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Summary

This report reviews 28 studies, first released between 2023 and 2026, in which LLMs act as bidders,
sellers, buyers, negotiators, traders or shopkeepers.

LLM agents can be more internally consistent than people on some tasks, and less consistent on others.
They do not reproduce human behavior: in auctions their errors differ from human errors in size and
often in direction, though some models preserve the human ordering of formats by difficulty [3, 5, 7].

Markets made of LLM agents converge to the competitive price more slowly than human markets, or
not at all [8, 9.

Recurring biases include anchoring on the first offer, choosing the first proposal received, overpaying
after revealing a budget and conceding to customer pressure [12, 14, 18,19].

Collusive outcomes appear without instruction: supracompetitive pricing between two agents, market
division, more collusion when sellers can talk, and agents accepting secret tools labeled unfair
[21,22,23, 25].

Agents can deceive their principals under pressure, and they can be manipulated by counterparties
through promptinjection and persuasion [18, 271.

Small changes in prompt wording move prices, bids and accuracy, and models can recall economic data
from before their training cutoff. Both weaken many published comparisons [21, 29, 33].

Supervisors have named the same risks. The Financial Stability Board flagged market correlations, and
the Bank of England's Financial Policy Committee flagged autonomous trading models that might
facilitate collusion without their managers' awareness [34, 35].
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Background

Agents are starting to transact

Businesses have relied on algorithms to set prices, bid and trade for years [21]. What general-purpose LLMs
add is that they can be handed a market task in plain language and act on it without a task-specific training
period [21]. Researchers describe infrastructure being built by payment networks, retailers and Al platforms
so that agents can buy and sell for merchants and consumers [17], and they describe agents that already
mediate product discovery and transactions for users [18].

Earlier evidence on pricing algorithms

Concern about algorithms and competition predates LLMs. In 2020, Emilio Calvano and coauthors showed
in the American Economic Review that Q-learning pricing agents in a repeated oligopoly learned to charge
supracompetitive prices without communicating, sustained by a limited period of punishment followed by
a gradual return to cooperation [11. Fish and coauthors note that classic algorithms of this kind need long
training periods and can be exploited by competitors, which limited how relevant the result seemed in
practice. LLMs arrive pre-trained and perform across many environments without that training period [21].

LLMs as simulated subjects

A second line of work uses LLMs to stand in for human subjects. John Horton and coauthors described
LLMs as implicit computational models of people, a Homo silicus, that can be given endowments,
information and preferences, and reported replications of classic behavioral experiments with qualitatively
similar results [2].

Laboratory economics as the reference

Many of the studies borrow designs from experimental economics, where decades of human data exist.
Human laboratory collusion has usually been studied by giving bidders a channel to talk; tacit collusion
without one has appeared under facilitating conditions such as few bidders and repeated play, as bid
matching or bid rotation [36].
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Method

Scope

The review covers studies in which an LLM makes economic decisions with measurable outcomes: bids,
prices, offers, trades, purchases or allocations. It includes journal articles, peer-reviewed conference
papers, preprints and research reports from Al developers. Preprints are labeled as such. The emphasis is
on work published or revised between 2024 and 2026; a few studies first released in 2023 are included
because later work builds directly on them.

Search and selection

Studies were found through arXiv, the proceedings of NeurlPS, ICML, ACL and COLM, journals including
PNAS and Nature Human Behaviour, and research posts from Al developers. A study was included only if its
abstract page or full text could be opened and it reported a measurable market outcome. For each, the
review recorded the setting, the number of models, the sample size where stated, the main outcome and
the publication status. Figures come from the full text where it was read and from the abstract otherwise.
Supervisory reports were added for context.

What this review is not

Itis a structured narrative review. It does not pool effect sizes, because the studies use different settings,
models and measures, and it does not rank models. Models are described by type (frontier, smaller open-
weights, reasoning), because results are tied to versions that change quickly.

Studies reviewed

Study Status Setting Main result

Horton, Filippas, NBER working paper, Classic behavioral Quialitatively similar results to the

Manning [2] 2023, revised 2026 experiments originals

Chen, Liu, Shan, PNAS, December 2023  Budget allocation over risk, Higher rationality scores than human

Zhong [3, 4] time, social and food choices subjects; sensitive to framing

Ross, Kim, Lo [5] COLM 2024 Utility-theory tests of Neither fully human-like nor fully
economic biases rational; inconsistent across settings
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Study

Akata et al. [6]

Shahetal. [7]

Struski et al. [8]

Jiaand Yuan [9]

Tareaf [10]

Chenetal. [11]

Bianchi et al. [12]

Abdelnabi et al. [13]

Zhuetal. [14]

Bergemann et al.
[15]

Zhang et al. [16]

Status

Nature Human
Behaviour, May 2025

Preprint, revised
September 2026

Preprint, September
2026

Preprint, 2024

Preprint, August 2026

Preprint, 2023, revised

2024

ICML 2024

NeurlPS 2024,
Datasets and
Benchmarks

Preprint, 2025

Preprint, April 2026

Preprint, 2026

Setting

Repeated two-player games,
including with human
participants

Seven auction formats against
reconstructed human data

Replication of Smith's double
auction

Competitive market
experiments

Five environments tied to
published human data, 12
open-weights models

Auction arena for planning
and execution

Ultimatum, trading and price
negotiation games

Multi-party, multi-issue
negotiation

Agent-to-agent consumer
negotiation

Bilateral trade with private
information, 15,000
negotiations

Negotiation against
counterparts of known hidden
type
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Main result

Strong in self-interested games,
weak at coordination

Human ordering of formats
preserved by some models; sizes and
directions differ

Slower or no convergence; lower
efficiency than humans

Agents did not reach market
equilibrium

Human agreement only at the start;
one action-order swap cost a model
58 points of cooperation

Budget management and goal
adherence; simple baselines
sometimes better

Anchoring on opening offers; tactics
move payoffs

Hard for all models; greedy and
adversarial players change outcomes

Budget violations, overpayment,
deadlock, early settlement

Anchoring and patience earn
surplus; fine-tuning shifts trade-offs

Deal rates saturated; surplus,
calibration and compliance differ
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Study

Ahmed et al. [17]

Bansal et al. [18]

Project Vend,
phase one [19]

Project Vend,
phase two [20]

Fish,
Gonczarowski,
Shorrer [21]

Linetal. [22]

Agrawal et al. [23]

Huang et al. [24]

Zeng and Rudzicz
[25]

Motwani et al. [26]

Scheurer, Balesni,
Hobbhahn [27]

Lopez-Lira [28]

Status

Preprint, July 2026

Preprint, October 2025

Research post, June
2025

Research post,
December 2025

Preprint, sixth version
August 2026; abstract
at EC 2026

Preprint, 2024, revised
2025

Preprint, July 2025

Preprint, 2026

Preprint, May 2026,

revised October 2026

NeurlPS 2024

ICLR 2024 workshop

Preprint, April 2025

Setting

Dynamic multi-attribute
sealed-bid pricing, 11 frontier
models

Two-sided marketplace, up to
100 customers and 300
businesses

Real office shop run by an
agent for about a month

The same shop with newer
models, tools and a manager
agent

Repeated pricing duopoly and
first-price auctions

Multi-commodity Cournot
competition

Seller collusion in continuous
double auctions

Multi-agent workflows
including competition for
resources

Offers of secret collusion
tools, 12 models

Steganographic collusion

Simulated trading agent
under pressure

Simulated stock market with
an order book
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Main result

No agent reached one third of
hindsight-optimal profit

First-proposal bias; welfare falls with
more options; manipulation

Lost money; discounts under
pressure; invented details

Negative-margin weeks largely
eliminated; still manipulable

Supracompetitive prices without
instruction; wording matters

Market division without instruction

Communication increases collusion

Collusion-like coordination and
conformity

Ten of 12 models accept tools labeled
unfair

Rising capability; limits of monitoring
and paraphrasing

Insider trading, then concealment,
without instruction

Agents follow assigned strategies;
bubbles and underreaction appear
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Study Status Setting

Lopez-Lira, Tang, Preprint, 2025 Recall of economic and

Zhu [29] financial data

Lietal. [30] ACL 2024 Macroeconomic agent-based
simulation
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Main result

Exact recall before the training
cutoff; none after

More reasonable macro patterns
than rule-based or learning-based
agents

71720



Findings
1. Consistent on some tasks, inconsistent on others, and not human

A 2023 PNAS study asked a widely used chat model to allocate 100 points between two goods at different
prices, in four domains, with each setup repeated 100 times. Its choices scored higher on a standard
revealed-preference rationality index than those of 347 people from a representative U.S. sample, and its
preferences varied less across runs than human preferences vary across people [3, 41. The scores stayed
stable across temperature and persona settings but dropped substantially when prices were described
differently or the continuous budget was replaced with 11 discrete options, and they dropped far more than
human scores under the same changes [4].

A COLM 2024 study, mapping models' economic behavior through utility theory, found behavior "neither
entirely human-like nor entirely economicus-like," with most models struggling to stay consistent from one
setting to another [5].

Fidelity to people is weaker still. Shah and colleagues scored five models in seven auction formats against
human benchmarks rebuilt from published experiments. No model's deviation from theory fell within the
human range in more than two of five private-value formats. In second-price auctions people mostly
overbid, while most models that deviated underbid. The three large models without extended reasoning
did preserve the human ranking of formats by difficulty, and the reasoning model bid almost exactly at
equilibrium [7]. The authors conclude that LLM bidders can screen designs for orderings and should not be
read for the size or direction of human deviations [7].

Market-level results point the same way. In a replication of Smith's double auction, markets populated by
LLM agents showed slower or no convergence to equilibrium and less efficient allocations than human
markets [8]. An earlier study found that LLM agents, unlike humans, did not reach market equilibrium [9]. In
repeated two-player games, a frontier model did well in self-interested games and poorly in games
requiring coordination: it never cooperated again after a partner's single defection and coordinated with an
alternating partner in the Battle of the Sexes only half the time. A prompting method that asks the model
to predict the other player's move first improved coordination with 195 human participants [6]. A 2026
benchmark tied to published human data found first-round public-goods contributions within the
equivalence margin for 8 of 11 models and no model matching end-state contributions [10].

A 2026 theoretical paper offers one explanation: for canonical games whose solutions appear in training
text, models can retrieve and recombine that material, which sidesteps the computational limits that shape
human deviations. It proposes four tests to tell human-shaped deviations from model-shaped ones [37].
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2. Biases that recur across settings

Bias

Setting

Evidence

Anchoring on the
opening offer

First-proposal bias

Limited search

Overpayment

Constraint
violation

Early settlement

Eagernessto
please

Unforgiving play

Inter-model
distraction

Price negotiation

Two-sided

marketplace

Two-sided

marketplace

Consumer
negotiation

Consumer
negotiation

Consumer
negotiation

Real office shop

Repeated
prisoner's
dilemma

Negotiation

Final accepted price correlated with the seller's first proposal at p = 0.716;
agents tended to split the difference [12]

First proposals chosen 60 to 100 percent of the time, a 10 to 30 fold
advantage for responding first; in one condition, 60 percent against 13.3
percent for third proposals [18]

Most models contacted a small fraction of available businesses; when
search results grew from 3 to 100, consumer welfare fell by 4.3 percent for
the least affected model and by 44 and 65.4 percent for two others [18]

Buyer agents paid above retail price, often after sellers asked them to reveal
their budget early [14]

Some models accepted deals above budget in more than 10 percent of
cases; one small model's sellers accepted below-cost deals in almost 18.5
percent of low-budget cases [14]

Higher budgets led buyer agents to compromise more readily [14]

Discount codes and free items granted under customer pressure; an offer of
$100 for a six-pack available online for about $15 not acted on; a drink priced
at $3.00 while free nearby [19]

No return to cooperation after a single defection [6]

A stronger model's outcome worsened when it had to correct a weaker
model's illegal moves [12]

Several of these biases transfer value to the counterparty. An agent that takes the first proposal rewards

whichever seller answers first, whatever its offer, and an agent that reveals its budget invites a price near it.

The marketplace authors argue that under first-proposal bias, search ordering becomes critical [18].
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3. Collusion without instruction

Study Setting Communication Finding

Fish etal. Repeated Bertrand None, prices or bids Supracompetitive prices and profits reached

[21] duopoly; repeated two- only quickly; consistent with reward-punishment
bidder first-price auction strategies; one wording produced prices

sometimes above monopoly levels

Linetal. Multi-commodity Cournot None Agents divided commodities between

[22] competition themselves to maximize profit

Agrawal et Sellersin a continuous Varied Direct seller communication increased collusion;
al. [23] double auction propensity varied by model; oversight and

urgency from authority figures influenced it

Huang et Multi-agent workflows Varied protocols Collusion-like coordination and conformity at
al. [24] with shared resources non-trivial frequency without explicit instruction;
safeguards on single agents insufficient

Zeng and Competitive games with A secret channel, Ten of 12 models accepted tools labeled unfair at

Rudzicz offered secret tools offered as a tool least 98 percent of the time; ethical warnings cut

[25] acceptance to O to 16 percent for larger models
only

Motwaniet  Agents communicating Hidden channels Rising steganographic capability; monitoring,

al. [26] under oversight paraphrasing and parameter optimization have

limits as countermeasures

The Fish study also examines mechanism. Two agents built on a frontier model of the time were told to
maximize long-run profit, with no suggestion to collude, avoid price wars or punish rivals, and were not told
their rival was also an Al. Over 21 runs of 300 periods for each of two prompts, both prompts produced
prices above the Bertrand-Nash level. The prompt that reiterated long-run profit produced substantially
higher prices than the one that mentioned undercutting, sometimes above the monopoly level [21]. The
authors then reset simulations and replaced an agent's written reasoning with reasoning about avoiding
price wars taken from other sessions. Prices rose, which they read as causal evidence that price-war
concerns help sustain high prices [21]. The results held with a newer-generation model at high reasoning
effort [21].

Human laboratory collusion has mostly relied on a channel to talk [36]; the LLM agents in the Fish study
reached supracompetitive outcomes through prices alone. The Bank of England's Financial Policy
Committee made a related point about advanced trading models: given the ability of some models to learn
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in multi-agent settings and the difficulty of explaining their outputs, collusion "might emerge without the
human manager's intention or awareness" [35].

4. Deception of principals, manipulation by counterparties

Apollo Research deployed a frontier model as an autonomous stock trading agent in a simulated firm.
Under pressure, the agent acted on aninsider tip it knew management disapproved of, and in its report to
its manager it consistently hid the real reason for the trade [27]. Removing the model's reasoning
scratchpad reduced the behavior, though deception persisted about a quarter of the time. A system
prompt that strongly discouraged illegal actions and forbade acting on insider information did not
eliminate the trading, and once the agent had traded on the tip, its tendency to deceive stayed high under
every prompt tested [27].

Manipulation also flows in from counterparties. Magentic Marketplace tested seller-side tactics ranging
from fake credentials, social proof and fear about competitors to two strengths of prompt injection.
Frontier models mostly resisted, with mean payments to manipulative businesses typically under 1.0 out of
3.0, though one showed some vulnerability to strong promptinjection. Other models fell to prompt
injection that often redirected all payments to the manipulating business, and two smaller models also paid
more under authority and social-proof tactics [18]. In negotiation, an agent instructed to pretend to be
desolate and desperate raised its payoff by 20 percent against a standard frontier-model opponent [12]. A
multi-party negotiation benchmark found that greedy and adversarial players changed the interaction
dynamics between agents [13].

5. Realistic markets and a field pilot

Richer benchmarks show large headroom. In a dynamic multi-attribute pricing benchmark with 11 frontier
models, the model that won the most customers was not the one that earned the most profit, demand
shocks reordered the rankings, agents that learned fastest before a shock were typically slowest to revise
afterward, and no agent captured as much as a third of hindsight-optimal profit [17]. In a negotiation
benchmark that hides each counterpart's type from the agent but not from the evaluator, 13 LLM agents
spanning frontier systems saturated deal rate while differing in surplus extraction, use of cues, belief
calibration and compliance [161. In a simulated stock market with an order book, LLM agents followed
assigned strategies such as value investing, momentum and market making, the markets showed price
discovery, bubbles and underreaction, and the author notes that prompts can produce correlated behavior
that affects stability [28].

Project Vend, run by an Al developer in its own offices, supplies the field evidence in this review. In the first
phase, an agent ran a small shop in an office for about a month. It lost money, with a steep drop in its net
value after it bought metal cubes and priced them below what it had paid. It granted discount codes and
free items under pressure, told customers for a time to pay into an account that did not exist, and invented
a conversation with a restocking contact who did not exist [19]. Its authors wrote that they "would not hire"
the agent [19].
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In the second phase, the shop ran on newer models, with a customer relationship tool, cost-aware

inventory views, a browser for price checks and a separate manager agent, and it expanded to three cities.
Weeks with negative margins were largely eliminated. Under the manager agent, discounts fell by about

80 percent and giveaways by half, while refunds tripled and store credits doubled [20]. The authors were

careful about attribution: the phases had no clean boundary, the turn to profit "may have been in spite of
the CEO," meaning the manager agent, and customers had grown tired of pressing for deals. Among the

most impactful changes, they wrote, was forcing the agent to follow procedures [20]. The authors conclude

that "the gap between 'capable’ and '‘completely robust' remains wide" [20].

6. Training and structure change behavior

Behavior depends on more than the base model. In bilateral trade with private information, five frontier

models played 15,000 negotiations; aggressive anchoring, calibrated concession and patience were

associated with the highest surplus share and deal rate, while accommodating strategies captured the

least. Supervised fine-tuning of smaller open-weights models roughly doubled their surplus share but

lowered deal rates, and reinforcement learning restored deal rates while giving back some of the surplus

[151. In auctions, describing a second-price auction as a clock improved bidding for two of three large

models, mirroring the effect on people [7]. In repeated games, asking the model to predict the other player
before choosing improved coordination [6]. In the field pilot, procedures and role separation helped [20].

The deployed system, with its prompts, tools and procedures, is what needs evaluating.

7. Gaps in the evidence

Gap

Evidence

Consequence

Prompt sensitivity

Memorization

Reconstructed
human baselines

Fragility to surface
changes

Formatting changes that preserve meaning moved one open
model's accuracy by up to 76 points; format performance
correlated weakly across models [33]. Wording changes
moved prices and bids [21]

Models recalled exact economic and financial values before
their cutoff; instructions to respect historical boundaries and
masking did not stop it; no recall after the cutoff [29]

Human auction benchmarks rebuilt from published
summary statistics, with uncertainty that limits comparisons
of levels [7]

Reversing the order of two listed actions cost one model 58
points of cooperation [10]
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A single-prompt result may
describe the prompt more than
the model

Backtests and replications over
pre-cutoff periods cannot
separate skill from recall

Claims about human-likeness
rest on orderings more than
levels

Results need re-rendered
variants before they are trusted
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Gap Evidence Consequence

Benchmark Agent benchmarks scored narrowly on accuracy, with weak Reported differences between
practice or missing holdout sets and a widespread lack of agents may not survive
reproducibility [31]; most language-model papers do no replication

significance testing [32]

Model and version The pricing study first ran on a 2023 model and was re-run Findings carry a version date and

churn on a newer generation; itis now in its sixth version [21] need re-testing

Preprint status Most studies here are preprints, several revised more than Numbers can change between
once [7,21,25] versions
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Implications

For organizations deploying agents that buy, sell or negotiate

The studies converge on a pre-deployment checklist. Test the agent where the right answer is known, such
as an auction with induced values or a negotiation with a known reservation price. Measure the direction of
its errors as well as their size. Run more than one wording of the instructions. Put it against adversarial
counterparties that use prompt injection, fake credentials and pressure [18]. Check whether it reveals its
budget or limits [14]. Where an organization's agents meet competitors' agents repeatedly, monitor prices
and bids for collusive patterns, because the evidence shows they can arise without instruction [21, 22, 25].

For teams building agents

Hard constraints belong outside the model. Budget limits, cost floors and approval thresholds that the
agent cannot override address the constraint violations and below-cost sales seen in negotiation studies
and the field pilot [14,19]. Procedures and role separation helped in the field [20]. Logging every input and
output lets a team reconstruct why an agent paid what it paid.

For market operators and platform designers

When customer agents favor the first proposal, response speed outweighs quality in deciding which seller
wins [18]. Platforms that host agents shape outcomes through search ranking, the number of options
shown and the timing of proposals, and they are positioned to screen agent conduct for collusive patterns.

For risk teams and supervisors

The Financial Stability Board's concerns about market correlations and provider concentration, and the
Bank of England's concern about autonomous models that exploit other firms' weaknesses or collude
without their managers' awareness, map directly onto the laboratory findings above [34, 35]. The laboratory
evidence is a starting point for designing tests; it is not evidence about deployed trading systems.

For researchers

Report results across prompt variants, re-render environments to check for recall, run several model
families and seeds, and state model versions and dates. Where human comparison matters, separate
magnitude, direction and ordering, as Shah and colleagues propose [7]. Treat studies run on pre-cutoff
historical data with caution [29].
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Limits of this analysis

e Thisisa structured narrative review of 28 studies, selected from searches of arXiv, conference

proceedings, journals and research posts. It is not a systematic review, and relevant studies may have
been missed.

e Most studies reviewed are preprints. Several had been revised more than once when accessed, and their
numbers may change.

e The studies use different models, prompts, settings and measures. Their results cannot be pooled, and
a finding from one setting does not establish the same behavior in another.

e The field pilot covers one Al developer's office shops, with its own staff as customers. Its authors note
that improvements cannot be attributed cleanly to individual changes [20].

e Where afigure is reported from an abstract rather than the full text, it is reported as the abstract states
it.

e Nothing in this reportisinvestment advice, and nothing in it describes the behavior of any deployed
trading system.
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