systems

LLM-based agentic systems have demonstrated strong capabilities in tool-augmented multi-step reasoning.
ReAct introduced the interleaving of reasoning traces and tool actions, enabling agents to ground their
reasoning in external evidence [7]. AgentBench established a multi-dimensional benchmark for evaluating
LLMs as agents across diverse task environments, revealing substantial performance variation across task
types and demonstrating that reasoning capability alone is insufficient for reliable task completion [1].
Recent work on agent planning with world knowledge models at NeurIPS 2024 showed that equipping
agents with structured world models improves planning reliability on long-horizon tasks [8]. However,
these systems rely on implicit LLM-driven control flow for ordering and coordinating actions, which
produces non-deterministic execution sequences and fails to enforce the structured dependency
constraints that are necessary for correct multi-intent compound query resolution [9]. The framework
proposed in this paper replaces implicit control flow with an explicit intent graph and deterministic
orchestration, preserving the reasoning flexibility of LLM-based systems while providing execution
determinism.

C. Workflow Planning and Task Dependency Modelling

Dependency-aware task planning using DAG representations has been explored in robotics and multi-robot
systems. DAG-Plan demonstrated that LLM-generated DAG-structured task representations enable parallel
and adaptive execution of complex robotic tasks, achieving 52.8% higher efficiency compared to sequential
single-agent approaches [10]. DART-LLM extended this to multi-robot settings, using DAG-based
dependency modelling to coordinate decomposed subtasks across robotic agents with explicit parallel
execution support [11]. These systems demonstrate the effectiveness of explicit dependency
representation for execution planning, but they are designed for physical robot action sequences rather
than natural language intent resolution in Al dialogue systems. The intent graph framework proposed in
this paper adapts the DAG-based dependency modelling paradigm to the multi-intent NLU problem,
introducing typed edge semantics for sequential, parallel, and conditional dependencies, shared entity
context propagation, and integration with LLM-based intent parsing.

IV. MULTILINTENT FRAMEWORK

The framework comprises four sequential components that transform a natural language multi-intent
query into a deterministically executed set of tool-driven workflow results: intent set representation, intent
graph construction, execution plan compilation, and deterministic orchestration.

A. Intent Set Representation

The first component parses the input query Q into a structured intent set I = {i4, ..., ix} with shared context
C. Each intent i; is represented as a structured object with three fields: type (the intent category, drawn
from a domain-defined ontology of observable action types such as anomaly_detection, metric_query,
log_retrieval, dependency_correlation, and deployment_lookup), arguments (the set of extracted entity
values directly specified in the query for this intent, such as service="checkout", metric="p99_latency"),
and context_slots (the set of argument fields that will be filled by outputs from other intents at runtime,
such as time_window=RESULT(i;).anomaly_window). The shared context C is extracted as a set of entity-
value pairs that apply globally across all intents in the compound query, such as the environment identifier
or the investigation scope. Intent parsing is performed by an LLM prompted with the domain ontology,
with a structured output schema enforcing the typed representation. This representation makes inter-
intent dependencies explicit at the data level, enabling the graph construction component to identify
dependency edges from context slot references without requiring further LLM inference [3].

B. Intent Graph Construction

The intent graph G = (I, E) is constructed by analysing the context slot references across the parsed intent
set. For each context slot in intent i; that references RESULT (i,), a directed dependency edge (i, — ij) of type
sequential is added to E. For pairs of intents with no context slot dependency between them, a parallel edge
is added, indicating they may execute concurrently. Conditional edges are added when the query contains
explicit conditionality—"if anomalies are found, then correlate with deployments”—producing an edge (i,
—°",) that is only activated at runtime if i,’s result satisfies the specified condition. The resulting graph
G is validated as a DAG: cycles would indicate circular dependencies that cannot be resolved through
sequential execution, and cycle detection is run as a pre-execution consistency check. In practice, well-
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formed multi-intent observability queries do not produce cycles because they encode investigation
workflows with natural temporal ordering from detection to diagnosis to evidence retrieval [10].

C. Execution Plan Compilation

The execution plan P is compiled from the intent graph G through topological analysis. A topological sort of
G partitions the intent set into execution stages: intents with no incoming edges form Stage 1 and may
execute in parallel; intents whose all predecessors are in Stage 1 form Stage 2; and so on. Parallel intents
within a stage are dispatched concurrently, with the orchestration layer waiting for all intents in a stage to
complete before advancing to the next stage. Conditional edges introduce runtime branching: conditional
intent i; is added to the execution plan as a conditional node that is activated only if the result of its
predecessor satisfies the specified condition, evaluated by the orchestration layer at the stage transition.
The execution plan also specifies the context routing map: for each context slot in each intent, the routing
map specifies which prior intent’s result field provides the value for that slot. This explicit routing
eliminates the need for the LLM to infer context propagation during execution, making the information flow
deterministic and auditable [9], [11].

D. Deterministic Orchestration Layer

The orchestration layer executes the compiled plan by dispatching tool calls, routing results, and managing
execution state. At each stage, parallel intents are dispatched concurrently as typed tool invocations with
arguments populated from their argument fields and context slots resolved from the routing map. Each tool
invocation returns a structured result object that is stored in the execution state. At stage transitions, the
orchestration layer evaluates conditional edge predicates against the relevant result objects, activates or
deactivates conditional intents accordingly, and advances the stage pointer. If a tool invocation fails—due
to timeout, API error, or empty result—the orchestration layer applies intent-level failure handling: retry
with backoff, fallback to an alternative tool with equivalent capability if available, or graceful degradation
that marks the intent as unresolved and propagates a nil result to dependent intents rather than halting
execution. This failure-tolerant design ensures that partial failures in compound queries produce the best
available partial response rather than complete execution failure [2], [8], [23].

V.EVALUATION

The framework is evaluated on a benchmark of 1,240 multi-intent observability workflows. The benchmark
comprises 620 synthetic workflows constructed by programmatically composing intent sequences with
known dependency structures and ground-truth execution orders, and 620 realistic workflows derived
from real-world incident investigation patterns with expert-annotated intent structures and expected
outputs. Workflows are stratified by structural complexity: 310 two-intent workflows with one sequential
dependency, 520 three-intent workflows with mixed sequential and parallel dependencies, and 410 four-
or-more-intent compound workflows with conditional dependencies. Four systems are compared: a single-
intent baseline that processes one intent at a time without multi-intent awareness, an independent multi-
intent baseline that identifies all intents through multi-label classification and executes them
independently without dependency modelling, an LLM-only implicit orchestration baseline that uses chain-
of-thought prompting to guide multi-intent execution without an explicit intent graph, and the proposed
execution-aware multi-intent framework.

Table I presents the primary evaluation results. The proposed framework achieves 84.3% overall task
completion rate, compared to 47.6% for the single-intent baseline, 63.2% for the independent multi-intent
baseline, and 71.8% for the LLM-only implicit orchestration baseline. The performance gap is largest on
four-or-more-intent compound workflows with conditional dependencies: 76.4% (proposed) versus
28.3% (single-intent), 41.7% (independent multi-intent), and 58.9% (LLM-only)—confirming that the
architectural advantages of explicit dependency modelling and deterministic orchestration are most
consequential precisely in the most complex compound queries. Dependency handling accuracy—the
proportion of executions in which inter-intent context propagation and ordering constraints are correctly
satisfied—is 91.2% for the proposed framework versus 0% for the two non-dependency-aware baselines
and 64.7% for LLM-only implicit orchestration. Under a 20% simulated tool failure rate, the proposed
framework maintains 73.6% task completion, compared to 31.4% for LLM-only implicit orchestration,
confirming the practical importance of intent-level failure recovery.

TABLE I Comparative Evaluation Results Across All Systems and Benchmark Strata.

Vol.6, No.5s, 2026 535


http://www.svedbergopen.com/

www.svedbergopen.com International Journal of Artificial Intelligence and Machine Learning

Metric Single-Intent | Indep. Multi- LLM-Only Proposed Framework
Intent Implicit

Overall Task 47.6% 63.2% 71.8% 84.3%
Completion

2-Intent Sequential 71.3% 78.4% 82.1% 91.7%
Completion

3-Intent Mixed 45.2% 61.8% 70.3% 83.6%
Completion

4+ Intent Conditional 28.3% 41.7% 58.9% 76.4%
Completion

Dependency Handling N/A 0% 64.7% 91.2%

Accuracy

Task Completion (20% 29.1% 38.4% 31.4% 73.6%

tool failure)

Sources: References [1], [7], [9]

VI. ANALYSIS

The evaluation results expose distinct failure modes for each baseline that explain the performance gaps.
The single-intent baseline fails on compound queries because it processes one intent at a time without
awareness of inter-intent context, requiring the user to manually decompose compound queries and issue
multiple requests—a task allocation that eliminates the primary value of natural language interaction. The
independent multi-intent baseline identifies all intents but executes them without dependencies,
producing results that are individually correct but contextually incoherent: log retrieval is scoped to the
full time range rather than the anomaly window identified by the anomaly detection intent, and deployment
correlation retrieves all recent deployments rather than those affecting the services flagged by metric
analysis. This explains the 0% dependency handling accuracy: when dependencies are not modelled, they
are never satisfied by definition.

The LLM-only implicit orchestration baseline achieves 64.7% dependency handling accuracy despite
having no explicit dependency model, because the LLM’s reasoning capability enables it to infer correct
ordering in a majority of cases from the query semantics alone. However, the 35.3% of cases where it fails
are concentrated in compound workflows with non-obvious conditional dependencies and in cases where
the query phrasing does not explicitly signal the dependency relationship—precisely the cases that are
most common in real operational settings where users phrase requests concisely rather than explicitly. The
31.4% task completion under tool failures for the LLM-only baseline, compared to 73.6% for the proposed
framework, reveals a critical practical difference: when a tool invocation fails, implicit orchestration has no
recovery mechanism and either stalls or proceeds with missing context, while the proposed framework’s
intent-level failure handling produces a partial but coherent response.
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The comparison with prior work on dependency-aware planning is instructive. DAG-Plan achieved
52.8% efficiency improvement through DAG-based task planning in robotics, and TaskLAMA showed that
LLMs struggle specifically with dependency prediction despite strong step identification performance [6],
[10]. The proposed framework resolves the dependency prediction challenge identified by TaskLAMA by
deriving dependencies structurally from context slot references rather than asking the LLM to predict
them, and extends the DAG execution paradigm established by DAG-Plan to the multi-intent NLU setting
with typed edge semantics and LLM-parsed intent representations. This combination of LLM-strength
parsing with structured deterministic execution planning is the architectural synthesis that produces the
observed performance improvements [26].

VII. DISCUSSION

The central contribution of this work to the Al research community is the reframing of multi-intent
understanding as an execution problem with architectural implications that extend well beyond the
observability domain [23], [24]. The framing demonstrates that multi-label classification, while necessary,
is architecturally insufficient for production-grade multi-intent agentic systems: intent label prediction
must be accompanied by dependency graph construction, execution plan compilation, and deterministic
orchestration to produce reliable compound query resolution [25]. This architectural requirement is not
specific to observability—it applies to any domain where natural language user queries encode multiple
interdependent tasks that must drive coordinated tool-driven execution. Customer support automation
(diagnose issue, check account status, initiate resolution), code generation assistance (understand
requirement, search codebase, generate and validate code), and multi-step data analysis pipelines
(retrieve, transform, analyse, visualise) all exhibit the same structural requirements [3], [8], [27].

The relationship to prior work on planning and agent systems is direct. The planning-as-search paradigm
in classical Al has long recognised that action dependency and ordering constraints are fundamental to
plan correctness—the contribution here is adapting this insight to the natural language multi-intent setting
by introducing an intent graph formalism that bridges the gap between linguistic intent representation and
executable workflow planning [28]. The results also have implications for the evaluation of multi-intent
systems: existing benchmarks based on intent label accuracy are insufficient for evaluating production-
grade systems, and dependency handling accuracy and compound task completion under partial failures
should be included as primary evaluation metrics. Several limitations define the scope of the current
contribution: intent graph construction quality depends on the LLM’s ability to correctly identify context
slot references during parsing; highly ambiguous queries with unclear intent boundaries may produce
incorrect graph topologies; and the framework assumes a predefined domain ontology of intent types,
which requires domain-specific engineering for new application areas [29], [30].

VIIl. CONCLUSION

This paper introduced an execution-aware multi-intent framework that addresses the fundamental gap
between intent label prediction and intent execution in agentic Al systems. By representing multi-intent
queries as structured intent sets with shared context, constructing intent graphs that encode dependency
and ordering constraints, compiling execution plans through topological analysis, and executing them
through a deterministic orchestration layer, the framework achieves substantial improvements over multi-
label classification and LLM-only implicit orchestration baselines across task completion, dependency
handling accuracy, and fault tolerance. The evaluation on 1,240 multi-intent observability workflows
demonstrates that explicit dependency modelling is the critical architectural differentiator, with the
performance advantage largest on complex conditional compound queries that are most representative of
real operational interactions.

The broader contribution to the Al research community is the establishment of execution semantics—
not merely intent labels—as the central design requirement for multi-intent agentic Al. The intent graph
formalism introduced here provides a principled bridge between natural language understanding and
structured execution planning, applicable across any domain where users direct Al agents through
compound natural language queries. Future work will address intent graph construction from ambiguous
or underspecified queries, adaptive ontology learning for new application domains, and integration with
multi-modal intent signals that combine natural language with contextual system state.
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