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AgentEmulator: A Blockchain-Empowered Testbed
for Trustworthy AI Agent Infrastructure
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Abstract—Research on trustworthy AI agent infrastructure
requires experimental tools that connect specified agent be-
havior to blockchain execution and observable account ef-
fects. This paper presents AGENTEMULATOR, a trace-driven
experimentation platform built on BlockEmulator-X. In version
1.0, researchers describe agent lifecycle actions and payment
intents in JSONL and configure the underlying blockchain.
The agentSupervisor module validates lifecycle constraints,
deterministically derives identities, compiles transactions with
action-to-hash mappings, and manages backend execution. The
current release follows the User-specified Original Sequence
policy, with no additional transaction scheduling algorithm. It
records identity registration and revocation calls and executes di-
rect payments, then produces transaction records, reconstructed
per-agent ledgers, four account-balance views, and an HTML
gallery. We describe the system architecture and formalize the
distinctions among logical trace order, backend execution order,
and visualization order. A demonstration of experimentation
with 100 agents and a trace containing 10,000 transactions on
top of a sharding blockchain illustrates the workflow and its
accounting views. Conditional account-balance invariants and
an evaluation methodology specify how to assess reproducibility,
payment completion, and execution overhead. The demonstration
does not establish performance or scalability. We encourage other
researchers to extend the experimental foundation by designing
and integrating their own user-defined mechanisms, identity-
related smart contracts, and adaptive interactions of AI agents.

Index Terms—AI agent infrastructure, agent emulation,
blockchain, trace-driven experimentation.

I. INTRODUCTION

AI agents increasingly interact with digital services and
other agents [1]. Infrastructure for these interactions must
support participation, value exchange, and activity records.
Studying such infrastructure calls for a configurable testbed
that brings agent behavior and blockchain execution into the
same experimental workflow.

Recent research develops agent collaboration and evaluation
along several complementary directions. Internet of Agents
(IoA) [2] addresses heterogeneous agent integration and dy-
namic collaboration. AgentSquare [3] searches over modular
agent designs, while MultiAgentBench [4] evaluates collab-
oration and competition through interactive scenarios. These
systems motivate experiments that pair agent interactions with
blockchain records and payments.

At the blockchain level, BlockEmulator [5] supports exper-
imentation with sharding mechanisms. Researchers exploring
agent infrastructure also need a convenient way to describe
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agent actions, prepare transaction workloads, configure the
blockchain environment, and inspect experiment outputs.

Three practical requirements follow. First, a workload inter-
face should describe agent participation and payments without
requiring users to manually construct blockchain transac-
tions. Second, experiment setup should coordinate the agent
configuration, blockchain parameters, and backend processes.
Third, the resulting data should support both individual-agent
inspection and an overview of activity across the experiment.

We present AGENTEMULATOR1, a blockchain-empowered
testbed built on BlockEmulator-X2. Developed by HuangLab
at the School of Software Engineering, Sun Yat-sen University,
the platform supports research toward trustworthy AI agent in-
frastructure. In AGENTEMULATOR v1.0, researchers only need
to supply a JSONL trace file containing the agent’s join,
pay, and leave actions, optionally mixed with ordinary
account transfer transactions. The agentSupervisor mod-
ule prepares the transaction dataset, launches the configured
blockchain, and collects experiment outputs. Plotting scripts
generate per-agent balance views and an HTML gallery.

Fig. 1 summarizes the workflow from trace preparation
to result presentation. The highlighted user-defined agent
mechanisms or algorithms module identifies a direction for
research extension. AGENTEMULATOR v1.0 supplies a trace-
driven baseline using the User-specified Original Sequence
policy. Agent identity, auditing, settlement, incentives, and
governance define the broader research agenda.

This paper makes the following contributions.

• We present a blockchain-empowered testbed that inte-
grates agent behavior, transaction construction, config-
urable blockchain execution, and experiment output gen-
eration. Blockchains provide a reliable transaction plat-
form for high-frequency micropayments between agents.

• We describe the modular implementation centered on
agentSupervisor, including lifecycle handling, two-
layer configuration, backend orchestration, and support
for research-specific extensions.

• We demonstrate the result-presentation workflow through
four balance views from a 100-agent experiment and
outline practical evaluation settings for the testbed.

Section II introduces the background and related experi-
mental tools. Section III presents the preliminaries of agent
actions. Section IV describes the implementation, and Sec-
tion V demonstrates the experimental methodology.

1AgentEmulator: https://github.com/HuangLab-SYSU/agent-emulator
2BlockEmulator-X: https://github.com/HuangLab-SYSU/block-emulator-x
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Fig. 1. General workflow of AGENTEMULATOR. Researchers must provide traces and blockchain settings and inspect saved records and plots. The highlighted
User-defined agent mechanisms or algorithms module expresses the broader research scope. AGENTEMULATOR v1.0 uses the User-specified Original Sequence
policy and includes no additional agent behavior orchestration or scheduling algorithm.

II. BACKGROUND AND RELATED EXPERIMENTAL TOOLS

A. AI Agent

An AI agent interacts with an environment to pursue a task
by interpreting observations, selecting actions, and using ex-
ecution feedback. Language-model-based agents can combine
reasoning, memory, and external tools, while multiple agents
can communicate and divide work according to their roles.
In AGENTEMULATOR, an agent is represented as a partici-
pant named in a behavior trace, whose externally specified
actions determine when it joins, pays another participant, and
leaves. This abstraction accommodates hand-written scenarios,
recorded application behavior, and future agent adapters with-
out requiring a particular reasoning model. The current work-
flow receives the complete action sequence before execution,
allowing researchers to study infrastructure effects while hold-
ing the supplied behavior constant. The did-simple plugin
derives deterministic experimental identifiers and maintains
lifecycle state during workload preparation. These identifiers
associate actions with participants but do not by themselves
establish authenticated real-world identities or a deployed
identity registry.

Tool Use and Multi-Agent Collaboration. Agent frame-
works provide different methods for generating actions and
coordinating tasks. Toolformer [6] learns when and how to
call external APIs. ToolLLM [7] supports tool use through
training data, model training, API retrieval, and evaluation.
Reflexion [8] uses textual feedback and episodic memory
to improve later decisions without changing model weights.
Collaboration frameworks focus on interactions among agents.
CAMEL [9] studies cooperation through role-playing and
instruction following. MetaGPT [10] coordinates specialized
agents through standard operating procedures. ChatDev [11]
uses dialogue to coordinate software design, coding, and

testing. IoA [2] connects heterogeneous agents through an
integration protocol, dynamic team formation, and conver-
sation management. Other approaches search for effective
agent structures and workflows. AgentSquare [3] searches
modular designs that combine planning, reasoning, tool use,
and memory. AFlow [12] improves code-based workflows
through Monte Carlo Tree Search and execution feedback.
These frameworks can generate behaviors for infrastructure
experiments. Their application events still need to be mapped
to lifecycle actions and payment intents. AGENTEMULATOR
currently follows the supplied action sequence under the User-
specified Original Sequence policy. Agent adapters and behav-
ior generation based on execution feedback remain directions
for future development.

Agent Evaluation and Trustworthiness. Agent benchmarks
evaluate different aspects of task execution. AgentBench [13]
tests reasoning and decision-making across eight interactive
environments. WebArena [14] evaluates task completion on
realistic websites. OSWorld [15] covers computer tasks involv-
ing multiple applications and file operations. SWE-bench [16]
tests whether repository changes resolve real software issues.
MultiAgentBench [4] evaluates collaboration and competition
through task outcomes and interaction progress. These bench-
marks assess application outcomes that transaction records
alone cannot capture. A completed payment confirms an agent
payment, but it does not establish task quality or effective
collaboration. Agent decisions also require security evalua-
tion. AgentDojo [17] examines prompt-injection attacks and
defenses when agents encounter untrusted tool outputs. A
blockchain record alone cannot show whether an action was
authorized or influenced by an attack. AGENTEMULATOR pro-
vides lifecycle checks, transaction records, and balance views
for analysis. Task quality and agent security require additional
evaluation with suitable task environments and agent runtimes.



3

B. Blockchain

Consensus. A blockchain maintains transaction records
through distributed execution and agreement. Consensus pro-
tocols govern how transactions are disseminated, ordered, and
committed. Their guarantees depend on the faults assumed
by the system model. Narwhal and Tusk [18] separate trans-
action dissemination from ordering. Their design combines
a mempool based on a directed acyclic graph (DAG) with
asynchronous consensus. Bullshark [19] derives transaction
order from the DAG structure and reduces latency during
synchronous operation. Mysticeti [20] uses uncertified DAGs
to reduce consensus latency and introduces a fast commit path
for asset transfers. These protocols use different mechanisms
to commit transactions. An agent trace specifies logical times-
tamps and submission order, but final commitment depends
on backend execution. Latency evaluation therefore requires
measured final-commit times.

Sharding. A sharded blockchain divides transaction pro-
cessing among committees. Each shard handles part of the
workload, while transfer transactions between shards require
cross-committee coordination. Kronos [21] studies generic
cross-shard processing that preserves atomicity under mali-
cious clients. Its design also reduces overhead within and
across shards. Logos [22] addresses robust cross-shard pro-
cessing, including resistance to invalid-transaction flooding.
Its design consists of broadcast, transmission, and agreement
stages. These studies motivate separate analysis of intra-shard
and cross-shard payments. Experiments can also examine valid
and invalid traffic under normal and adversarial conditions.
The resulting security and performance properties depend on
the implemented protocols. An agent workload interface alone
does not provide these guarantees.

Experimental Infrastructure. BlockEmulator [5] provides
a modular platform for implementing and testing blockchain
sharding protocols. It is the closest experimental reference for
this work. AGENTEMULATOR builds on the BlockEmulator-
X workflow. It adds workload preparation with agent life-
cycle checks, backend orchestration, and results organized
by participant. The configured backend determines consensus
behavior. Each experiment must specify the backend revi-
sion, shard configuration, and enabled mechanisms. Agent
frameworks can supply application events, which a trace
represents as participant actions. AGENTEMULATOR converts
these actions into transactions and collects account records
from backend execution. Comparisons across systems require
explicit descriptions of workloads, deployments, and execution
mechanisms. Differences in these conditions affect how users
interpret the results.

C. Experimental Requirements

The preceding background motivates three requirements for
agent infrastructure experiments.

• First, explicit input semantics and lifecycle validation are
needed to define participation, payment intent, and de-
parture and to detect invalid transitions before execution.
When traces originate from an agent framework, their
construction should document how application events

map to lifecycle actions and payment records. This re-
quirement establishes the behavior interface described in
Section III.

• Second, repeatable workload preparation and execution
configuration require fixed trace bytes, seeds, initial
state, and effective configurations. Backend revisions,
enabled protocols, and deployment conditions must also
be recorded, since deterministic workload construction
does not imply an identical distributed execution sched-
ule. Automated preparation and cluster launch should
make these settings easier to apply consistently. This
requirement guides the implementation and configuration
mechanisms in Section IV.

• Third, result inspection must distinguish intended actions
from observed effects. Transaction records support com-
pletion checks, while per-agent histories and aggregate
balance views support different forms of account in-
spection. Researchers should interpret these observations
separately from application-level task success and retain
the records needed to explain incomplete or failed actions.
Organized outputs and repeatable inspection provide the
basis for the demonstration and evaluation setup in Sec-
tion V.

III. PRELIMINARIES OF AGENT ACTIONS

A. Preparing a Behavior Trace

An experiment starts with a JSONL behavior trace, where
each line represents either an agent action or an ordinary
blockchain transfer transaction. Fig. 2 illustrates the fields
of these two record types and how they map to blockchain
transactions, using an agent payment as an example.

For an agent action, the agent_id field identifies the
participant, action selects the operation, and ts speci-
fies its logical order. A payment action additionally speci-
fies target, the recipient’s agent identifier, and amount,
a positive integer transfer amount. Optional fields include
request_id to label a payment and params_hash to
identify a parameter version. Researchers supply agent iden-
tifiers rather than DIDs. The testbed derives experimental
identities from the configured seed and identifier.

An ordinary blockchain transfer transaction specifies
sender, recipient, and value. The first two fields
are blockchain account addresses, and value is the transfer
amount. These records provide background traffic alongside
agent actions. The agentSupervisor orders agent actions
by ts and resolves ties by file order.

B. Supported Agent Actions

Table I summarizes three agent actions. A join marks
an agent active, pay transfers value between active agents,
and leave marks an agent inactive. A repeated join while
the agent is active does not generate another registration
transaction. Rejoining after departure generates a new registra-
tion call. The system rejects invalid departures and payments
involving inactive participants during input processing.

In AGENTEMULATOR v1.0, registration and revocation
calls are recorded without a deployed DID contract updating
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Type 1: Agent Payment Action

Source
agent ID
Alice

Action

pay

TS

3

Target
agent ID
Bob

Amount

12

Alice DID Bob DID
Agent account
address(Alice)

Agent account
address(Bob)

Type 2: Ordinary Transfer Transactions

Sender
account address

Recipient
account address

Value
amount

Behavior
trace

JSONL

Blockchain environment

Block Block Block

BlockEmulator-X

(e.g., Agent Alice pays 12 units to agent Bob.)

Compile

Submit

DID: Decentralized Identifier

Request ID
Payment #1 (optional)

Parameter Hash
-- (optional)

Payment transaction

Sender: address(Alice)
Recipient: address(Bob)
Value: 12

Agent Configuration
agentEmuConfig.yaml

Include
Random seed

seed + Agent ID

Agent accounts

Submit

Fig. 2. Illustration of the fields in a behavior trace. An agent action is compiled into a payment transaction that the blockchain can process.

TABLE I
AGENT ACTIONS SUPPORTED BY THE V1.0 TESTBED.

Action Input behavior Compiled transaction

join Register or reactivate an
agent

DID registration call; no
duplicate while already active

pay Pay a positive amount to
another active agent

Ordinary balance transfer

leave Deregister an active agent DID revocation call
Raw
transfer

Transfer between ordinary
account addresses

Ordinary transfer mixed into
the workload

identity state. The agent registry maintains the active status
used during trace processing. Payments execute actual balance
transfers through the blockchain backend.

Listing 1 gives a small input example of the trace file: Alice
and Bob join, Alice pays Bob 12 units, and Bob leaves. This
example illustrates how to describe an experiment without
manually specifying transaction nonces, data fields, or derived
identities.

{"agent_id":"Alice","action":"join","ts":1}
{"agent_id":"Bob","action":"join","ts":2}
{"agent_id":"Alice","action":"pay","target":"Bob","amount

":12,"request_id":"payment-1","ts":3}
{"agent_id":"Bob","action":"leave","ts":4}
{"agent_id":"Alice","action":"leave","ts":5}

Listing 1. Example trace of agent actions, including join, pay, and leave.

C. Orchestration of Agent Actions

The current release uses the User-specified Original Se-
quence policy for orchestrating agent actions. After applying
the trace’s timestamp and file-order rules, the agent layer
introduces no additional transaction reordering, priority rule,
or agent-weight algorithm. The trace timestamp determines
logical action order rather than transaction arrival or block
production time.

Using the same trace, seed, configuration, implementation,
and initial registry supports repeatable transaction preparation.
Blockchain packing and timing still depend on execution con-
ditions. Researchers can use this default policy as a baseline
when implementing research-specific mechanisms.

IV. DESIGN AND IMPLEMENTATION OF AGENTEMULATOR

A. Architecture and Responsibilities

The v1.0 architecture centers on agentSupervisor,
which combines transaction-dataset construction with ex-
periment orchestration (Fig. 3). It consumes the JSONL
trace and two configuration files: agentEmuConfig.
yaml specifies agent-side experiment parameters, while
config.yaml supplies the blockchain-side environment in-
side BlockEmulator-X. The transaction construction compo-
nent inside agentSupervisor parses actions, validates
behavior and identity state, and generates transaction datasets
for blockchains. The experiment orchestration component in-
side agentSupervisor reads parameters, configures and
launches the blockchain environment, and then manages the
experiment running.

BlockEmulator-X provides the blockchain backend for
agentSupervisor. BlockEmulator-X executes the submit-
ted transactions and supplies execution records. The recording
and visualization stage combines compilation artifacts with
those results to save experiment data and generate the figure
gallery. From the user’s perspective, the workflow is to sup-
ply a trace and configuration, run the agentSupervisor
controller, and inspect the saved records and plots. The
agentSupervisor controller is distinct from the supervi-
sor process launched inside the BlockEmulator-X.

Next, we explain 5 functionalities of agentSupervisor
with reference to Fig. 3.



5

AgentEmulator Architecture
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Fig. 3. System architecture of AGENTEMULATOR. The agentSupervisor module constructs transactions and mappings, and orchestrates the experiment.
BlockEmulator-X executes transactions, and the analysis stage combines the transaction dataset with execution results. The highlighted user-defined mechanisms
and algorithms indicate a direction for extension. Their agent-integration and agent-action arrows do not imply a built-in adaptive agent or scheduling
implementation in AGENTEMULATOR v1.0.

1) Trace handling: The input uses one JSON object per
line. A researcher supplies agent identifiers and intended
actions. The compiler supplies the identity and transaction
fields. Agent Lifecycle3 checks reject payments involving
inactive agents and invalid departures. The input can also
include ordinary account-transfer transactions, allowing non-
agent traffic to compete with agent transactions for backend
processing. This allows experiments to combine agent activity
with background blockchain workloads.

2) Transaction compilation: The documented identity and
payment plugins4 are did-simple and direct-pay. Reg-
istration and departure actions produce DID registration and
revocation call records, respectively. A payment produces
an ordinary balance-transfer transaction. The plan stores
transaction-level information, including hashes, endpoints, val-
ues, nonces, and data. In parallel, the compiler retains the
behavioral fields and associated hash lists in the mapping file,
and records the action stream in Agent_Events.csv5.

3) User-defined mechanisms and algorithms: The high-
lighted component in Fig. 3 identifies where research on
agent behavior and interactions can connect to the experiment
workflow. The user guide6 suggests transaction reordering,
priority rules, and agent weights as possible extensions to the
default policy. These examples require an implementation that
specifies when it changes actions or transactions and how it
preserves lifecycle constraints, nonces, and action mappings.
They are not additional built-in v1.0 policies or configuration
switches.

For example, a priority-policy experiment could compare
two admitted payment workloads under identical chain settings
while changing a precisely defined dispatch rule. Such an

3https://github.com/HuangLab-SYSU/agent-emulator#trace-basics
4https://github.com/HuangLab-SYSU/agent-emulator#configuration
5https://github.com/HuangLab-SYSU/agent-emulator#results-directory
6https://github.com/HuangLab-SYSU/agent-emulator#agentemulator-v10-

user-guide

extension would need to record its policy, preserve the relevant
action dependencies, and compare completion and account
effects as well as latency. If it changes the action sequence
before compilation, lifecycle admission must be rechecked. If
it changes the transaction plan afterward, it must still respect
transaction dependencies.

4) Backend orchestration: The agentSupervisor pre-
pares the backend configuration from the blockchain set-
tings. The configuration specifies storage and log paths,
uses json_source as the transaction source, and sets
tx_number to the number of compiled transactions.

The agentSupervisor generates the matching port
table and launches BlockEmulator-X. The BlockEmulator-
X emulates the blockchain, replays the compiled transac-
tions on-chain, and records blocks and transactions. The
agentSupervisor manages run completion and cleans up
processes. Node output appears in the console with node
identifiers, and full logs are saved in the run directory.

5) Results and visualization: The experiment directory
stores a registry, a summary of each round, and a separate
subdirectory for each round. Each round directory contains
the transaction plan, action mapping, events, per-agent CSV
records, backend configuration, logs, and chain measurements.
The default workflow runs one round. The directory structure
supports round-based storage, but AGENTEMULATOR v1.0
does not implement adaptive multi-round experiments.

After a successful experiment, the agentSupervisor
reads the agent records from the highest-numbered round.
agentSupervisor generates plots with figs/python_
code/plot_agent_balance.py and creates a static
HTML gallery with figs/python_code/build_fig_
html.py. The gallery shows the data directory, agent count,
generation time, and figure count. Its language switch changes
the interface text between English and Chinese. Labels within
the PNG figures remain unchanged.

A failed experiment skips plotting. A compiler-only run pro-
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duces no chain-derived agent CSV records for visualization.
The agentSupervisor also clears previous experiment
output and figures before a new run. Results from independent
trials must therefore be archived before the next invocation.

B. Configurations of AgentEmulator and Blockchain

Agent configuration in agentEmuConfig.yaml controls
the trace, seed, result directory, plugin selection, backend
enablement, and timeouts. The blockchain configuration in
config.yaml controls shard and node counts, block inter-
val, logging, and other native parameters. The default work-
load contains 100 agents and is described as having 10,000
transactions. In the example deployment, the blockchain has
four shards with four consensus nodes per shard, and the back-
end also includes one supervisor process. These settings define
a demonstrated deployment configuration, not a capacity limit.

For the illustrated experiment, the guide specifies
static_relay: account placement is static and cross-shard
transactions use relay messages. Blocks are produced at a
configured interval of 2000 ms and packed by transaction
count, with a maximum of 5000 transactions per block. Block
storage uses BoltDB, world-state storage uses Ethereum-style
LevelDB, and the Bloom-filter bitmap length is 4096. These
values describe the supplied demonstration.

C. Execution Modes

AGENTEMULATOR v1.0 supports two execution modes.
• Regular mode runs the blockchain backend and enables

subsequent analysis.
• Compilation-only mode uses chain.enabled=false

and does not start the backend. This mode supports trace
inspection and reproducibility checks.

Both modes accept a user-defined configuration file. Be-
havioral experiment settings remain separate from blockchain
settings.

D. Running an Experiment

The launch scripts build the project, clear previous outputs,
compile the trace, start BlockEmulator-X, and generate plots
after a successful run.

• Windows users run run_agentemu.bat;
• macOS/Linux users run bash run_agentemu.sh.
A configuration filename can be passed to either script.

Existing results should be archived before another run because
the scripts clear the experiment and figure directories.

Setting chain.enabled to false provides a
compilation-only preview of the transaction dataset. With
blockchain execution enabled, the default workflow runs one
round, collects the resulting records, and opens the generated
HTML gallery.

E. Agent Records and Numeric Settings

Each agent CSV contains seven fields: block_height,
tx_hash, sender, recipient, value, balance, and
block_time_ms. The agentSupervisor builds account

histories from the shard block stores, applying transaction
values and relay-stage debits or credits. The balance field is
reconstructed from blocks. Agent records are ordered by block
time, with shard, block height, and position within the block
used to break ties.

The initial balance is 1036 wei per new account, which ex-
ceeds the signed 64-bit integer range. Analysis scripts should
read values and balances as strings and use arbitrary-precision
integers before subtracting the initial balance. Plots display the
resulting balance change instead of the large absolute balance.

F. Visualization Pipeline

The plotting script reads the per-agent CSV files and
produces four views: final balance changes across agents,
distributions over global transaction order, trajectories aligned
by normalized local progress, and individual trajectories in
groups of five agents. Normalized progress instead scales each
agent’s own record index to the interval from zero to one. The
grouped plots show individual trajectories using each account’s
local transaction index.

These views serve different inspection tasks: comparing
terminal outcomes, observing distribution changes, comparing
trajectory shapes, and examining individual agents. Section V
presents their use in the documented experiment.

V. DEMONSTRATION OF EXPERIMENTATION

This section demonstrates the experimentation showcase
while using AGENTEMULATOR through 100 AI agents. The
experimental results show account-balance changes across
agents and individual account histories.

TABLE II
EXPERIMENT SETTINGS.

Parameter Value

Host Mac mini; Apple M4 Pro; 12 cores (8
performance and 4 efficiency)

Memory and OS 24 GB unified memory; macOS 15.6
Go runtime 1.25.7
Deployment One host; 4 shards × 4 consensus nodes; 1

backend supervisor
Communication direct; loopback address 127.0.0.1
Ports Nodes: 32217–32547; supervisor: 38800
Messaging model Cross-shard transactions are handled by

static_relay inside BlockEmulator-X
Block interval 2000 ms
Block capacity Up to 5000 transactions per block;

count-based packing
Storage BoltDB for blocks; Ethereum-style LevelDB

for world state
Bloom filter Bitmap length of 4096
Random seed 20260903
Workload 100 agents; 10,000 payment transactions
tx_source_type json_source. (When tx_source_type

is set to json_source, agentSupervisor
reads JSONL files as agent behavior traces.)

Initial balance 1036 wei per new address
Execution One round with a fresh backend
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Fig. 4. Final balance changes relative to initial balances for all 100 agents,
ordered by agent ID. Each bar represents one agent. Green bars indicate
balance increases, and red bars indicate balance decreases.

A. Experiment Settings

We conducted the experiment on a Mac mini with an
Apple M4 Pro processor and 24 GB of unified memory. The
processor had eight performance cores and four efficiency
cores. The software environment used macOS 15.6 and Go
1.25.7.

The backend blockchain ran on a single host with sepa-
rate processes. The deployment included 16 consensus nodes
across four shards and one BlockEmulator-X supervisor.
The processes communicated in direct mode through
127.0.0.1. Consensus nodes used ports 32217–32547, and
the supervisor used port 38800. All processes shared the same
host resources.

The workload contained 100 agents and 10,000 transactions
to emulate micropayments between agents. The random seed
is set to 20260903 to generate agent DIDs. AgentEmulator
compiled the input trace and supplied the transaction dataset
through json_source. The experiment used one round
with a fresh blockchain backend. Table II summarizes the
environment and execution parameters.

B. Agent’s Account Balance

The experiment produced 23 figures for 100 agents. These
included three overview figures and twenty figures for groups
of five agents. Figures 4–6 show four views of the account-
balance records. Each view presents balance changes relative
to the initial account balances.

1) Final balance changes: Fig. 4 shows each agent’s fi-
nal account balance minus its initial balance. Final balance
changes vary substantially across agents, ranging from ap-
proximately −23,000 wei to +23,000 wei. Some agents’
final balances differ only slightly from their initial balances,
whereas others end with substantially higher or lower balances.
Each bar shows one agent’s final balance change. Positive
values mean the agent received more than it sent. Negative
values mean it sent more than it received. These values do not
measure task performance or profit.

2) Balance changes in global transaction order: Fig. 5(a)
shows agents’ account-balance changes in reconstructed global
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(a) Balance changes vs. the global transaction order.
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(b) Balance changes vs. the progress of each agent’s related transactions.

Fig. 5. Account-balance changes from different perspectives. Subfigure (a)
shows account-balance changes across the global sequence of all transactions.
Subfigure (b) presents balance changes following each agent’s finalized
transactions, where each gray line represents an agent.

transaction order. Each unique transfer transaction contributes
a debit and a credit to the displayed accounts. The mean
balance change therefore remains at zero.

The distribution widens during most of the experiment. The
minimum–maximum envelope shows the full range of balance
changes. The interquartile band contains the middle half of the
account values. These bands describe variation across agents
within one run. They do not represent confidence intervals
across repeated experiments.

The zero mean and widening distribution describe different
aspects of the workload. Agent payments preserve the aggre-
gate balance while changing its distribution across agents. The
aggregate mean alone therefore does not capture individual
account outcomes.

3) Balance changes over local progress: Fig. 5(b) aligns
account histories by each agent’s normalized local progress.
The mean falls below zero during the intermediate stages and
returns to zero at the endpoint.

The intermediate mean differs from the mean in Fig. 5(a)
because the two views select account records differently.
Equal local progress can correspond to different transactions
for different agents. The selected records therefore do not
represent a common point in the global replay.
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Fig. 6. Balance changes relative to initial balances for agents #001 – #005,
ordered by each agent’s related transaction index.

This view supports comparison of account trajectories with
different numbers of records. The negative intermediate mean
does not by itself indicate lost value or relay delay. The
horizontal axis represents local progress rather than elapsed
time.

4) Individual agent trajectories: Fig. 6 shows the account
histories of five agents. Their balance changes follow different
paths and reach different final values. Their turning points also
occur at different local transaction indices.

The horizontal axis counts records separately for each agent.
This view allows researchers to inspect individual histories and
compare trajectory shapes. The overview figures place these
account-level changes within the distribution across all agents.

C. Evaluation Scope and Further Measurements
The experiment shows how AgentEmulator connects work-

load execution with account-level analysis. The results cover
one workload on a single host. They do not establish per-
formance across independent machines or under larger work-
loads.

The balance figures use transaction order and local progress
as their horizontal axes. These axes do not provide the elapsed
time needed to calculate throughput or transaction latency.
Quantitative performance evaluation requires separate timing
measurements. Resource overhead was not measured in this
experiment.

A further study could vary agent count, payment volume,
shard count, and background traffic. Candidate settings include
10, 100, and 1000 agents, with 103, 104, and 105 payments.
Shard counts could range from 1 to 128. Each comparison
would hold the remaining settings fixed.

Workload counts need to distinguish agent actions, or-
dinary transfer transactions, and compiled transactions. For
example, a repeated join from an active agent produces no
additional registration transaction. Throughput measurements
would count completed original transactions over a defined
interval. Latency measurements would use transaction creation
and final-commit timestamps. Relay stages would remain part
of the original transaction.

A direct BlockEmulator-X run could provide a baseline
using the same compiled dataset and backend revision. This

comparison would help quantify the additional cost of orches-
tration and result processing. Compilation, startup, blockchain
execution, and plotting would require separate measurements.
Repeated trials would also need to report variability and
include failed or timed-out runs.

VI. CONCLUSION

This paper presented AGENTEMULATOR, a blockchain-
based testbed for research on trustworthy AI agent infras-
tructure. AgentEmulator converts agent lifecycle and payment
actions into a transaction dataset. It runs the dataset through
BlockEmulator-X and produces account records, balance plots,
and an HTML gallery.

The experiment demonstration involved 100 agents across
four blockchain shards. The balance views of all agents
showed differences among individual accounts. The recon-
structed global view preserved a zero mean while showing
changes in the balance distribution. The local views showed
how individual account histories developed during execution.

The current experiment evaluation covers workflow execu-
tion and balance analysis on a single host. Future experiments
will examine throughput, latency, and resource overhead under
different workloads and deployments. Future development will
also extend agent mechanisms for identity, auditing, settle-
ment, incentives, and governance.

APPENDIX A
EXPERIMENT REPRODUCIBILITY

A. Software and Execution

AGENTEMULATOR requires Go 1.25 or later and Python
3.8 or later. The plotting scripts use matplotlib, numpy,
and pandas. The source code is available at https://github.
com/HuangLab-SYSU/agent-emulator. The backend source
code is available at https://github.com/HuangLab-SYSU/
block-emulator-x. Reproducible runs require fixed revisions
of both repositories.

The experiment script is run_agentemu.bat on Win-
dows and run_agentemu.sh on macOS and Linux. The
macOS and Linux command is bash run_agentemu.sh.
Both scripts accept a configuration filename as an argument.

B. Experiment Records

A reproducible experiment requires the original trace, ran-
dom seed, transaction policy, and source revisions. The records
also need to include dependency versions, execution com-
mands, and machine specifications. The configuration files
should include the agent settings, effective backend config-
uration, and initial-state policy.

The retained outputs should include the registry, transaction
plan, action mapping, account records, chain measurements,
and logs. The main output paths for a round are shown here.

https://github.com/HuangLab-SYSU/agent-emulator
https://github.com/HuangLab-SYSU/agent-emulator
https://github.com/HuangLab-SYSU/block-emulator-x
https://github.com/HuangLab-SYSU/block-emulator-x
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agent_registry.json
rounds_summary.json
round_001/
agent_transactions.jsonl
agent_action_txs.jsonl
Agent_Events.csv
agents/<agent-id>.csv
chain/config.yaml
chain/ip_table.json
chain/logs/
chain/results/
relay_stats_detail_tx_info.csv
relay_stats_brief_info.csv

The experiment script clears previous results before a new
run. Each trial requires a separate archive. File digests can
help detect changes to the archived inputs and outputs.

C. Functional and Repeatability Checks

Small traces support checks of registration, repeated regis-
tration, departure, re-entry, and payments involving inactive
agents. Mixed traces can also test agent actions alongside
ordinary transfer transactions. The transaction dataset, registry,
and execution logs provide records for checking the outcomes.
Listing 1 provides an example input.

Compilation-only runs support comparisons of generated ar-
tifacts. These comparisons require the same trace, seed, config-
uration, source revision, and clean initial registry. Compilation-
only outputs support plan inspection but contain no blockchain
execution results.

Visualization checks can compare the values in the two
final-balance subfigures. Both subfigures should contain the
same values in different orders. Each local trajectory should
also end at the corresponding account’s final balance change.

D. Figure Regeneration

Archived account records provide the inputs for figure
regeneration. An explicit data directory identifies the selected
run. The original integer-valued records and plotting com-
mands allow the displayed balance changes to be checked.

The following commands regenerate the plots and HTML
gallery from one archived run.
python3 figs/python_code/plot_agent_balance.py \
--data-dir <archive>/round_001/agents \
--fig-dir <archive>/figures

python3 figs/python_code/build_fig_html.py \
--fig-dir <archive>/figures \
--data-dir <archive>/round_001/agents

The gallery builder uses -fig-dir to locate the PNG files
and save the HTML page. Its -data-dir argument supplies
the displayed data source and agent count. This argument
does not regenerate the figures or verify their source. Both
commands therefore need to reference the same archived run.
Windows execution uses the corresponding Python command
and path syntax.
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