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Abstract
Autonomous agents executing human instruc-
tions must operate reliably even when instruc-
tions are incomplete. While recent approaches
improve detection of missing information, de-
tection alone is insufficient: agents often pro-
ceed to execution even after recognizing un-
derspecification, leading to incorrect or unsafe
actions. We identify this failure as arising from
a lack of coupling between detection and execu-
tion, and propose that reliable behavior requires
enforcing missing information as a precondi-
tion for action. We instantiate this principle
in COCORELI, a modular architecture that rep-
resents task structure, tracks missing informa-
tion, and blocks execution until required de-
tails are resolved through targeted clarification.
In COCORELI, detection and prevention are
structurally coupled: detecting a missing pa-
rameter simultaneously blocks execution. We
evaluate COCORELI in a controlled construc-
tion environment isolating underspecification
and sequential execution. COCORELI makes
execution reliable by imposing explicit task
structure: instructions are represented as pa-
rameterized executable objects and execution
under unresolved specifications is blocked by
construction, eliminating hallucinated actions.
In contrast, chain-of-thought, prompt-chaining,
and ReAct-style reasoning may still execute
under incomplete specifications despite high
detection rates. The same representation sup-
ports abstraction and reuse, and generalizes to
API workflow tasks on ToolBench. These
results show that reliable collaborative execu-
tion under underspecified instructions requires
architectural enforcement, not just model capa-
bility.

1 Introduction
Autonomous agents increasingly execute actions
based on human instructions in collaborative set-
tings such as robotics, manufacturing assistance,

*Code available at: https://github.com/
swarnadeep8597/Cocoreli

†These authors contributed equally to this work.

and tool-use systems. In these environments, in-
structions are often incomplete: humans rely on
shared context and incremental communication,
leaving essential task parameters unspecified. Ex-
isting systems frequently proceed by inferring miss-
ing details rather than acquiring them through in-
teraction, producing plausible but incorrect actions.
In collaborative construction tasks, this can lead
to placing components in unintended locations or
using incorrect parts. Such failures arise not from
linguistic misunderstanding alone, but from acting
without sufficient information to execute the task
reliably.

Rather than attempting to model the full com-
plexity of human dialogue, we focus on a mini-
mal but necessary component of collaboration: re-
solving underspecified instructions that lack the
information required for correct execution. Under-
specification provides a controlled entry point into
collaborative interaction because it can be systemat-
ically manipulated and directly determines whether
an action can be carried out successfully. By isolat-
ing this factor, we study how agents detect missing
information, request targeted clarifications, and in-
corporate the acquired information into subsequent
actions, without addressing broader conversational
phenomena such as negotiation or social reasoning.

Traditional single-shot prompting approaches,
including chain-of-thought reasoning, rely on im-
plicit inference to fill missing parameters, often
producing confident but incorrect outputs. Recent
agentic approaches attempt to mitigate these issues
through prompt decomposition, tool use, and inter-
action loops, yet typically assume that instructions
are executable as given or that missing details can
be inferred from background knowledge. Without
explicit mechanisms to represent task incomplete-
ness and defer execution until required informa-
tion is obtained, these systems may still act under
insufficient specification, reflecting a decoupling
between detecting missing information and prevent-
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ing execution. Increasing model scale does not fun-
damentally address this limitation, as larger models
tend to generate more plausible guesses rather than
reliably detecting and resolving uncertainty.

In this paper, we investigate whether reliabil-
ity under underspecification depends not only on
model capability but also on how task structure and
uncertainty are represented during execution.

In many collaborative scenarios, agents must op-
erate in domains where task-specific training data
is scarce or where new objects and procedures are
introduced dynamically. Retraining or fine-tuning
dialogue models for each new task is often imprac-
tical. Consequently, many approaches emphasize
prompting-based methods and modular architec-
tures that enable agents to interpret instructions and
execute actions at runtime without additional train-
ing. This motivates designs that explicitly structure
interaction and execution rather than depending
solely on learned behavior.

To this end, we propose COCORELI, a modular
architecture for collaborative task execution un-
der partial, evolving, and incrementally specified
instructions. COCORELI represents instructions
as structured executable objects whose parameters
may be known or missing. Missing elements trig-
ger targeted clarification requests, and execution
is deferred until sufficient information is available.
The system maintains task-relevant state in exter-
nal memory and supports reuse of previously con-
structed structures via abstraction, enabling recon-
struction of earlier configurations in new contexts.

We evaluate COCORELI in a controlled collabo-
rative construction environment designed to isolate
key conditions that commonly arise in real collabo-
rative tasks: incomplete task specification, evolving
state with limited history, and reconstruction of pre-
viously observed structures. Controlled tasks allow
systematic comparison of different architectural
paradigms under well-defined uncertainty, rather
than attributing performance differences to con-
founding factors present in natural datasets. To
assess generality beyond spatial construction, we
additionally evaluate the abstraction mechanism on
ToolBench API tasks, which involve interpreting
instructions into structured parameterized actions
in a different domain.

Hypothesis. Reliable execution under underspeci-
fication requires not just detection of missing infor-
mation, but architectural enforcement that prevents
action until missing information is resolved. We

test this by asking whether explicit structural cou-
pling of detection and prevention improves reliabil-
ity over approaches that rely on implicit inference,
regardless of model scale. We do not claim CO-
CORELI as a definitive solution; rather, we use it as
a minimal instantiation of this property to show that
prompting-based paradigms systematically lack it.

We summarize our contributions as follows:
1. A structured mechanism for execution under

underspecification. We introduce COCORELI,
an architecture that represents instructions as
executable structures with explicit tracking of
missing parameters, enabling targeted clarifica-
tion and deferral of action until sufficient infor-
mation is available.

2. A controlled evaluation of collaborative ex-
ecution. We design a collaborative construc-
tion environment that isolates underspecifica-
tion, sequential state changes, and structural
reuse, allowing systematic comparison of dif-
ferent execution paradigms under well-defined
uncertainty.

3. Empirical analysis of execution reliabil-
ity. We compare structured parsing, chain-
of-thought prompting, and prompt-chaining
pipelines, showing that approaches lacking ex-
plicit mechanisms for managing incomplete
specifications frequently produce incorrect ac-
tions.

4. Evidence for structural reuse via abstraction.
We demonstrate that the proposed approach sup-
ports reconstruction of previously built struc-
tures in new contexts and transfers to ToolBench
API tasks, suggesting applicability beyond spa-
tial construction.

2 Related Work
Collaborative instruction following under partial
and evolving specifications requires agents to
ground language in an external environment, main-
tain state across interactions, and resolve missing
information before executing actions. Prior work
has addressed subsets of these challenges through
dialogue management, clarification, tool use, and
agentic architectures. We focus on approaches
most relevant to execution under underspecifica-
tion and their assumptions about when actions may
occur.

Task-oriented dialogue systems. Classical task-
oriented dialogue systems address incomplete in-
structions through slot filling and clarification ques-
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System Mem. Grnding G.Rails Exec CQ Interact P&P

ReAct ✗ ✓ ● ✓ ✗ ✗ ✗
ART ✗ ✓ ● ✓ ✗ ✗ ✓
SayCan ✗ ✓ ✓ ✓ ✗ ✗ ●
MapAgent ✗ ✓ ✓ ✓ ✗ ✗ ✓
Voyager ✓ ✓ ✓ ✓ ✗ ✗ ✓
ToolFormer ✗ ✓ ✗ ✓ ✗ ✗ ✓
ToolAlpaca ✗ ✓ ✗ ✓ ✗ ✗ ✓
PAL ✗ ✓ ✓ ✓ ✗ ✗ ✓
ClarifyCoder ✗ ✗ ✗ ✗ ✓ ✓ ●
ASK-TO-ACT ✗ ✓ ✓ ✓ ✓ ✓ ●
LEGOMem ✓ ✓ ● ✓ ✗ ✗ ✓
CoALA (framework) ✓ ✓ ● ✓ ● ✓ ✓
COCORELI ✓ ✓ ✓ ✓ ✓ ✓ ✓

Table 1: Positioning COCORELI and prior task-specific agent systems within the CoALA perspective. All
systems, including COCORELI, are instantiated in particular environments or domains. COCORELI differs in
that it simultaneously operationalizes all dimensions in a single environment designed to stress-test grounding,
clarification, abstraction, and execution. ✓: supported, ✗: not supported, ●: partially or implicitly supported.

tions within predefined domains. Early collabo-
rative dialogue systems emphasized explicit rep-
resentations of task state and shared information.
TRAINS (ALLEN et al., 1995) modeled dialogue
as collaborative plan construction, while the In-
formation State framework (Larsson and Traum,
2000) formalized dialogue management as updates
to structured representations of beliefs, goals, and
dialogue context. Subsequent work on belief-state
tracking and dialogue state tracking (DST) (Young
et al., 2013; Jacqmin et al., 2022) established ex-
plicit maintenance of task-relevant information and
uncertainty as a central component of task-oriented
dialogue. More recent schema-guided approaches
(Rastogi et al., 2019) represent tasks through ex-
plicit intents and slots, enabling generalization
across services while preserving structured state
tracking. Related work on frame-based common-
ground representations (Blache and Houlès, 2021)
similarly models dialogue through partially instan-
tiated structures and uses clarification questions to
resolve missing information.

Clarification in interactive systems. Recent work
explores clarification question generation to im-
prove task performance or recover from errors, in-
cluding ASK-TO-ACT (Zhang et al., 2025) and
ClarifyCoder (Wu et al., 2025). In these systems,
clarification typically functions as a refinement
mechanism within a reasoning pipeline, helping
models improve task understanding before continu-
ing execution. While effective for reducing ambi-
guity, clarification remains primarily a reasoning
aid rather than an explicit control mechanism gov-
erning whether execution may proceed.

Agentic frameworks and reasoning agents. Re-
cent agentic frameworks decompose tasks into se-
quences of reasoning and action. COALA (Sumers
et al., 2024) characterizes agents in terms of mem-
ory, actions, and decision procedures, while agentic
workflow approaches distribute tasks across spe-
cialized sub-agents (Sudarshan et al., 2024). Re-
lated LLM-based systems such as ReAct (Yao et al.,
2023b), Reflexion (Shinn et al., 2023), ART (Paran-
jape et al., 2023), reinforcement-learning-based ap-
proaches (Ahn et al., 2022), debate-style reasoning
(Lin et al., 2023), and memory-augmented plan-
ning (Kong et al., 2025) improve decision mak-
ing through iterative reasoning, tool use, or self-
correction. These approaches generally assume
that instructions are sufficiently specified for ex-
ecution or rely on post hoc recovery when errors
occur.

Interactive and memory-augmented agents. Sev-
eral systems incorporate interaction or memory to
improve grounded instruction following. HELPER
(Sarch et al., 2023) retrieves prior language–
program pairs to support future tasks, while other
approaches incorporate corrective feedback after
execution (Mehta et al., 2024). Such systems im-
prove adaptation and task performance through in-
teraction and experience, but clarification or cor-
rection typically occurs after an action has already
been proposed or executed.

Collaborative construction and abstraction. Col-
laborative construction and embodied task-learning
environments highlight the challenges of trans-
lating language into executable action sequences
(Kanitscheider et al., 2021; Lin et al., 2021). Voy-
ager (Wang et al., 2024) demonstrates that reusable
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skills can emerge through iterative interaction and
memory, but stores learned procedures in rela-
tively task-specific forms. More broadly, these sys-
tems emphasize planning, execution, and reuse in
grounded environments without explicitly address-
ing underspecification as a first-class architectural
concern.

Architectural capability comparison. Table 1
summarizes differences among these approaches
across dimensions relevant to collaborative execu-
tion under underspecification, including persistent
memory, environmental grounding, proactive clar-
ification, execution guardrails, and modular com-
position. Across these lines of work, prior systems
provide mechanisms for state tracking, clarifica-
tion, memory, planning, or tool use, but typically
treat missing-information detection and action exe-
cution as separate processes. COCORELI explicitly
couples them: instructions are represented as exe-
cutable task structures with unresolved parameters,
missing information triggers targeted clarification,
and execution is blocked until required parameters
have been acquired. Our focus is therefore not
only on improving clarification or reasoning, but
on enforcing execution preconditions for reliable
collaborative instruction following.

3 The COCOBOTS Task
We build upon COCOBOTS (Paetzel-Prüsmann
et al., 2022), a collaborative construction environ-
ment designed to evaluate language agents on in-
struction following under underspecification, struc-
tured spatial reasoning, and interactive clarification.
Patterned after the Minecraft Collaborative Build-
ing Task (Narayan-Chen et al., 2019), COCOBOTS

departs from Minecraft-style environments through
novel object types, altered interaction rules, and
stricter physical constraints. Tasks are program-
matically generated from a predefined inventory
of parts and placement constraints, enabling con-
trolled manipulation of instruction completeness
and spatial complexity.

Task structure. As in the Minecraft task, CO-
COBOTS involves two agents with asymmetric in-
formation: an Architect, who has access to a target
structure, and a Builder, who constructs the struc-
ture by following the Architect’s natural language
instructions. The Builder does not have access
to the target structure except through the instruc-
tions issued during interactive conversation and the
evolving scene state. Instructions may omit de-

tails, requiring the Builder to detect and resolve
underspecification through interaction.

Cocobots and objects. The task is defined over a
discrete 16 × 16 × 16 three-dimensional grid, in-
creasing spatial complexity relative to prior collabo-
rative construction settings. Unlike Minecraft’s uni-
form cubic blocks, COCOBOTS features nine syn-
thetic part types with heterogeneous spatial proper-
ties, including single-cell components (e.g., screws,
nuts, washers) and multi-cell components (e.g.,
bridges spanning two adjacent cells). Valid place-
ment requires reasoning about orientation, spatial
extent, and partial coordinate specifications.

Physical and execution constraints. COCOBOTS

enforces strict physical constraints inspired by real-
world assembly, including gravity and support de-
pendencies. Incorrect placements are not permit-
ted and cannot be corrected post hoc. As a result,
agents must resolve ambiguities and ensure that
instructions are sufficiently specified before execut-
ing actions.

Instruction characteristics. Architect instructions
vary in specificity and form, ranging from fully
specified commands to underspecified or relational
descriptions (e.g., relative position, orientation, or
part attributes). Instructions may also introduce
previously unseen composite structures, requiring
the Builder to interpret descriptions relative to the
evolving scene state and to request clarification
when required information is missing.

Design rationale. COCOBOTS addresses key limi-
tations of existing collaborative benchmarks: (i) as-
sumptions of complete specifications or permissive
error correction, (ii) simplified spatial reasoning
with uniform components, and (iii) limited evalu-
ation of abstraction and reuse. Tasks are defined
independently of any particular architecture and
require correct execution given only the available
information.

By combining underspecified language, struc-
tured spatial constraints, and irreversible execution
errors, COCOBOTS provides a controlled testbed
for studying collaborative instruction following.

Figure 2 contrasts COCOBOTS with Minecraft-
based tasks. While retaining an intuitive spatial
setting, it introduces sufficient novelty and con-
straint to require genuine interaction, abstraction,
and clarification.
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Figure 1: COCORELI, Our Structured Agentic Architec-
ture
4 COCORELI: A Structured Agentic

Architecture
COCORELI is a modular agentic architecture de-
signed for collaborative instruction following under
underspecified natural language commands. The
architecture addresses three challenges highlighted
by the COCOBOTS benchmark: (i) detecting miss-
ing or ambiguous information before execution, (ii)
grounding relational language in structured spatial
representations, and (iii) learning compositional ab-
stractions that generalize across instances. Figure 1
provides an overview.

Architectural principles. Early experiments
showed that monolithic prompting with a single
LLM is brittle: long prompts reduce reliability and
models often infer missing attributes instead of
requesting clarification. COCORELI therefore de-
composes the task into six specialized components:
Instruction Parser, Locator, Builder, External
Memory, Discourse Module, and Executor.
Each component uses the same underlying LLM
(LLaMA-3.1 8B; Meta, 2024) but operates with a
specialized prompt and structured inputs.

A key design decision is to represent objects and
actions as typed JSON structures whose fields are
initialized to null. As dialogue proceeds, these
fields are filled with information extracted from
instructions or clarification responses. Execution
is blocked whenever required fields remain unre-
solved; the system instead invokes the Discourse
Module to generate a targeted clarification ques-

tion. This mechanism prevents implicit guessing
and enforces explicit resolution of missing infor-
mation before execution.

Grounding and execution. Grounding proceeds
through a sequence of specialized modules. The
Instruction Parser first identifies the object types
referenced in the instruction and extracts prelimi-
nary attributes from the language. This step filters
the relevant object schemas, avoiding prompt bloat
from passing all possible part representations to
subsequent components.

The filtered object representations are then pro-
cessed by two complementary modules. The
Builder resolves object-specific attributes such as
orientation or part configuration, while the Locator
interprets spatial descriptions and maps relational
expressions to candidate coordinates in the envi-
ronment. Because different objects support differ-
ent placement strategies (e.g., bridges span ranges
of cells while washers occupy single coordinates),
the Locator applies object-specific placement rules
when interpreting spatial constraints. Missing ob-
ject attributes are handled by the Builder and miss-
ing spatial parameters by the Locator; unresolved
fields remain null, triggering clarification.

Abstraction and memory. COCORELI includes an
optional External Memory that can store previ-
ously constructed structures as relational graphs
whose nodes represent parts and whose edges en-
code spatial relations. When a structure is com-
mitted for reuse, an abstraction operation separates
structural patterns from instance-specific param-
eters such as color or absolute position. These
abstractions allow previously constructed configu-
rations to be reproduced in new contexts by instan-
tiating them with different parameters.

Execution. Once object attributes and spatial pa-
rameters are fully specified, the Executor con-
verts the completed representation into a concrete
JSON action and validates it against environmen-
tal constraints before placement. Errors are there-
fore avoided through clarification and structured
grounding rather than corrected after the fact.

Scope. Although evaluated in a collaborative con-
struction environment, the central mechanisms of
COCORELI where explicit detection of underspeci-
fication, clarification-driven interaction, structured
grounding, and abstraction are not specific to phys-
ical manipulation. COCORELI enforces a coupling
between detection and execution: incomplete task
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representations cannot be executed. This contrasts
with prompting-based approaches, where detection
and execution remain decoupled and actions may
still be produced under uncertainty. These mecha-
nisms capture a minimal requirement for reliable
execution under underspecified instructions: miss-
ing task information should be resolved before act-
ing.

5 Experiments for COCOBOTS tasks
5.1 Tasks and baselines
We evaluate COCORELI and the baselines on a set
of COCOBOTS tasks designed as diagnostic probes
of capabilities required for collaborative instruction
following. The goal is not to construct a large-scale
benchmark but to isolate common failure modes
of language agents, particularly the tendency to
execute actions despite incomplete instructions and
to examine whether structured parsing and explicit
task representations mitigate these failures.

The tasks are arranged in increasing complex-
ity and progressively introduce additional require-
ments such as sequential state tracking, underspec-
ification handling, and abstraction.
(i) Single fully-specified instructions. A single

instruction specifying placement of one part
with complete information.

(ii) Instruction sequences. Multiple fully spec-
ified instructions describing a sequence of
placements.

(iii) Complex structure construction. Instruction
sequences describing multi-part shapes that
require maintaining spatial relations across
steps.

(iv) Underspecified instructions. Instructions in
which one or more required parameters are
omitted, requiring the system to detect miss-
ing information and avoid execution until it is
resolved.

(v) In-context abstraction and reuse. After con-
structing a complex structure from instruc-
tions, the system must store the resulting con-
figuration and reproduce it in a new context
(e.g., at a different location or with different
attributes). This task probes whether systems
can form reusable structural representations
from interaction history or whether explicit
memory mechanisms are required.

Tasks (i)–(ii) evaluate instruction parsing and
sequential execution. Task (iii) introduces compo-
sitional spatial reasoning over multi-part structures.

Task (iv) directly tests the ability to detect and re-
solve underspecified instructions through clarifica-
tion. Task (v) evaluates whether systems can ab-
stract previously constructed structures and reuse
them in new contexts.

Taken together, these tasks allow us to examine
how different architectural choices affect execution
reliability as task complexity increases. They also
function as task-based ablations, revealing which
capabilities are necessary for each level of difficulty.
Additional task details are provided in Appendix F.

Baselines We compare three architectural
paradigms for instruction execution that differ in
how strongly task structure is enforced.

Single-LLM prompting (CoT). The first base-
line follows the monolithic prompting paradigm in
which a single language model is responsible for
interpreting instructions, reasoning about missing
information, and generating the final action. We
use chain-of-thought (CoT) prompting to encour-
age intermediate reasoning before producing the
final placement specification. This setup reflects
the common end-to-end approach where the en-
tire task is solved within a single prompt without
explicit intermediate control.

We evaluate this baseline using Claude-3.5 Son-
net (Anthropic, 2024) and GPT-4.1 (OpenAI, 2025).
For tasks requiring reuse or abstraction, previously
issued instructions must be repeated in the prompt
since the model has no external memory. Prelim-
inary experiments with LLaMA-3.1-8B showed
substantially lower accuracy, so we report results
for stronger models in this paradigm.

Agentic LLM decomposition. The second base-
line represents an agentic design in which the task
is decomposed into subtasks handled by special-
ized prompts, while each subtask is still solved
end-to-end by an LLM. In this setup, the model ex-
ecutes instructions step-by-step for Tasks (i)–(iv),
and for abstraction (Task v) is prompted to translate
sequences of placement instructions into a reusable
Python function that captures the structure of the in-
struction sequence. If the generated code is correct,
reconstructing the structure reduces to invoking
this function with new parameters.

This baseline therefore introduces modular task
decomposition while retaining LLM-driven execu-
tion, without explicitly coupling clarification gen-
eration with execution control. We implement this
approach using LLaMA-3-70B (Meta, 2024).

Structured parsing architecture. COCORELI
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represents a third design paradigm in which sub-
tasks are further decomposed into LLM-based inter-
pretation and deterministic execution components.
Instead of solving subtasks end-to-end, the LLM
primarily produces structured representations that
are validated and executed by specialized modules.
This allows explicit detection of missing parame-
ters and controlled clarification before execution.

Comparison scope. The goal of these baselines is
not exhaustive optimization but to represent com-
mon architectural paradigms and test whether im-
proved reasoning and detection prevent execution
under incomplete specifications. The single-LLM
baseline reflects monolithic prompting, the agen-
tic baseline reflects modular decomposition with
LLM-driven components, and COCORELI repre-
sents structured parsing with explicit task represen-
tations. Our comparison therefore examines how
increasing levels of structural control affect execu-
tion reliability under underspecified instructions.

Further implementation details for the baselines
and COCORELI are provided in Appendix A.

6 Results on COCOBOTS tasks
Results of Tasks (i) and (ii). Fully specified single-
part instructions were handled reliably by all sys-
tems, with only minor errors in coordinate recovery
for the CoT baselines. Sequences of two instruc-
tions (Task ii) proved more challenging, particu-
larly for the single-LLM baselines, which showed
reduced accuracy in identifying the properties of
the second object. As discussed further in Task (iv),
this difficulty becomes more pronounced when the
second instruction is underspecified. Detailed re-
sults for Tasks (i) and (ii) are reported in Tables 6
and 7 in Appendix B.

Constructing complex shapes (Task iii). Task (iii)
evaluates the ability to follow instruction sequences
describing multi-part structures. A strict metric
considers a shape correct only if all instructions
are executed correctly. However, because complex
structures consist of multiple instructions, a more
informative measure is the proportion of correctly
executed steps within each structure. Table 2 in
Appendix J.1 reports this step-level accuracy.

Under this metric, COCORELI achieves the high-
est overall accuracy (78.57%), outperforming both
the CoT baselines and the agentic baseline. No-
tably, COCORELI is the only system that partially
reconstructs the most complex structure (the “Mo-
roccan bridge”), which requires both abstraction

System Step Acc (%) Shapes Fully Built (%)

GPT-4.1 (CoT) 54.67 40
Claude 3.5 (CoT) 69.04 60
Agentic LLM 69.04 70
COCORELI 78.57 50

Table 2: Performance on complex shape construction
(Task iii). Step accuracy measures the proportion of
correctly executed instructions across shapes. The full
per-shape breakdown is provided in Appendix J.1.

and subsequent reference to the structure (see
Task (v)). None of the other systems were able
to execute this correctly. These results suggest that
explicit task decomposition and structured execu-
tion improve robustness when instructions involve
multiple spatial relations.

Underspecified instructions (Task iv). Task (iv)
evaluates the ability to detect and resolve missing
information; all metrics are computed over under-
specified inputs. We first test underspecified single-
part instructions, where systems must detect miss-
ing parameters by returning null values and, when
possible, generate a clarification question (CQ).

As shown in Table 3, detection performance
varies across models, with single-LLM baselines
often failing to identify missing parameters. Only
the agentic baseline and COCORELI can issue clari-
fication questions. Once the missing information
is provided, both systems correctly incorporate it
without hallucinations.

We next evaluate underspecified instructions in-
volving two parts (Table 4). COCORELI reliably
detects missing information, asks clarification ques-
tions, and updates the parse without hallucinations.
In contrast, CoT-style prompting infers missing at-
tributes and hallucinates part properties. ReAct (im-
plemented over GPT-4.1) and the agentic baseline
improve detection and generate clarification-like
queries, but do not enforce execution constraints,
often proceeding under incomplete specifications
and leading to persistent hallucinations. This shows
that detection alone is insufficient, as baseline sys-
tems often infer missing attributes, leading to exe-
cution on incorrect but fully specified parses. Ad-
ditional analysis of user burden is provided in Ap-
pendix I.

In-context abstraction and reuse (Task v). Task
(v) evaluates whether systems can abstract a struc-
ture from instructions and reproduce it in later inter-
actions. Models first construct nine complex struc-
tures and are then asked to recreate them without
restating the original instructions. A reproduced
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Shape GPT Claude Agentic COCORELI

Detected 27.2 49.4 100 100
CQs Asked N/A N/A 100 100
Correct (CQ) N/A N/A 100 100
Hallucinations:
On Parts 20.0 0.0 0.00 0.00
On Colors 2.1 2.1 34 0.00
On Location 100 38.9 51.9 0.00

Table 3: Accuracy (%) on Task (iv): underspecified
instructions describing one part.

Shape GPT Claude Agentic ReAct COCORELI

Detected 54.5 53.5 98.5 96.5 96.5
CQs Asked N/A N/A 98.5 96.5 100
Correct (CQ) N/A N/A 100 96.5 100
Hallucinations:

Parts 100 100 97.5 0.5 0.00
Colors 45.5 46.5 44.6 3.0 0.00
Location 100 100 78.2 1.5 0.00

Table 4: Accuracy (%) on Task (iv): underspecified
instructions describing two parts. Part hallucination is
reported for completeness; part identity is often infer-
able from context.

structure R is considered correct if there exists a
bijection f between the parts of R and those of
the original structure O that preserves all relative
spatial relations.

Table 5 shows that all systems reproduce simple
structures successfully. The agentic baseline fails
on medium-sized shapes (16–18 parts), while the
CoT baselines succeed on these cases but fail on
the most complex structures. COCORELI recon-
structs all evaluated structures, including the most
complex ones.

The differences in performance reflect the nature
of the tasks each system must solve. In the CoT and
agentic baselines, abstraction requires the model
to infer a reusable procedure from a sequence of
placement instructions, which involves planning
and program synthesis. In particular, the agentic
baseline must generate Python code that captures
the structure of the instruction sequence, and recon-
struction succeeds only if this generated program is
correct. In contrast, COCORELI treats abstraction
as a structured parsing problem. The system ex-
tracts placement information from instructions and
represents the resulting configuration as a relational
graph with parts as nodes and spatial relations as
edges. Reconstructing a structure reduces to re-
instantiating this graph with new parameters. The
higher accuracy observed for COCORELI thus re-
flects explicit structural representations rather than
superior reasoning ability. See Appendix B.

7 Learning new functions in context in
ToolBench

Shape Category GPT Claude Agentic COCORELI

Simple (4 shapes) 4/4 4/4 4/4 4/4
Medium (3 shapes) 3/3 3/3 1/3 3/3
Complex (2 shapes) 0/2 0/2 0/2 2/2

Table 5: Summary results for Task (v): abstraction and
reproduction of novel shapes. Full per-shape results are
provided in Appendix J.3.

To examine whether the abstraction mechanism
of COCORELI transfers beyond spatial construction,
we evaluate it on the ToolBench dataset (Qin et al.,
2024). ToolBench contains workflows composed
of API calls that access external services. While
this domain differs from COCOBOTS, both settings
require mapping natural language instructions to
structured, parameterized actions that can later be
reused with new arguments. We use ToolBench
because it provides workflow demonstrations that
can be abstracted and re-instantiated with new pa-
rameters, allowing us to directly evaluate structural
reuse beyond the spatial domain.

ToolBench does not contain underspecified in-
structions and therefore does not exercise the clarifi-
cation mechanism. Instead, the experiment isolates
the abstraction capability: given a workflow and
new input parameters, the system must reproduce
the correct function calls with updated arguments.
Because the task concerns structured reuse rather
than interactive execution, we compare COCORELI

only with single-LLM CoT baselines.

Methodology After preprocessing the workflows
(Appendix L), we provide the system with (i) the
original user instruction and corresponding API
call sequence and (ii) new parameter values. CO-
CORELI parses the workflow instruction with the
Instruction Parser and produces a structured repre-
sentation workflow_i. When given the cue this is
a workflow_i, the Builder abstracts this represen-
tation and stores the template in External Memory.
The stored template can then be instantiated with
new arguments to produce the updated API calls.
In contrast, the CoT baseline (Claude 3.5 Sonnet)
must infer the workflow pattern directly from the
prompt and regenerate the calls with modified pa-
rameters.

Results On 100 ToolBench workflows, the CoT
baseline (Claude) achieved 36.4 precision, 26.9 re-
call, and 30.9 F1, whereas COCORELI achieved
100 on all three metrics. Precision measures the
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proportion of generated API calls that match the
expected workflow, while recall measures the pro-
portion of expected calls correctly reproduced.

These results should not be interpreted as demon-
strating superior reasoning. In ToolBench the base-
line must infer workflow structure through plan-
ning and pattern induction, whereas COCORELI

converts the task into structured parsing followed
by deterministic abstraction via its relational rep-
resentation. The experiment therefore illustrates
how explicit structural representations and external
memory enable reliable workflow reuse rather than
indicating that COCORELI performs a harder task.

Overall, reliable agent execution benefits from
explicit mechanisms for both clarification of miss-
ing task parameters and reusable task abstractions.

8 Conclusion
Reliable execution under underspecified instruc-
tions requires more than detecting missing infor-
mation. Agents must also prevent execution until
the information necessary for task completion has
been acquired. To investigate this principle, we
introduced COCORELI, a modular architecture that
represents instructions as executable task structures,
explicitly tracks unresolved parameters, and cou-
ples clarification with execution control.

Experiments in COCOBOTS show that enforcing
execution preconditions through structured repre-
sentations and targeted clarification prevents hal-
lucinated actions under incomplete specifications,
whereas prompting-based and agentic baselines
may still execute despite detecting missing infor-
mation. We further demonstrated that the same rep-
resentations support abstraction and reuse beyond
spatial construction through transfer to ToolBench
workflows.

Taken together, our results suggest that reliable
instruction following under incomplete task spec-
ifications depends not only on model capability,
but also on architectural mechanisms that explicitly
represent task requirements and enforce their satis-
faction before execution. We hope that COCORELI

and COCOBOTS provide useful foundations for fu-
ture work on collaborative agents operating under
incomplete information.
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Limitations
COCORELI focuses on reliability under underspeci-
fied instructions rather than providing a complete
architecture for collaborative agents. Several limi-
tations remain.

First, our approach assumes that tasks can be
represented through structured schemas. In our ex-
periments, API functions and object specifications
are expressed in JSON, which enables explicit de-
tection of missing parameters. Real-world systems
may require additional preprocessing or schema
design to convert raw tool interfaces or environ-
ment states into such structured representations.
Moreover, identifying which recurring patterns in
demonstrations or interaction histories should be
abstracted into reusable task structures remains a
challenging problem in its own right. Our work as-
sumes that such reusable patterns can be identified
and focuses instead on their structured representa-
tion and subsequent reuse. Second, our guaran-
tees apply only when underspecification can be rep-
resented within a known task schema. COCORELI

does not address cases where instructions are fully
specified but incorrectly parsed, where users refer
to entities or actions that fall outside the schema,
or where ambiguity arises from pragmatic intent
rather than missing task parameters. These forms
of uncertainty require richer semantic representa-
tions, schema adaptation mechanisms, and more
sophisticated models of user intent. Although
COCOBOTS is intentionally controlled to isolate
underspecification, sequential state tracking, and
structural reuse, future work should evaluate these
principles in richer collaborative environments in-
volving more complex planning and grounding re-
quirements.

Third, our conversational component models
only a narrow form of dialogue: clarification for
resolving missing task parameters. It does not
address other collaborative discourse phenomena
such as corrections, negotiation of goals, or ex-
tended multi-turn reasoning. Handling richer inter-
action patterns would require more sophisticated
dialogue management mechanisms.

An additional limitation concerns the experimen-
tal comparison. Our baselines represent three com-
monly used architectural paradigms rather than
matched implementations on a shared backbone.
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Although our goal is to evaluate the effect of ar-
chitectural design rather than optimize individ-
ual prompting strategies, future work should com-
pare COCORELI against equally engineered CoT
or agentic pipelines using the same underlying lan-
guage model. Such experiments would further iso-
late the contribution of the execution architecture
from differences in prompt engineering effort and
model capabilities.

Finally, COCORELI does not include an explicit
planning module for decomposing high-level goals
into sequences of actions. In our experiments, in-
structions are assumed to be provided by an Archi-
tect agent, and integrating structured clarification
and abstraction mechanisms with planning remains
an open challenge.

Despite these limitations, our experiments high-
light a necessary architectural capability for reli-
able agent execution under incomplete task specifi-
cations. Systems that lack explicit mechanisms for
detecting missing task parameters and represent-
ing reusable task structures tend to rely on implicit
inference, which frequently leads to incorrect or
inconsistent actions. Our results therefore suggest
that clarification and structured abstraction are im-
portant architectural components for reliable exe-
cution under incomplete task specifications.
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Appendices
A Technical specifications
Baseline single LLM models from commercial
APIs:
1. Claude-3.5-Sonnet (175 billion parameters) API

from the official API: https://claude.ai/
new

2. GPT-4.1 (unknown parameter size) from the of-
ficial API: https://platform.openai.com/
docs/models/gpt-4.1

For the Agentic Model, we used Llama-3.3-70b-
Instruct, through the AI/ML API service: https:
//aimlapi.com/app/.
For the design and implementation of CO-
CORELI, we used LLaMA-3.1 8b from the Ol-
lama library (https://ollama.com), and from the
transformers library from HuggingFace (https:
//huggingface.co/). All 8b experiments were
done locally without using any commercial APIs.
To run the Hugging Face models locally, we used
Volta GPUs from NVIDIA.

B On the Nature of the Architectural
Contribution

The empirical comparisons in this paper may be
interpreted as performance comparisons across
systems of different scales. We clarify that the
primary contribution is architectural rather than
performance-driven.

The central claim is not that COCORELI outper-
forms larger models, but that it enforces a struc-
tural coupling between detecting missing informa-
tion and executing actions. In COCORELI, incom-
plete task representations cannot be executed: if
required parameters remain unresolved, execution
is blocked. As a result, the absence of hallucinated
actions under underspecification follows from this
execution model, rather than from improved detec-
tion or reasoning capability.

The baseline comparisons are intended to illus-
trate that this property is absent in prompting-based
paradigms. In such systems, detection of missing
information and action generation are decoupled
processes: even when missing information is identi-
fied during reasoning, actions may still be produced
based on inferred values. This behavior reflects ar-
chitectural design choices rather than limitations of
model capability.

The difference in model scale between CO-
CORELI (LLaMA-3.1 8B) and the CoT baselines
(GPT-4.1, Claude-3.5-Sonnet) should therefore

Minecraft Cocobots

Figure 2: Graphical representations of the Minecraft
and the Cocobots environments.

be interpreted in this context. The structural
enforcement of execution preconditions in CO-
CORELI operates independently of model scale,
while prompting-based approaches rely on model
behavior to avoid incorrect execution. Such archi-
tectures could also benefit from complementary
efficiency methods such as TALE, which improves
task-specific performance while further reducing
model size (Naim et al., 2026b).

We note that this guarantee applies to missing-
parameter cases. Incorrect but fully specified rep-
resentations remain possible and represent an im-
portant limitation of the current approach.

C COCOBOTS-MINECRAFT
Figure 2 contrasts our environment with Minecraft-
based tasks.

D Tasks 1 and 2
Evaluation Protocol. Evaluation is performed on
structured representations (part, color, coordinates,
relations) rather than raw text outputs. For multi-
step outputs, only the final action corresponding
to each instruction is evaluated, as intermediate ac-
tions may include state reconstruction. The second
instruction is classified as independent if it speci-
fies absolute coordinates, and dependent if it refers
to a previously placed part (e.g., “on top”, “left
of”). For dependent placements, correctness is de-
termined by relation type and anchor consistency
rather than absolute coordinates. Coordinates fol-
low a row–column convention with the top-left cell
defined as (1,1).

Single-part placement instructions To test Task
(i), we generated 20 simple, synthetic sentences
containing a placement instruction of a single ob-
ject, with all the needed parameters in the input. As
explained in Section 3, the COCOBOTS parts are
three-dimensional, may occupy one or two cells
in the grid, and are gravity-bound. Since there
are no prior placed objects in these instructions,
gravity constraints mean that we only specify the
[x, y] coordinates in these sentences. The sentence

https://claude.ai/new
https://claude.ai/new
https://platform.openai.com/docs/models/gpt-4.1
https://platform.openai.com/docs/models/gpt-4.1
https://aimlapi.com/app/
https://aimlapi.com/app/
https://ollama.com
https://huggingface.co/
https://huggingface.co/
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structures are the following:
• Place a [COLOR] [PART] at the [X]th column,
[Y]th row.

• Place a [COLOR] [PART] at the [relative
coordinate] of the board.

For horizontal bridges, two columns are provided
for the [x1, x2] placement requirement, and, for
vertical bridges, two rows for [y1, y2]. The relative
coordinates may be grid positions such as top left,
middle, etc., to be interpreted by the LLM agents.

This data captures the two ways in which a user
may fully define the placement of a part, either with
absolute or relative coordinates.

Sequences of single-part instructions For Task
(ii), the objective is to extract multiple objects from
the same input. The input is composed of two
sentences, with the same structure as the single
instruction sentences. We created 13 tuples of these
sentences with three possible variations: either the
two parts are independently placed from each other,
or the second part’s placement is dependent on the
first part’s position (either on top or adjacent).

Results of tasks 1 and 2: We evaluated the ac-
curacy of identifying the part type (e.g., washer,
hexagonal nut), the color of the part, and the co-
ordinates of the part on the grid for the placement
of an object. Table 6 shows the results. The base-
lines, the agentic system, and COCORELI, could
all identify the type and colors. However, while
the agentic LLM and COCORELI identified correct
coordinates, the CoT single LLMs struggled with
this.

Our system performed well on Task (ii) as well
and

correctly identified the object properties for both
objects in the input, as did the agentic model. The
CoT LLMs were successful in extracting informa-
tion for the first object of the input, but struggled to
properly identify the second, with a 23-38% drop
in accuracy.

For Task (ii), we evaluate the accuracy of the
first and second instructions separately, since each
part has a separate object and property. The results
are in Table 7. The second part of the sequence
may have either independent coordinates (“Inde-
pendent”) or dependent coordinates (“Dependent”)
to an anchor part (“Dep. Anchor”).

E Task 3 and 5
Here are the full results on the more complex
shapes, given in Table 8

Accuracy GPT-4.1 Claude Agentic COCORELI

Part type 100 100 100 100
Part color 100 100 100 100
Coordinates 83.33 83.33 100 100
TOTAL 94.44 94.44 100 100

Table 6: Fine-grained accuracy results (%) on Task (i):
Single-part placement.

Accuracy GPT-4.1 Claude Agentic COCORELI

1st 2nd 1st 2nd 1st 2nd 1st 2nd
Part type 100 100 100 100 100 100 100 100
Part color 100 100 100 100 100 100 100 100
Coordinates 100 – 100 – 100 – 100 –
Independent – 100 – 100 – 100 – 100
Dependent – 100 – 100 – 100 – 100
Dep. Anchor – 63.64 – 63.64 – 100 – 100
TOTAL 96.97 96.97 100 100

Table 7: Fine-grained accuracy results for Task (ii):
Simple two-part instruction sequences, for the first and
second instructions of the sequence. Dashes indicate
not applicable (coordinates are not evaluated for de-
pendent placements). While overall accuracy is high,
performance on dependent anchor placement reveals
persistent failures in executing relational instructions.

Here is the full results for the abstraction claims
in Table 9

E.1 COCOBOTS task data
We provide detailed data for Tasks (i) and (ii) in
Appendix D and focus here on the remaining task
families.

Complex structure construction. Task (iii) evalu-
ates the ability to follow sequences of instructions
describing multi-part structures. Instructions may
involve standard or complex parts and can spec-
ify either absolute or relational placements (e.g.,
“place a horizontal row of four purple gaskets”).
The set of evaluated shapes is listed in Table 2; ad-
ditional examples and visualizations are provided
in Appendix J.1.

Underspecified instructions. Task (iv) evaluates
handling of incomplete instructions. We construct
two variants: underspecified single-sentence in-
structions (analogous to Task (i)) and underspec-
ified two-sentence sequences (analogous to Task
(ii)). Dataset construction details are given in Ap-
pendix J.2.

Learning abstract functions in context. Task (v)
evaluates whether models can abstract a structure
from instructions and reproduce it in later interac-
tions. Systems first construct nine complex struc-
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Shape GPT-4.1 Claude Agentic COCORELI

A 66.67 50.00 100 100
B 50.00 100 100 75.00
C 100 100 100 100
D 0 50.00 100 25.00
E 100 100 100 75.00
G 60.00 80.00 0 100
X 0 100 50.00 100
Square 100 100 100 75.00

+ 100 100 100 100
Moroccan 0 0 0 57.1
TOTAL 54.67 69.04 69.04 78.57

Table 8: Accuracy (%) based on # correct steps /#total
steps following instructions in Task (iii).

Shape ID GPT-4.1 Claude Agentic COCORELI

A20 tower T T T T
C15 stack T T T T
D21 T T T T
X34 T T T T
Square T T T T
Triad T T F T
Face T T F T
I F F F T
Skull F F F T

Table 9: Evaluation on Task (v): Shape reproducibility
from instructions for learning functions in context

tures from instructions and are then asked to recre-
ate them without explicit restatement of the original
steps. The evaluated structures are listed in Table 5,
with further details in Appendix J.3.

F Ablation Study
F.1 Controlled and implicit ablations
We first performed small controlled ablations by
disabling single modules on the task families where
they are structurally required. As shown in Ta-
ble 10, each removal leads to categorical collapse
(0% or 100% failure), indicating that these compo-
nents are essential for system functionality.

Ablation Task subset (N) Outcome
Clarification loop
disabled

20 0 / 20 completions

External memory
disabled

5 0 / 5 abstractions

Parser/Builder/Locator
sep. removed

10 10 / 10 invalid
JSONs or crashes

Table 10: Controlled ablation results on representative
subsets of the relevant task families. Each removal
produces categorical collapse (0% or 100% failure),
confirming that these modules are structurally necessary.

While these controlled removals establish that

modules are indispensable, they do not reveal how
each contributes. Because COCORELI is prompt-
driven, destructive ablations would require rewrit-
ing prompts, effectively creating a new system
rather than a controlled variant. We therefore re-
port task-based ablations, where distinct evalua-
tion regimes (simple parsing, multi-part planning,
ambiguous inputs, and abstraction with memory)
naturally isolate the role of each module without
altering the architecture.
• Parsing only (Tasks i–ii). With 1–2 parts, CO-

CORELI achieves 100% accuracy, isolating pure
parsing ability (Table 6, Table 7).

• Complex multi-part instructions (Task iii). Ac-
curacy drops as implicit planning load increases,
highlighting the limits of planning without a ded-
icated planner (Table 2).

• Ambiguous instructions (Task iv-a,b). Under-
specified fields produce null in the JSON, which
deterministically triggers a clarification question
(CQ). This shows the loop’s necessity: without
it, the system hallucinates or stalls (Table 3, Ta-
ble 4).

• Abstraction and reuse (Task v). Once parsing
succeeds, retrieval from external memory is de-
terministic, so COCORELI reproduces complex
shapes with 100% accuracy. Without memory,
no reuse is possible (0%), showing that memory
is essential for enabling abstraction and reuse
(Table 5).
Together, the controlled and task-based ablations

show both the necessity and the functional role of
parsing, clarification, and memory, without requir-
ing ad-hoc prompt rewrites.

G More Related Work
We define an agentic system as a triple A =
(s0, S,→A), with S a set of states, s0 a special state
representing the environment, and →A: S → S a
non-empty typed set of labelled transitions S with
A a set of action types. Agents are functions or
relations (if agents are nondeterministic) between
states, while states represent: (i) inputs from the
environment to an agent, (ii) a repository of in-
formation about properties and objects, possible
actions, as well as goals and constraints relevant
to system tasks, (iii) representations pertinent to
the task that one agent provides to another agent.
We can compose agents together, as the set of tran-
sitions are closed under composition a1 ◦ a2, non
deterministic choice a1 ∪ a2, iteration a∗, provid-
ing general programmable relations over functions.
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Our agentic definition is thus a special case of a dy-
namic semantics used for programming languages
(Harel, 1984), which enables sophisticated logical
techniques for studying the logical properties of
agentic systems. A

Our definition applies to an agentic system that
takes a complex prompt of an LLM and divides
it into a sequence of smaller prompts for different
LLM agents. We can also easily represent memory
as a state that an agent may operate on by adding
new transitions or adding more facts, constraints
and functions. An executor defines a transition on
s0. A decision procedure is a transition that outputs
a state for the executor.

Prompting techniques LLMs falter at generaliza-
tion, since it requires abstraction beyond the scope
of their learned representations (Zhang et al., 2023).
Approaches such as in-context learning (ICL) pro-
vide additional information to the LLM in the
form of an analogy, thus expanding their domain
knowledge, for example, in mathematical equa-
tions (Naim et al., 2025a,b, 2026a; Mirzadeh et al.,
2025). However, ICL remains limited to domain
adaptation, lacking generalizability (Dong et al.,
2024).

Chain-of-thought (CoT) prompting (Wei et al.,
2022; Wang et al., 2023) aims to improve perfor-
mance by asking the LLM to resolve a task by
documenting its solution step by step. SayCan Ahn
et al. (2022) supply an LLM with the list of sim-
pler tasks and prompt the model to decompose a
complicated task as a sequence of simpler tasks.
Press et al. (2023) introduce multi-hop questions
in CoT prompting with answers that require mul-
tiple facts that are novel to the LLM. The ReACT
framework by Yao et al. (2023b) extends the CoT
process by integrating information retrieval from
the Wikipedia API. Yao et al. (2023a) introduce
trees of thought (ToT) in order to diversify the
LLM’s decision-making process to improve perfor-
mance. Long (2023) also enhances CoT with ToT,
and incorporate agents and external memories.

Agentic models Several studies have tested single-
agent LLM models on their abilities in complex
interactive tasks, including games, and report weak-
nesses in reasoning and planning (Liu et al., 2024;
Gioacchini et al., 2024; Wu et al., 2024). Specifi-
cally on Minecraft, Wu et al. (2024) report very low
performance of multiple LLMs compared to hu-
man competencies and problems, such as with 3D
spatial reasoning. Larger LLMs (GPT3.5, LLaMA-

3.1 70B) still outperform smaller, novel LLMs in
game benchmarks (tse Huang et al., 2025). Re-
garding multi-agent approaches, Park et al. (2023)
introduced Generative Agents, a system based on
GPT-3.5 that uses independent agents, each capable
of utilizing functions for memory retrieval, reflec-
tion generation, and sequence planning. Ruther-
ford et al. (2023) used multi-agent reinforcement
learning (MARL), testing in a variety of tasks in
experimental computational game theory. Xu et al.
(2024) assigned cognition, adaptability, rationality,
and collaboration objectives to multiple agents, us-
ing probabilistic graphic modeling. They reported
that the larger LLMs, such as GPT-4 Turbo, had
the best performance on game benchmarks.

Interactive and memory-augmented agents
Mehta et al. (2024) study interaction in Minecraft-
style environments, where agents can receive help
feedback from humans or simulated sources. Their
approach is reactive and correction-oriented: the
agent acts, and when errors occur, feedback is in-
tegrated to recover. In contrast, the COCOBOTS

benchmark assumes that wrong placements are
not permissible, making proactive clarification
essential. COCORELI’s discourse module there-
fore resolves underspecification before execution,
whereas Mehta’s framework is not directly applica-
ble under COCOBOTS’s stricter setting.

Sarch et al. (2023) introduce HELPER, an em-
bodied agent with a memory-augmented LLM that
retrieves past language–program pairs to improve
generalization in instruction following. While ef-
fective on TEACh, HELPER’s reliance on retrieval
limits its ability to handle novel underspecified
tasks, as it lacks the compositional abstractions
(e.g., coordinates, parts, colors) needed for recom-
position in COCOBOTS. Moreover, HELPER’s
feedback mechanism is reactive and post-execution,
asking for corrections after acting, whereas CO-
COBOTS requires proactive clarification before any
placement, since errors are not permissible. Conse-
quently, HELPER’s memory and correction style
are not directly applicable to the structured un-
derspecification benchmarks that COCORELI ad-
dresses.

Tool learning Tool learning involves the use of
external tools to improve problem solving and
broaden the functional scope of the LLM, thus
augmenting performance on specific downstream
tasks (Parisi et al., 2022; Gao et al., 2023; Long,
2023). Recently, researchers have developed self-
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supervised tools that can support a level of abstrac-
tion and generalization, making them useful across
multiple applications. Schick et al. (2023) devel-
oped Toolformer, an LLM with GPT-3 in its un-
derlying architecture, that is capable of generating
functions to use API tools from various websites.
ToolLLM (Qin et al., 2024) has a similar moti-
vation in generating API calling functions with
LLaMA-2 7B in an unsupervised manner, in ad-
dition to proposing ToolBench, a dataset for eval-
uating unsupervised tool learning. Gorilla (Patil
et al., 2024) is also an API function generating tool
that incorporates document retrieval from the target
API documentation. Tang et al. (2023) introduced
ToolAlpaca, a framework to fine-tune LLMs for
better tool learning of API functions.

H Cost Analysis
Table 11 compares efficiency across different se-
tups for instruction-to-action parsing.

The CoT systems (GPT-4.1, Claude) incur di-
rect API costs per query. Their outputs are compact
(around 20–40 tokens), which keeps costs mod-
est, but differences in vendor pricing lead to GPT
averaging around $6 per 1K queries and Claude
around $10. Latency is flat (8–11s) across speci-
fied and underspecified tasks because these models
do not attempt clarification—underspecified inputs
are simply passed through with null placeholders.
This avoids additional cost but leaves instructions
incomplete.

The Agentic baseline (LLaMA-70B) uses
multi-step reasoning with longer outputs (around
150–300 tokens). When underspecified, it may is-
sue clarification questions, which slightly increases
output length and cost, but this behavior is inconsis-
tent: some queries are left unresolved while others
expand into long reasoning traces. As a result, the
underspecification penalty manifests as stochastic
increases in token usage, with the burden of resolu-
tion falling on the model’s exploratory generation.

COCORELI (LLaMA-8B) runs locally and there-
fore incurs no API costs. Its outputs are structured
JSON parses, where missing fields are explicitly
marked as null. A deterministic Python layer ex-
ecutor module then converts these into targeted
clarification questions. This design shifts under-
specification handling out of the LLM itself: the
model cost remains constant across specified and
underspecified tasks, and clarifications are resolved
predictably without bloating output sequences.

In short, GPT and Claude bypass underspecifi-

System Task Tokens Latency(s) Cost($/1K)
GPT 1S 2818/17 [2835] 10 5.77

2S 2829/33 [2862] 10 5.92
1U 2816/17 [2833] 11 5.77
2U 2829/33 [2862] 10 5.92

Claude 1S 3096/19 [3115] 8 9.57
2S 3139/38 [3177] 8 9.99
1U 3126/19 [3145] 8 9.66
2U 3139/38 [3177] 8 9.99

Agentic 1S 2823/150 [2973] 9 2.79
2S 2835/299 [3134] 9 2.94
1U 2823/150 [2973] 9 2.79
2U 2835/299 [3134] 9 2.94

COCORELI 1S 4623/141 [4764] 12 0.00
2S 4635/282 [4917] 12 0.00
1U 4623/141 [4764] 10 0.00
2U 4635/282 [4917] 12 0.00

Table 11: Efficiency metrics across systems and task
types. Tokens are average per-instruction values, re-
ported as input/output [total]. Costs are reported in U.S.
dollars per 1,000 queries, computed from official per-
million input/output token pricing (COCORELI runs lo-
cally, cost 0.00). 1S = one-part specified, 2S = two-part
specified, 1U = one-part underspecified, 2U = two-part
underspecified. Task 3 omitted since costs scale propor-
tionally with instruction length while relative ordering
is preserved (accuracy in Table 2).

cation, Agentic absorbs it stochastically in model
outputs, and COCORELI handles it deterministi-
cally outside the model, trading modest latency for
zero API cost and predictable clarification.

We do not report efficiency for the abstraction
experiments in Table 5, since these are one-shot
queries rather than repeated instruction follow-
ing. Nonetheless, the scaling behavior is infor-
mative: for CoT systems, output size grows di-
rectly with the number of parts (e.g., regenerat-
ing 60 place(...) calls is much more expensive
than 6). For the Agentic baseline, outputs scale
with the complexity of the induced program (longer
Python code for more complex structures). By con-
trast, COCORELI abstracts structures into a fixed-
size JSON schema, so output size is independent
of the structure’s size or complexity. This makes
COCORELI’s abstraction mechanism cost-invariant,
even as structures grow large.

I User Burden Analysis
To evaluate the practical impact of our system on
end users, we conduct a user burden study that
quantifies both the correctness and the effort re-
quired during interaction. In the context of our CO-
COBOTS setup, user burden primarily arises from
the clarifying questions (CQs) that the system is-
sues to resolve underspecified instructions.
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I.1 Metrics for Underspecified Instructions
For instructions that are partially underspecified,
we define the following metrics with respect to the
gold standard set of missing information:
• True Positive (TP) CQs: A CQ that correctly

targets missing information. This reflects neces-
sary questions that genuinely reduce ambiguity
for the user.

• False Positive (FP) CQs: A CQ that asks for in-
formation which is already fully specified. These
represent unnecessary interruptions, increasing
cognitive load and interaction time.

• False Negative (FN) CQs: Missing information
that the system fails to ask about. FN CQs in-
dicate situations where the user must provide
additional guidance on their own.

• Precision, Recall, F1: Derived from TP, FP, and
FN. Precision reflects the fraction of CQs that
were necessary (low FP), recall measures the
fraction of missing information addressed (low
FN), and F1 captures the balance. These metrics
quantify user burden in terms of correctness.

By combining correctness (or user-burden) metrics
(TP, FP, FN, precision, recall, F1 for underspeci-
fied instructions) with unnecessary CQs (for fully
specified instructions) and efficiency measures (to-
kens, time, cost), we provide a comprehensive and
objective assessment of user burden.

These metrics provide a reproducible proxy for
user burden. While actual human perception may
vary, unnecessary and missed clarifications, as well
as time and token usage, directly reflect potential
cognitive and operational load on the user.

J COCOBOTS dataset details
J.1 Task (iii)
For this task, every single instruction is fully spec-
ified. The instructions themselves are complex,
drawing away from the simple template style ap-
proach we were following. The shapes are con-
structed from 2 to 6 instructions. Some of these
contain the same type of part, while others have a
variety of parts and colors. The Moroccan Bridge
structure is a highly complex shape composed of
18 COCOBOTS parts. A detailed list and a visual-
ization of the shapes in the COCOBOTS for this task
is below. Here is a sample:

[Turn 1]<Architect>Starting on the sec-
ond row and second column, place a ma-
genta washer
[Turn 2]<Architect> On the third row, a

column of four more magenta washers.
All in the second column
...

A detailed list of the 10 complex shapes used for
Task (iii): Construction of complex shapes

• A: 14 parts (magenta washers) | 6 instructions
• B: 10 parts (various parts/colors) | 4 instructions

(see Figure 3)
• C: 8 parts (green screws) | 3 instructions
• D: 10 parts (various parts/colors) | 4 instructions
• E: 10 parts (various parts/colors) | 4 instructions
• G: 17 parts (various parts/colors) | 5 instructions
• +: 9 parts (magenta bolts) | 3 instructions
• Square: 16 parts (various bolts) | 4 instructions
• X: 10 parts (various bolts) | 2 instructions
• Moroccan Bridge structure: A composite

shape, made up of a complex shape that has to be
learned as a Moroccan Bridge (5 parts of various
colors) and reused, alongside 5 other standard
parts | 8 instructions (see Figure 4).

Figure 3: The B Shape

Figure 4: The Moroccan Bridge

J.2 Task (iv)
We detail here the two data sets of underspecified
instructions. For the single sentence dataset, we
created 81 sentences, similar to those of Task (i),
but with one piece of information missing: the part
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name (e.g. “it” instead of “nut”), the color, or one
or all of the coordinates. For two sentence dataset,
we created 202 instructions, in which either one or
both parts described in the instruction were under-
specified: the first single part placement was fully
specified in 40 of those, and the second part place-
ment was fully specified in 73 of the instructions.

J.3 Task (v)
We give details on the 9 structures for this task.
The first 4 structures are composed of 2-3 parts
and have novel names (e.g., A20 tower) in order to
ensure that the LLMs did not retrieve shape infor-
mation from representations learned in pretraining.
The other 5 structures have common names (e.g.,
square, skull) but are composed of significantly
more parts (16-18 for moderate complexity, up to
62 for complex structures).
A sample of human input to COCORELI for the
C15 shape:

- INST: Can you place a blue screw at
row 4 column 5 height 1

- A: Place a blue screw at row 4 column
5 height 1

- INST: Place a red screw next to the
blue screw, and put a red screw on top.

- A: Place a red screw at row 4 column
6 height 1

- A: Place a red screw at row 4 column
6 height 2

- INST: This is what I call a C15
- INST: Now make me another C15 at

the eighth row and ninth column

K Algorithms for Abstraction and
Reconstruction

Algorithm 1 Convert Structure to Graph to
Abstract Coordinates
Require: S ▷ S:Structure containing exact coordinates and

part names
C← Number of connected parts in S
A← 1 ▷ Initialise to the first connected component
G← [ ] ▷ Empty Adjacency List for a single component
T← {} ▷ Empty Dict to store all Adjacency Lists
while C ̸= 0 do ▷ Iterate through all connected parts

while v in A do ▷ Iterate through the vertices in A
X ← parts in all adjacent coordinates of v
G[v]← X ▷ Vertex v stores information about all

the ’neighbors’
v← v + 1 ▷ Move to the next vertex

end while
T [C]← G ▷ Add G to the final graph
G← 0 ▷ Flush G to store next component
C ← C − 1 ▷ Move to the next component

end while

Algorithm 2 Compute Offsets from Reference
Point
Require: St ▷ The user start coordinates for the first

component
Require: T ▷ The Stored Graph for a structure

Firsts← First vertices for each component
Ref← Firsts[0] ▷ Store the first point as reference
offsets← [] ▷ Initialize empty list to store offsets
Starts← [] ▷ Initialize empty list to store start points
for each (x, y, z) in Firsts do

Append (x−Ref.x, y−Ref.y, z−Ref.z) to offsets
end for
for each (dx, dy, dz) in offsets do

Append (St.X + dx, St.Y + dy, St.Z + dz) to Starts
end for

return Starts ▷ Contains the new starts for each component

Algorithm 3 Apply a stored structure at New user
Location
Require: Starts ▷ The start coordinates to replicate a

structure
Require: T ▷ The graph stored for the the required structure

C← The list of connected components in T
CStarts← The start coordinates for each coordinate from
(2) i← 0 ▷ initialize to first component index
while i < len(C) do ▷ Iterate through the components
s← CStarts[i] ▷ Take the first component’s start
BFS(C[i],s) ▷ Do a bfs traversal starting from s to generate
co-ords respective to the start s
i← i + 1
end while

Algorithm 4 Scale a shape to certain coordinates
Require: G ▷ The concrete coordinates as they are placed on

the board
Require: Tx, Ty, Tz ▷ The target coordinates to scale to

Sx, Sy, Sz ← The bounding box for G
SG ← Nearest_Neighbor([Sx, Sy, Sz],[Tx, Ty, Tz])

return SG ▷ Return the new coordinates after scaling to the
larger grid

Algorithm 5 Abstract2
Require: T ▷ The relative coordinates from (1)

▷ These values below come from the Locator and Chatter
agents
C← Y/N ▷ Yes/No whether to abstract color
P← Y/N ▷ Yes/No whether to abstract parts
S← Y/N ▷ Yes/No whether to abstract shape

return C,P,S ▷ Which parameters of a graph to abstract over
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Algorithm 6 Apply2
Require: G ▷ Applied Graph from (3)
Require: C,P,S ▷ Output from (5) for graph G

if C ← Y and P ← Y and S ← Y then
Require: Cval ← From Chatter(new color)
Require: Pval ← From Chatter and Locator(new Part)
Require: Sval ← From Chatter(new Dimension)

G’← Algo(3) with Cval, Pval

Final← Algo(4) on G’ with Sval

end if
if C ← N and P ← Y and S ← Y then

Require: Pval ← From Chatter and Locator(new Part)
Require: Sval ← From Chatter(new Dimension)

G’← Algo(3) with Pval

Final← Algo(4) on G’ with Sval

end if
if C ← N and P ← N and S ← Y then

Require: Sval ← From Chatter(new Dimension)
G’← Algo(3) with Pval

Final← Algo(4) on G’ with Sval

end if

Algorithm 4 adapts the nearest neighbor scaling
algorithm (Jenkins et al., 1985), so it includes the
limitations that are native to the main algorithm.

L Data preparation for Toolbench
Data We first extracted 100 workflows from the
dataset, i.e., a sequence of user instructions, actions,
and one or more API functions to fulfill the user’s
request. We ensured that they include a descriptive
user instruction and an associated API function
with at least two variables (non-boolean), in order
to evaluate the abstractive abilities of our systems.

For example, the instruction "Schedule a
meeting with Alex tomorrow at 3 pm and
send a confirmation email." is abstracted
into the workflow create_event(q,time) →
send_email(q,message), which is stored in
memory as workflow_1. At inference time, the
stored workflow can be reused with new variables,
e.g., q: Jordan, time: 2025-05-12 14:00,
without relearning the workflow structure.
We present a detailed list of the 9 complex shapes
used for Task (v): Abstractive instructions. The
instructions for these shapes are stored in the Di-
alogue History. The nine structures used in Task
(v) are: A20 tower (4 parts, 5 instructions), C15
stack (7 parts, 6 instructions; ), D21 (6 parts, 5
instructions), X34 (5 parts, 5 instructions), Square
(16 parts, 17 instructions), Triad (18 parts, 17 in-
structions), Face (47 parts), I (18 parts;), and Skull
(62 parts, 63 instructions; Figure 5).

Figure 5: Representative failure cases on Task (v). Top:
target Skull shape (left) and GPT-4.1 reconstruction
(right). Bottom: target I shape (left) and GPT-4.1 recon-
struction (right). Higher resolution versions are avail-
able in the repository.

M Failure cases of the models
We present two failure cases on Task (v) from the
GPT-4.1 baseline in Figure 5. As discussed in
Section 6 and shown in Table 5, the baseline was
not able to reproduce the more complex shapes of
the task from the dialogue history, but COCORELI

was, through abstraction.
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