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Abstract

Recent advances in large language models (LLMs)
allow agents to represent actions as executable
code, offering greater expressivity than traditional
tool-calling. However, real-world tasks often de-
mand both strategic planning and detailed imple-
mentation. Using a single agent for both leads
to context pollution from debugging traces and in-
termediate failures, impairing long-horizon perfor-
mance. We propose CODEDELEGATOR, a multi-
agent framework that separates planning from im-
plementation via role specialization. A persis-
tent Delegator maintains strategic oversight by de-
composing tasks, writing specifications, and mon-
itoring progress without executing code. For
each sub-task, a new Coder agent is instantiated
with a clean context containing only its specifi-
cation, shielding it from prior failures. To coor-
dinate between agents, we introduce Ephemeral-
Persistent State Separation (EPSS), which iso-
lates each Coder’s execution state while preserv-
ing global coherence, preventing debugging traces
from polluting the Delegator’s context. - Experi-
ments on various benchmarks demonstrate the ef-
fectiveness of CODEDELEGATOR across diverse
scenarios. Code is available at https://github.com/
txfei/code-delegator.

1 Introduction

The integration of external tools into Large Language Mod-
els (LLMs) marks a fundamental advance, enabling com-
plex problem-solving through real-world interaction [Qu et
al., 2025; Liu et al., 2025b]. ReAct [Yao et al., 2023] ex-
emplifies this capability through an iterative Thought-Action-
Observation loop. However, ReAct-based frameworks typi-
cally represent actions as JSON or structured text, which con-
strains their expressiveness to predefined schemas and leads
to linearly increasing context length, thereby reducing exe-
cution efficiency (Fig. 1(a)). The “code-as-action” paradigm
(e.g., CodeAct [Wang et al., 2024b]) addresses this by adopt-
ing executable Python as a unified action representation, nat-
urally supporting control flow, variable management, and
multi-tool composition within a single step.

(a) ReAct Sequential & Verbose Unified Execution

(b) CodeAct

Thought: | need to find the cheapest iPhone 15. Thought: I'l write a script to scrape all prices at
First, I'll search Amazon. * once.

{ "tool": "search”, "query": "iPhone 15 price prices = {}

Amazon" }

stores = ["amazon", "bestbuy", "walmart",
“target”, "ebay", "newegg"]
for store in stores:

prices[store] = get_price(store)
print(prices)

Observation: $799, In Stock.

Thought: Now I will search BestBuy to compare:
RuntimeError: 'get_price' failed for ‘walmart'
{ "tool": “search", "query": "iPhone 15 price (Timeout)

BestBuy" }

Observation: $820, Low Stock. Thought: The script crashed. | need to add error

* handling and print debug info.

prices = {}
for store in stores:
try:
print(f“DEBUG: Checking {store}...")
prices(store] = get_price(store)

Thought: Now | will search Walmart.

{ "tool": "search”, "query": "iPhone 15 price
Walmart" }

Observation: $795, Out of Stock.

"DEBUG: {store}:

eption a:
print(f'ERROR: {e}")

Thought: I need to check Target as well. print("Final prices:", prices)

Problem: Linear Verbosity & Forgetting )

{(Problem: Context Pollution (Debug Traces) )

Cofitext Usage: High (Redundant Steps) Context Usage: Critical (Logs mixed with Logic)

Figure 1: Comparison of action representations: ReAct uses struc-
tured text/JSON, while CodeAct uses executable Python code, en-
abling more complex logic within a single action.

However, when handling real-world, long-horizon tasks
that interact with complex environments and humans, code-
as-action agents encounter a fundamental tension. Consider a
task “analyze competitor iPhone 15 pricing data and generate
a market report”: the agent must strategically decompose this
into sub-tasks (data collection, data cleaning, analysis report
generation) and reason about dependencies. For each sub-
task, it must generate syntactically correct code with proper
API calls and error handling. These objectives compete for
attention within a fixed context window, where later tokens
progressively overshadow earlier content [Liu et al., 2024].
Moreover, planning requires abstract reasoning, while imple-
mentation demands fine-grained attention to detail. When in-
terleaved, planning steps and debugging traces accumulate in
shared context. We refer to this as context pollution: the pro-
gressive dilution of task-relevant information that degrades
both planning and implementation capabilities (Fig. 1(b)).

To address this tension, we propose CODEDELEGATOR,
which decouples strategic planning from code implementa-
tion through role separation (Fig. 2). A Delegator main-
tains strategic focus: decomposing complex tasks, analyz-
ing dependencies, monitoring progress, and dynamically dis-
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CodeDelegator (Ours)

& Delegator STRATEGIC

o——o 3

State: raw_data v, clean_data E

Thought: Step 1 complete. | have
the raw data.

delegate_task(
task="collect data",
context=,
return_format =

[raw_data: list...]

)

v Received: raw_data collected,
containing. ..

Thought: The data is raw. | need to
clean it before analysis. | will
delegate this to the Coder.

delegate_task(
task="Task: clean

data, ...",
context=raw_data,
return_format =

[clean_data...]

)

T Waiting for Coder
response. ..

Coder Executions

Coder #1: Data Collection

Thought: | need to write python code in a cell and use loop to collect

all prices efficiently

{"action": "add_cell_and_execute", "parameters": {"code":
St

"raw.

ValueError: No price data for 'Kroger!'

Thought: There's an error. | need to update the cell and add try-
except to handle missing data
'update_cell_and_execute", "parameters":
"code": "..."}}

1, "cod
Walmart: ...

Thought: Good, but need to also handle network timeouts for some
stores

{"action": "add_cell_and_executt;", “parameters": {"code":

"import requests; requests..."}

Timeout for BestBuy, retrying...

Coder #2: Data Cleaning

Thought: Filter out items with 'Out of Stock' status.
'add ;ell_and_execute", "parameters": {"code":

"cleaned = ..."
NameError: no attribute named 'stock’.

Thought: | need to make sure stock exist before i get it.
{"action": "update_cell_and_execute", "parameters":
M

{"cell_id": 1, "code": "cleaned = ..

Filtered 8 items, 3 removed due to stock

Role Separation via EPSS

Completed

Code Workspace(recycled):

competitors = get_competitors()
raw_prices=[]
for competitor in competitors:
try:
price_data = get_price(competitor)
except ValueError:
continue
raw_prices.append(price_data)
print(raw_prices)

Walmart: {"price": , “stock": "In
Stock", "location" y =x.)r Target:
{"pric 12.50, : "Low Stock",

"location": "CA", ...} BestBuy: {"price":
11.00, "stock": "In Stock", "location":
"TXY, L F e

Active

Current Code Workspace:

cleaned = []
for item in raw_prices:
if item.get("stock") and
item.get("stock") != "Out of Stock":
cleaned.append(item)
print (f"Filtered {len(cleaned)} items")

Filtered 8 items

"for item in cleaned:..."
All prices converted to USD

Thought: Now need to normalize price format and currency
{"action": "add_cell_and_execute", "parameters": {"code":
}}

Thought: Need to handle missing location data for some items

{"action": "add_cell_and_execute", "parameters": {"code":

[2]: # Normalize currency to USD
for item in cleaned:
if item["currency"] != "USD":

item["price"] =

convert_currency(item["price"],

item["currency"], "USD")
item["currency"] = "USD"

print("All prices converted to USD")

Figure 2: CodeDelegator in action: The persistent Delegator orchestrates a pricing analysis task by delegating sub-tasks to ephemeral Coders.
Coder #1 (Data Collection) has completed and been discarded; Coder #2 (Data Cleaning) is actively debugging in an isolated context. Each
Coder’s execution traces remain confined and never propagate to the Delegator’s planning context, preventing context pollution.

patching work, without ever writing implementation code.
Ephemeral Coders execute assigned sub-tasks through an
interactive loop: generating code, observing execution re-
sults, diagnosing errors, and iteratively refining until comple-
tion. Each Coder is spawned by the Delegator with a fresh
context containing only task-relevant information, prevent-
ing accumulation of irrelevant history from other sub-tasks.
A key challenge is enabling effective coordination without
reintroducing context pollution. We address this through
Ephemeral-Persistent State Separation (EPSS), a dual-
layer workspace providing code-aware isolation beyond mere
conversation separation. The Delegator governs a persistent
Orchestration Layer containing global state, task plans, and
committed results. Each Coder operates in an ephemeral ex-
ecution sandbox where debugging traces and local variables
remain confined and are discarded upon completion. Struc-
tured schemas govern all inter-agent communication, replac-
ing lossy natural language summaries with typed specifica-
tions. Our contributions are as follows:

* We identify and empirically characterize the context pol-
lution problem in code-as-action agents (§ 3).
* We propose CODEDELEGATOR (§ 4), a targeted isola-

tion mechanism for code-as-action agents comprising:
(a) ephemeral workers that prevent cross-subtask pol-
lution, (b) asymmetric schema-constrained communica-
tion that filters execution noise, and (c¢) EPSS for code-
aware dual-layer state separation; distinct from generic
planner-executor orchestration in general multi-agent
frameworks.

 Experiments (§ 5) on 72-bench and MCPMark demon-
strate that CODEDELEGATOR achieves substantial im-
provement over baselines.

2 Related Work

The remarkable reasoning capabilities of Large Language
Models have spurred research into autonomous agents that
use tools to solve complex tasks [Wei et al., 2022; Huang
et al., 2022; Yao et al., 2023; Qu et al., 2025]. The plan-
execute-observe loop introduced by ReAct [Yao et al., 2023]
has become foundational for many agent systems [Yang et al.,
2023; Wu et al., 2024; Zhang et al., 2024; Hu et al., 2025].
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2.1 Code-as-Action LLM Agents

CodeAct [Wang et al., 2024b] demonstrates that executable
Python code naturally supports control flow, variable man-
agement, and multi-tool composition, outperforming ReAct
on complex tasks. This paradigm has been adopted by Open-
Hands [Wang et al., 2025], SWE-agent [Yang et al., 2024],
and Voyager [Wang et al., 2024al. Recent work explores hier-
archical code generation to enhance planning ability in code-
as-action agents. Liu ef al. generates abstract code skeletons
for progressive refinement. Yu ef al. introduces recursive
decomposition of placeholder functions. These approaches
address what to implement versus how. However, planning
and implementation still share a single context, so debugging
traces from implementing step ¢ accumulate when planning
step i+1. CODEDELEGATOR addresses an orthogonal isola-
tion concern: the Delegator and Coders operate in separate
contexts, ensuring that no implementation detail, regardless
of abstraction level, ever reaches the planning process.

2.2 Multi-Agent Collaboration

Multi-agent collaboration leverages specialized roles for
complex tasks, as exemplified by AutoGen [Wu et al., 2024],
MetaGPT [Hong ef al., 2023], and CAMEL [Li er al., 2023].
However, Cemri et al. identified recurring coordination
failures including specification drift, inter-agent misalign-
ment, and verification gaps. CODEDELEGATOR differs from
these frameworks by targeting context pollution specifically:
agents are ephemeral rather than persistent, communication is
structurally asymmetric via typed schemas, and isolation op-
erates at the runtime level (namespace, interpreter, artifacts),
not merely at the conversation-history level.

3 Understanding Context Pollution in
Code-as-Action Agents

We define context pollution in code-as-action agents as the
progressive dilution of task-relevant information in shared
context: debugging traces from sub-task s; persist during s;,
competing for attention when they are irrelevant. To validate
that pollution, not task difficulty alone, limits code-as-action
agents, we conduct a pilot study on CodeAct.

Setup. We evaluate CodeAct on 50 tasks from the air-
line domain of 72-Bench [Barres er al., 2025], with
both the agent ‘and the simulated user powered by
DeepSeekV3.2 [DeepSeek-Al et al., 2025]. We record task
success, final context length, and cumulative code execution
errors, and stratify tasks by intrinsic complexity to disentan-
gle pollution from task difficulty.

Task Complexity. We compute the average success rate
of four official 72-bench (airline) baselines—Claude-3.7-
Sonnet [Anthropic, 2025], GPT-4.1 [OpenAl, 2025al, GPT-
4.1-mini [OpenAl, 2025al, and o4-mini [OpenAl, 2025c].
Each model is evaluated over 4 independent runs, yielding
16 trials per task. We categorize tasks into Low (SR > 75%,
17 tasks), Medium (25%<SR<75%, 20 tasks), and High (SR
< 25%, 13 tasks).

Success Rate vs Code Execution Failures
by Difficulty Level

Success Rate vs Context Length
by Difficulty Level
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Figure 3: Illustrative examples of agent trajectories and failure
modes observed in the pilot study.

Difficulty ReAct = CodeAct 0

SR CL SR CL

Low (n=17) 88.2 7.8K 82.4 124K -5.8
Medium (n=20) 62.5 10.5K 60.0 16.3K -2.5
High (n=13) 19.2 10.7K 26.9 21.1K +7.7

Overall 60.0 9.4K 59.0 15.7K -1.0

Table 1: Performance comparison of ReAct vs. CodeAct by diffi-
culty level on 72-bench airline domain. SR: success rate (%); CL:
average context length (tokens); Diff.: CodeAct SR — ReAct SR.

Results. Table 1 shows that CodeAct incurs more context
length across all difficulty levels compared to ReAct. How-
ever, this overhead yields inconsistent returns: CodeAct un-
derperforms ReAct on Low (—5.8%) and Medium (—2.5%)
difficulty tasks, while outperforming on High difficulty tasks
(+7.7%). Fig. 3 provides further insight: within the Code-
Act runs, context length negatively correlates with success on
both Low and High difficulty tasks.

Analysis. This pattern reveals where code-as-action pro-
vides value and where it incurs cost: the additional context
is pure overhead on simpler tasks, but pays off on complex
ones requiring multi-step logic. Yet even on High tasks, the
absolute success rate remains low (26.9%) and context length
is substantial (21.1K tokens). The negative correlation be-
tween context length and success within High-difficulty tasks
suggests that cross-sub-task trace accumulation still degrades
performance, even when code flexibility helps. This moti-
vates CODEDELEGATOR: retain the expressiveness benefits
of code-as-action for complex sub-tasks while isolating each
sub-task’s execution to prevent traces from polluting subse-
quent planning.

4 Methodology

CODEDELEGATOR separates strategic planning from code
implementation via role specialization: a persistent Delega-
tor orchestrates task decomposition, while ephemeral Coders
execute atomic sub-tasks in isolated contexts, coordinated
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Task J: "Analyze competitor pricing data, clean and normalize entries, generate statistical report with visualizations"

& Delegator Agent  Persistent
DOWNWARD
0 Task Decomposition -

T — 8 ={s1 ,.. sn} Atomic sub-tasks w/ verifiable
criteria

Spec oi: objective,
input refs, return schema

o Specification Generation UPWARD
0i = (D, J, R) Directive + Inputs + Return schema «—
Result p;: status,

artifacts, summary

o Adaptive Control
Ktraces discarded

Assess p; against v; —
I vProceed I URetry [ ©Replan l

Structured Result p; = (S, Ai, M;, &)

8: Success|Failed

Coder Agent Ephemeral XN

Interactive Execution Loop (until success or budget K)

(Genersie] — [xcte | (Omerve ] — Refne]

A: Artifacts  #: Summary  &: Error diag

@ Fresh Context: No history inherited; all traces discarded on termination

1 Delegator: Full R/W to Orchestration Layer

1 Coder: Own sandbox only (strict isolation)

[ Orchestration Layer | Persistent | Coder: R only
Task T
Sub-tasks:

Original spec + constraints Coder #1

st /52 083 s 1]
[1]: Timeout
[2]: retry()
Summaries only (no traces) [2): - df_raw

Artifacts: df raw, config
Journal:

4 cells

Ephemeral-Persistent State Separation (EPSS) — Dual-Layer Workspace Architecture

3 Execution Layer  Ephemeral | Per-Coder Sandbox | Discarded on exit

: scrape (url)

Coder #3 -

Coder #2

[1]: clean(df) T await s:
[1]: 847-812
[2]: norm()...

2 cells df clean || 0cells

—df_raw

(@D Orchestrate w/o Accumulation

Delegator tracks what not how; never executes code;
context bounded

@ Fresh Context per Coder
Empty context; errors discarded with instance; no
cross-task pollution

@ Dual-Layer Isolation
Global coherence (Orch) + local autonomy (Exec);
strict separation

@ Schema-Driven Protocol

Typed spees 6 ; structured results pf; asymmetric
info flow

Figure 4: Overview of the CodeDelegator framework with two core mechanisms. Role Separation (top): A persistent Delegator decomposes
tasks and performs adaptive control, while ephemeral Coders execute sub-tasks through interactive refinement with fresh contexts. EPSS
(bottom): The dual-layer workspace architecture isolates execution traces in per-Coder sandboxes (Execution Layer) while maintaining
global coherence in a persistent Orchestration Layer, enabling four key properties: -orchestration without accumulation, fresh context per

Coder, dual-layer isolation, and schema-driven communication.

through Ephemeral-Persistent State Separation (EPSS).
Fig. 4 gives an overview. Our design follows four principles
derived from the pilot study (§3). (P1) Orchestrate without
accumulation: the Delegator tracks what is accomplished
via workspace state, never how, keeping its context bounded
to O(n) task-structure summaries. (P2) Fresh context per
sub-task: each Coder starts empty, receives only its specifi-
cation plus designated inputs, and is discarded with all traces
upon returning a structured result. (P3) Context-runtime
decoupling: the reasoning context, sandboxed runtime, and
persistent artifact store are separated, with inter-module com-
munication using typed object references rather than printed
strings to preserve type fidelity and avoid namespace colli-
sions. (P4) Schema-driven communication: specifications
(0;) and results (p;) use typed schemas—downward: direc-
tive, inputs, return schema; upward: status, artifacts, sum-
mary, diagnostics—enforcing asymmetry between complete
spec and filtered result. The rest of this section instanti-
ates these principles through the agent architecture (§4.1), the
EPSS workspace (§4.2), and the execution protocol (§4.3).

4.1 Agent Architecture

CODEDELEGATOR employs two agent types with asymmet-
ric responsibilities, lifespans, and context access patterns.

Delegator Agent. The Delegator is a long-lived agent that

maintains strategic oversight throughout the task lifecycle. It
performs three core functions:

e Task Decomposition. Given a complex task 7, the

Delegator decomposes it into a sequence of sub-tasks

S = {s1,...,8,}. Itis instructed to identify logical

sub-units that can be implemented independently, spec-

ify their execution order, and ensure each sub-task has
a clear completion criterion. The decomposition satis-
fies atomicity and verifiability: each sub-task is small
enough to complete within a single Coder session and
has a clear expected outcome that the Delegator can as-
sess upon completion. If a sub-task later proves too
complex, the REPLAN mechanism allows dynamic re-
decomposition.

e Sub-task Delegation. For each sub-task s;, the
Delegator constructs a structured specification o; =
(D;,Z;, R;), where D; is a directive describing the goal
and constraints in natural language; Z; denotes input
bindings as references to Orchestration Layer objects,
annotated with type, shape, and sample values; and R;
is a return schema specifying expected output names,
types, and validation conditions. The Delegator then dis-
patches o; to a freshly initialized Coder.

¢ Adaptive Progress Control. After each Coder termi-
nates, the Delegator assesses the structured result p;
(§4.1) to determine whether the sub-task has been satis-
factorily completed, based on the reported status, output
summary M, and error diagnostics &;. It then selects
one of three actions: (i) PROCEED—commit the suc-
cessful Coder’s outputs to the Orchestration Layer and
advance to the next sub-task; (ii)) RETRY—spawn a new
Coder with a refined specification when the failure is
judged recoverable (typically specification ambiguity or
missing context rather than fundamental decomposition
flaws); (iii) REPLAN—revise the overall task decompo-
sition when failure is attributed to structural issues or the
retry limit is reached.
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Coder Agent. Each Coder is a short-lived specialist imple-
menting exactly one atomic sub-task. Its defining character-
istic is context isolation: it inherits no history from the Dele-
gator’s planning process or sibling Coders’ implementations.
 Interactive Execution. A fresh Coder receives the spec-
ification o;, runtime access to designated input variables,
and an isolated execution environment. It operates in an
interactive loop analogous to computational notebooks:
generate code, execute, observe outputs or errors, and
refine based on feedback—using runtime errors as ac-
tionable signals for iterative refinement. The loop ter-
minates when the Coder produces all outputs specified
in R;, encounters an unrecoverable error, or exhausts its
iteration budget K.

* Structured Result. Upon completion, each Coder re-
turns a structured result p; = (S;, A;, M, &) S; €
{SUCCESS, FAIL} is the completion status; .4; contains
output artifacts as references to Python objects satisfy-
ing R; (populated only on SUCCESS); M, is a con-
cise summary of the outcome; and &; provides brief
error diagnostics with root-cause explanation (only on
FAIL). Critically, full execution histories, intermedi-
ate code cells, debugging traces and failed attempts are
not returned—they are discarded with the Coder in-
stance, enforcing asymmetric information flow that pre-
vents context pollution. The structured diagnostics &;
summarize root causes and failed operations, preserving
what the Delegator needs to decide between RETRY and
REPLAN while filtering implementation noise.

4.2 Ephemeral-Persistent State Separation

A naive approach—simple context separation—gives each
agent an independent conversation history. However, code-
as-action agents require deeper isolation: they exchange
actual Python objects that lose fidelity when described as
text, operate in interpreter namespaces where variable col-
lisions cause subtle bugs, and generate verbose traces that
must be filtered rather than merely truncated. We propose
Ephemeral-Persistent State Separation (EPSS), a code-
aware dual-layer architecture isolating conversation context,
execution namespace, and runtime artifacts.

Orchestration Layer (Persistent).. As illustrated in Fig. 4,
the Delegator maintains- a session-wide workspace provid-
ing task tracking, typed artifact storage, and event logging.
It contains: (i) the task specification 7 and decomposition
S with per-sub-task status tracking; (ii) committed artifacts,
i.e., Python objects from successful Coders, indexed by name
with type annotations; and (iii) a progress journal record-
ing outcome summaries. Artifacts are stored as actual ob-
jects, not textual descriptions. When sub-task 2 produces
df_clean, subsequent Coders receive the DataFrame itself,
preserving type, shape, and content without lossy natural lan-
guage encoding.

Execution Layer (Ephemeral). Each Coder operates in an
isolated Python runtime that provides: (i) namespace isola-
tion—variables do not collide across Coders or persist across
retries; (ii) trace confinement—stack traces, print outputs,
and intermediate results remain local; and (iii) clean state—a

Sub-task 2: Clean and normalize pricing data

Directive: Remove duplicate rows by product_id. Forward-
fill missing price values; drop rows where product_id is
null. Convert all prices to USD using provided exchange rates.
Inputs: df_raw (pd.DataFrame, shape 847 x 12);
exchange_rates (Dict [str, float])

Return: df_clean (pd.DataFrame, no nulls in price or
product_id, prices in USD)

|} Coder executes and returns
Result p2: Clean and normalize pricing data
Status: SUCCESS

Artifacts: df _clean (pd.DataFrame, shape 821 X 12, no
nulls in price or product_id)

Summary: Deduplicated, forward-filled missing prices, con-
verted to USD.

Error: None

Figure 5: Asymmetric communication example. Top: specification
o; sent to Coder. Bottom: structured result p; returned to Delegator.
Debugging traces remain confined to the Execution Layer.

deterministic environment without pollution from prior exe-
cutions. Upon termination, the runtime is discarded entirely;
only the structured result p;, containing artifact references,
returns to the Delegator.

Typed, Asymmetric Communication. Unlike systems re-
lying on natural language handoffs, EPSS uses schema-driven
messaging, as shown in Fig. 5. Communication is structurally
asymmetric: downward, the Delegator sends a specification
o; with typed input bindings (object references plus anno-
tations); upward, the Coder returns a result p; with artifact
references, summary, and diagnostics, but no raw execution
traces. This enables Coders to manipulate large objects with-
out printing them into context, while the Delegator maintains
a compact O(n) planning state. Table 2 summarizes how the
Orchestration and Execution Layers differ in lifecycle, state
management, information flow, and access control.

Category Orch. Layer Exec. Layer
Lifecycle

Lifespan Session-wide Sub-task scoped
Cardinality Singleton (shared) Per-Coder (isolated)
Owner Delegator Ephemeral Coder

State Management
Contents Sub-tasks, artifacts, journal Code cells, local vars, traces
On exit Absorbs p; selectively Entirely discarded

Information Flow

Sends ({) Specs o;, input refs —

Receives (1)  p; filtered results —

Propagates (1) — Status, artifacts, summary
Discarded — Debug traces, failed attempts

Access Control
Delegator
Coder

Full R/'W
Input refs (R-only)

None
Full R/W

Table 2: Workspace architecture under EPSS.
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Algorithm 1 CODEDELEGATOR Execution Protocol

Require: Task 7, retry budget R, iteration budget K
Ensure: Orchestration Layer V¥ or FAILURE

1: S + DECOMPOSE(T)

22W+10

3: while S has pending sub-tasks do

4: s; <— next pending sub-task in .S
5: resolved <— FALSE

6 forr < 1to Rdo

7 o; + GENSPEC(s;, W)

8 pi < EXECCODER (03, K)
9: if p;.S = SUCCESS then

10: W+ WUp;. A

11: resolved <— TRUE

12: break

13: else if ISRECOVERABLE(p;.€) then

14: continue > Retry with refined spec
15: else

16: S < REPLAN(S, s;, p;.€)

17: resolved <— TRUE > Handled via replan
18: break

19: end if

20: end for

21: if —resolved then

22: return FAILURE(s;, p;.€)

23: end if

24: end while

25: return W

4.3 Execution Protocol

Algorithm 1 summarizes the end-to-end execution protocol.
The Delegator first decomposes task 7 into sub-tasks S =
{s1,...,8,}. For each sub-task whose dependencies are
satisfied, it generates a specification ¢; and spawns a fresh
Coder, which tackles the sub-task through iterative coding
with tool invocations until either success or the iteration bud-
get K is exhausted. Based on the returned status and error di-
agnostics &;, the Delegator evaluates completion and decides
the next action: on success with evaluation criteria met, it
commits the artifacts to the Orchestration Layer and proceeds
to the next sub-task; on failure or unmet criteria, it analyzes
the diagnostics—if the issue is resolvable through specifica-
tion refinement, it retries with a fresh Coder instance; oth-
erwise, it invokes REPLAN to split the problematic sub-task,
add missing dependencies, or reformulate requirements. Ex-
ecution terminates successfully when all sub-tasks complete,
or fails when retry.or replan budgets are exhausted.

5 Experiments

5.1 Experiment Setup

Environments. We evaluate CODEDELEGATOR under two
interaction paradigms. (1) Human-Agent-Environment in-
teraction (HAE) (§5.2): the agent converses with users while
invoking tools to interact with the environment. We adopt 72-
bench [Barres et al., 2025], which simulates customer service
scenarios involving multi-turn dialogues and backend opera-
tions (e.g., order lookup, ticket modification), covering re-
tail (115 tasks) and airline (50 tasks) domains. (2) Agent-
Environment-only interaction (AE) (§5.3): the user spec-

ifies a task upfront, after which the agent interacts with the
environment autonomously without further dialogue. We use
MCPMark [Wu et al., 2025], which provides 127 expert-
curated tasks requiring extensive CRUD operations with 5
MCP services: Filesystem, GitHub, Notion, Playwright and
PostgreSQL. Together, these benchmarks assess agent capa-
bilities across diverse interaction patterns and complexity lev-
els.

Baselines. We compare against two representative action-
representation paradigms spanning the expressiveness spec-
trum. (1) ReAct [Yao er al., 2023]: interleaves reasoning and
action with structured text, enabling explicit deliberation but
limited to one tool invocation per step. (2) CodeAct [Wang
et al., 2024b]: employs executable Python as the action
space, supporting control flow and multi-tool composition
within single actions. To ensure compatibility with contem-
porary tool-use frameworks and model completion APIs, we
adapt CodeAct’s original free-form code format to a JSON-
based function call interface where code is passed as a string
argument—preserving its expressiveness while enabling stan-
dardized evaluation. Both baselines operate as single-agent
systems with shared context across the entire task, isolating
the effect of our proposed hierarchical delegation and EPSS
mechanisms:

Evaluation. For 72-bench, we report pass’k (k €
{1,2,3,4}) (%) [Yao et al., 2024] across its two domains: re-
tail and airline. A task is considered passed only if all user re-
quirements are satisfied and all backend state changes are cor-
rect. For MCPMark, we report pass@1 as the primary met-
ric, where success requires correct tool invocations, proper
output parsing, and ground-truth-matching results verified by
programmatic scripts.

Implementation Details. For 72-bench, we employ
DeepSeekV3.2 [DeepSeek-Al et al., 2025] in fast-thinking
mode and GPT-5 [OpenAl, 2025b] at low reasoning level as
backbone models to ensure fair comparison, and following
the 72-bench framework requirements which require an
LLM-based user simulator for multi-turn dialogue, we use
DeepSeekV3.2 as the simulated user. For MCPMark, we
adopt DeepSeekV3.2 as the sole backbone model due to
cost considerations. The temperature is set to 0 across all
experiments to ensure reproducibility. For ReAct and Code-
Act baselines, we set the maximum number of interaction
steps to 200 and the maximum tolerated errors to 10. For
CODEDELEGATOR, the Delegator component is limited to
100 dispatch rounds while each Coder instance is constrained
to 20 iterations, where the Delegator and Coders share the
same base model but operate within separate contexts.

5.2 Results on HAE Scenario

Table 3 presents results on 72-bench. With DeepSeekV3.2,
CODEDELEGATOR achieves the highest pass™l accuracy
across both domains, reaching 82.0% on Retail and 63.5% on
Airline. CodeAct consistently underperforms ReAct despite
its greater expressiveness, confirming that context pollution
negates the benefits of code-based actions in long-horizon
tasks. The advantage of CODEDELEGATOR becomes more
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Model Domain Method pass”l  pass2 pass”3  pass’4
ReAct 79.6 69.9 63.4 58.8
Retail CodeAct 70.2 59.0 50.0 47.0
! CODEDELEGATOR 820 712 634  57.0
Deepseek V3.2 ReAct 58.5 47.0 40.5 36.0
Airlin CodeAct 59.0 453 37.0 32.0
¢ CODEDELEGATOR 63.5 53.7 48.5 46.0
ReAct 78.7 68.9 62.9 58.8
Retail CodeAct 75.0 65.3 59.3 57.1
CODEDELEGATOR 80.9 70.3 64.5 60.5
GPT5.0 ReAct 57.0 493 45.0 42.0
. CodeAct 56.5 473 41.5 40.0
Airline

CODEDELEGATOR 62.0 50.7 44.5 42.0

Table 3: Results on 72-bench. We report pass’k accuracy (%) for k € {1,2,3,4}.

Domain ReAct CodeAct CODEDELEGATOR
Filesystem 35.0 39.0 49.2
GitHub 18.5 27.9 38.0
Notion 134 194 34.8
Playwright 13.0 9.7 27.0
PostgreSQL 524 36.2 41.7
Total 25.8 26.4 38.4

Table 4: Results on MCPMark (DeepSeekV3.2). We report pass@ 1
(%).

pronounced under stricter consistency requirements: on Air-
line, the pass™l — pass™4 degradation is 17.5% for COD-
EDELEGATOR versus 27.0% for CodeAct, with CODEDELE-
GATOR outperforming CodeAct by 14.0% absolute at pass™4.
The Airline domain, involving longer action sequences and
more complex API operations, better reveals the benefits of
role separation by isolating execution traces from subsequent
planning steps. Results with GPT-5 show similar trends, val-
idating that context pollution is a model-agnostic limitation.

5.3 Results on AE Scenario

Table 4 presents results on MCPMark across five MCP tool
domains. CODEDELEGATOR achieves the highest overall
success rate at 38.4%, outperforming both ReAct (25.8%) and
CodeAct (26.4%) by ‘approximately 12% absolute. Despite
its greater expressiveness, CodeAct performs nearly identi-
cally to ReAct, consistent with our findings that context pol-
lution offsets the flexibility of code-based actions. The ad-
vantage of CODEDELEGATOR is particularly pronounced in
domains requiring complex multi-step interactions: GitHub
(+10.1% over CodeAct), Notion (+15.4%), and Playwright
(+17.3%), where role separation and EPSS provide the great-
est benefit for tracking intermediate state across API calls.
The exception is PostgreSQL, where ReAct achieves the
highest accuracy at 52.4%. We attribute this to transactional
semantics: SQL statements wrapped in code loops can cause
partial failures that leave inconsistent states, whereas ReAct’s
single-call-per-step pattern naturally aligns with atomic trans-
action boundaries.

Variant Total

CODEDELEGATOR (full) 38.4
w/o EPSS -4.7
w/o Role Separation -10.5

Table 5: Ablation study on MCPMark.

6 Analysis

Ablation Study. We conduct an ablation study on MCP-
Mark to validate our components (Table 5).

» w/o Role Separation. Reverts to a single persistent
agent, removing ephemeral Coders entirely. The sub-
stantial 10.5% drop confirms that spawning fresh agents
per sub-task, rather than accumulating execution history
in a shared context, is critical to performance.

* w/o EPSS. Retains the two-agent architecture but re-
places EPSS’s structured schemas with natural-language
message passing. The 4.7% drop confirms that typed
communication protocols independently reduce coordi-
nation noise beyond what role separation alone provides.

Analysis on Complexity Scaling. Fig. 6 shows perfor-
mance by difficulty on 72-bench airline (DeepSeekV3.2).
On Low-complexity tasks, both methods perform compa-
rably; however, CODEDELEGATOR’s advantage emerges
with increasing complexity: it outperforms CodeAct by
11.2% (18.7% relatively) on Medium and 3.9% (14.5% rel-
atively) on High tasks. CodeAct degrades sharply with
complexity while CODEDELEGATOR exhibits more graceful
degradation, validating that role separation becomes increas-
ingly valuable as task complexity grows.

Quantitative Analysis of Context Pollution Reduction.
We analyze 72-bench (retail, DeepSeekV3.2) logs along three
dimensions.
* Context Growth Rate. Fig. 7 plots the average prompt
tokens per LLM call at each turn. ReAct and Code-
Act exhibit monotonically increasing context, reaching
8.4K and 15.0K tokens respectively, while the Delega-
tor’s context grows more slowly (peak 10.3K), confirm-
ing EPSS shields the planner from trace accumulation.
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Figure 6: pass™1 accuracy by task complexity.
Method pass™1 (%)
ReAct 73.2
CodeAct 76.7
AutoGen 59.6
CODEDELEGATOR 82.0
Table 6: Comparison with AutoGen on 72-bench retail

(DeepSeekV3.2, 114 tasks). AutoGen’s general multi-agent orches-
tration without targeted context isolation yields lower success rate
than even single-agent baselines, confirming that context pollution
requires mechanism-specific solutions.

Metric ReAct CodeAct CODEDELEGATOR
Success Rate (%) 73.2 76.7 82.0

Avg Max Prompt Tok 8,436 14,994 10,266

Avg Total Prompt Tok 83,606 90,176 79,364

Coder Fresh Context — 6,777

Table 7: Efficiency comparison on 72-bench retail (DeepSeekV3.2).
“Coder Fresh Context” is the average prompt tokens at Coder ini-
tialization.

* Tool Execution Trace Ratio. Fig. 8 shows tool traces
constitute 25.5% of CodeAct’s context and 21.7% of Re-
Act’s, but only 9.6% of the Delegator’s—a 55% rela-
tive reduction. Traces are confined to ephemeral Coders
(11.1%), validating EPSS’s asymmetric filtering.

¢ Per-Coder Context and Efficiency. Each Coder starts
with a median context of 6,616 tokens, well below
single-agent baselines. Despite running multiple agents,
total prompt tokens per task (79.4K, Table 7) are lower
than ReAct (83.6K) and CodeAct (90.2K), yielding the
best cost-per-solved-task with the highest success rate
(82.0%).

7 Conclusion

We presented CODEDELEGATOR, a multi-agent framework
that mitigates context pollution in code-as-action agents via

Context Growth: Prompt Tokens vs Turn Index
(tau2-bench retail)

16k { = ReAct

—e— CodeAct
14k 1 — AutoGen
—e— CodeDelegator

12k
10k
8k
6k
4k

Avg Prompt Tokens (per LLM call)

0 5 10 15 20 25
Agent Turn Index

Figure 7: Average prompt tokens per LLM call at each turn index
(7°-bench retail). CODEDELEGATOR’s planner context grows more
slowly than shared-context baselines.

Tool Content Pollution Ratio
(per simulation)
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Figure 8: Average tool-execution trace ratio in agent context (esti-
mated). CodeDel denotes CODEDELEGATOR. Its planner context
contains only 9.6% tool traces vs. 25.5% for CodeAct, demonstrat-
ing effective trace isolation via EPSS.

role separation: a persistent Delegator plans while ephemeral
Coders execute sub-tasks in isolated contexts. Ephemeral-
Persistent State Separation (EPSS) ensures only validated re-
sults propagate upward. Experiments on 72-bench and MCP-
Mark show consistent improvements over CodeAct, espe-
cially on hard tasks, and confirm that EPSS reduces tool-trace
contamination by over 55% relative to shared-context base-
lines while lowering total token consumption.
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