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ABSTRACT
In this demonstration, we introduce a system that facilitates trading
agent competitions.1 Competitions mirror a Walrasian Exchange
Economy. Each agent is endowed with a set of digital assets and
preferences over them. Agents then trade these assets with each
other to increase their respective utilities. They negotiate one-on-
one to arrive at an optimal trade, and if successful, settle their
transaction trustlessly on an emulated permissionless blockchain.
This system is a precursor to a trading platform for digital assets
and crypto-tokens in which agents trade on behalf of their users.2
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1 INTRODUCTION
(Contribution) We introduce a Trading Agent Competition (TAC)
system accompanied by an open source TAC Python package. There
is a rich history of trading agent competitions [9], but this work
has no direct affiliation with any of them.

This system provides a competition environment in which au-
tonomous economic agents engage in bilateral trades of digital
assets. The agent’s performance is evaluated according to the per-
formance of their strategy within each market compared with the
other agents that are present. In the competition, agents negotiate
one-to-one in a trustless environment to arrive at a trade that is
optimal in their view, and settle their transactions via a special
controller agent which emulates the role of a smart contract [3] on
a blockchain-based distributed ledger system [8].

In the real world, an agentwould represent an individual or group
of people, and would be tasked with looking after their interest by
maximising a defined utility function. To achieve this, the agents
must be made aware of their owners’ preferences and values [1].
In the competition, each agent is explicitly given a representation
of their owners’ preferences over all digital assets at the beginning
of each round. During the competition, the goal of each agent is to
∗Correspondence to: david.minarsch@fetch.ai
1The code is available at https://github.com/fetchai/agents-tac.
2A video of the demonstration can be accessed at https://youtu.be/iJ0qS1RdgGw.
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maximise its owners’ benefit by engaging in profitable trades that
increase their utility under the specified preferences.

(Application) The competition, in its current form, is a tool
that simulates a trading environment for tokens, digital assets and
crypto-currencies [5] whereby traders are modelled as autonomous
agents. The tool helps us study and understand market behaviours,
the effectiveness of market mechanisms and the strategies of the
trading agents themselves [6].

In this system, the representation of crypto-traders via agents
enjoys a high degree of admissibility, mainly because the aim for
the agents is not to approximate the behaviour of actual human
traders. Rather agents will be traders that act on behalf of human
users in the next iteration of this system. As such, the competition
is a precursor to a trading platform whereby agents trade digital
assets and crypto-tokens on behalf of human users on, e.g., the
Ethereum blockchain [10].

2 THE COMPETITION
2.1 The model
The competition follows a traditional Walrasian economy [7].

(Agents) The competition consists of a set 𝐴 = 𝐴𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 ∪
𝐴𝑚𝑜𝑑𝑒𝑙−𝑏𝑎𝑠𝑒𝑑 of agents partitioned into baseline and model-based
which compete in the trading competition (see section 3). There is
also a special controller agent 𝑐 that runs the competition.

(Tokens) There are 𝑛 sets of digital assets (henceforth, tokens)
𝑋 = ⟨𝑋1, . . . , 𝑋𝑛⟩ where each 𝑋𝑖 represents one token type and
each 𝑥 ∈ 𝑋𝑖 is an instance of 𝑋𝑖 . In general, we may have |𝑋𝑖 | ≠
|𝑋 𝑗 |, i.e. different aggregate supply across tokens. There is also a
special numeraire token (henceforth NT) 𝑋0 which serves as a unit
of account and medium of exchange to agents.

(Current holdings) Each agent 𝑎’s current token holding is x𝑎 =〈
𝑥𝑎1 , . . . , 𝑥

𝑎
𝑛

〉
where each 𝑥𝑎

𝑖
⊆ 𝑋𝑖 is the set of instances of token

𝑖 agent 𝑎 currently possesses. Each agent 𝑎’s current NT holding
is 𝑥𝑎0 and it is always the case that

∑
𝑎∈𝐴 𝑥𝑎0 = |𝐴| × NT_amount.

Agents can have no instance of a token 𝑖 at some point in time but
never a negative amount, i.e. no borrowing. At the beginning of
a round in the competition, every agent is endowed with at least
some base_amount > 0 of each token and 𝑁𝑇_𝑎𝑚𝑜𝑢𝑛𝑡 . Tokens can
only be traded in integer amounts and are thus non-divisible.

(Preferences) Agents are assigned preferences on tokens by the
controller agent 𝑐 . Each agent 𝑎 ∈ 𝐴 has a transitive preference
relation ≼𝑎 which totally ranks any possible combination of token
bundles. In practice, each agent 𝑎 has a utility function 𝑢𝑎 which is
quasi-linear in tokens:

𝑢𝑎 (𝑥𝑎0 , x
𝑎) = 𝑥𝑎0 + 𝑔(x𝑎) = 𝑥𝑎0 +

∑
𝑖∈{1,...,𝑛}

𝑠𝑎𝑖 × 𝑓 ( |𝑥𝑎𝑖 |) (1)

such that 𝑠𝑎
𝑖
> 0 and
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𝑓 ( |𝑥𝑎𝑖 |) =
{
ln( |𝑥𝑎

𝑖
|) if |𝑥𝑎

𝑖
| > 0

−𝐿 otherwise
(2)

In Equation 1, 𝑥𝑎0 is agent 𝑎’s NT holding, 𝑠𝑎
𝑖
is the utility pa-

rameter 𝑎 assigns to token 𝑖 , 𝑓 ( |𝑥𝑎
𝑖
|) parameterizes the number of

instances of token 𝑖 that agent 𝑎 has, and 𝐿 > 0 is a large constant.
An agent 𝑎’s utility parameters for tokens are 𝑠𝑎 =

〈
𝑠𝑎1 , . . . , 𝑠

𝑎
𝑛

〉
where 𝑠𝑎

𝑖
is 𝑎’s utility parameter for token 𝑖 . Equation 3 ensures

the sum of the utility parameters for all tokens are the same across
agents: ∑

𝑖∈{1,...,𝑛}

𝑠𝑎𝑖 = 1 (3)

With the specific design of the utility function in Equation 1, we
implement the well studied Cobb-Douglas function [2] for 𝑔(x𝑎)
which has the gross-substitutes property. This property means that
an increase in the price of one token causes rational agents to
demand more of the other tokens.

(Trade cost) We introduce a trade cost 𝑘 to explicitly model
transaction costs that incur on blockchain-based financial systems.
Each transaction incurs the same cost 𝑘 .

2.2 The competition setup
2.2.1 Controller Agent. In the competition, the controller agent

𝑐 takes on the dual responsibilities of transaction settlement and
competition management, emulating the functionalities of, respec-
tively, a distributed ledger system and smart contracts.

2.2.2 Phases. The trading game has the following three phases:
Pre-trading: in which agents register with the controller agent.
Trading: consists of 𝑘 game instances 𝑔1, . . . , 𝑔𝑘 s.t. at each 𝑔𝑖 :
• The controller agent sends every participant a new draw of
token endowments and preferences.

• Agents trade with each other.
• The controller agent registers and settles transactions, effec-
tively keeping track of the token holdings of every agent and
only accepting those transactions which are cryptographi-
cally signed by the transacting parties.

• After some set time period or a sustained period of no trades,
whichever occurs first, the game instance finishes. The con-
troller agent constructs a league table containing the final
scores and ranking.

Post-trading: the controller agent reports the final league table
which is a (weighted) average of all game instance league tables.

3 AGENTS
There are two types of agents in this competition: baseline and
model-based. Agents in the competition focus on discovering how
they can arrive at an optimal bundle - as defined by their preferences
- through successive trades. Emphasis for agents is placed on a)
finding the right agents to trade with, and b) doing the right trade
with them.

After finding each other, agents in the competition negotiate
one-on-one in order to reach agreement on a trade. The negoti-
ation protocol agents use is inspired by the FIPA ACL [4]. This
means, there is a multi-step dialogue during which agents send

Table 1: Negotiation messages

Message Contents Replies
cfp (q) q : query propose (o, p)

decline ()
propose (𝑜, 𝑝) o : offer propose (𝑜′, 𝑝′)

p : price accept ()
accept () match−accept ()
decline ()
match-accept ()

messages of the form P(𝑐1, . . . , 𝑐𝑛) where P, called a performative,
conveys the type of the message and 𝑐1, . . . , 𝑐𝑛 are the contents (e.g.
Request(resource), Propose(offer, price)). Table 1 lists the allowed
messages and for each message specifies its valid replies.

3.1 Baseline Agents
Baseline agents are the most basic agents provided in the TAC
Python package that can participate in a competition.

A baseline agent 𝑎 uses its utility function𝑢𝑎 (x𝑎, 𝑥𝑎0 ) to compare
different states and make decisions. In general, a baseline agent 𝑎
compares two states with token and NT holdings of respectively
x𝑎, 𝑥𝑎0 and x̃𝑎, 𝑥0𝑎 , by calculating the marginal utility 𝑢𝑎 (x̃𝑎, 𝑥𝑎0 )
- 𝑢𝑎 (x𝑎, 𝑥𝑎0 ) = 𝑔(𝑥𝑎) − 𝑔(x𝑎) + 𝑥0𝑎 − 𝑥𝑎0 . For an exchange that
results in agent 𝑎’s token and NT holdings to change from x𝑎 to 𝑥𝑎 ,
respectively 𝑥𝑎0 to 𝑥𝑎0 , to pay off, the change in the marginal utility
has to be positive.

A baseline agent 𝑎 simultaneously offers to buy and sell (if possi-
ble) an instance of every token 𝑖 in her current holding

〈
𝑥𝑎1 , . . . , 𝑥

𝑎
𝑛

〉
.

The price 𝑝 the agent is willing to sell is 𝑝 ≥ 𝑔(x𝑎) − 𝑔(x̃𝑎), where
𝑥𝑎 is the current token holding x𝑎 minus the instance to be sold. On
the other hand, the price 𝑝 ′ the agent is willing to pay to acquire
an instance is: 𝑝 ≤ 𝑔(𝑥𝑎) − 𝑔(x𝑎), where x̃𝑎 is the current token
holding x𝑎 plus the token instance to be bought.

3.2 Model-based Agents
A model-based agent uses information it gains from acceptances
and declines of her proposals to create a multi-armed bandit model
of price for each token. It uses this price model to offer the price it
assumes has the highest likelihood of becoming a successful trade.

The agents start with a uniform beta distribution (i.e. where
𝛼 = 𝛽 = 1.0) for each price bin. During the competition, each time
an agent gets a successful or failed trade involving a specific price
bin and token, she updates the distributions. The prices are then
sampled from the model by checking for the distribution with the
highest success probability.

4 CONCLUSION
We provided a system that allows autonomous agents to engage in
bilateral trades of digital assets.

Two agent strategies are included in the system’s package, i.e.
baseline and model-based. However, the system allows agents with
other strategies to be developed and entered into the competition.

As the next step, the system will be converted into a trading
platform for digital assets, in which the role of agents change from
simulating traders to performing trades autonomously on behalf of
their users.
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