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Negotiation impasses as meaningful outcomes: How 
AI is changing the cost structure of walking away
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Artificial intelligence (AI) is often expected to improve negoti-
ation by strengthening information processing and analytical 
consistency. We argue that its effects on impasses are more 
selective. Extending the impasse cause, type, and resolution 
(ICTR) model, we distinguish two pathways. The first pathway 
is analytical augmentation: AI can reduce unwanted impasses 
caused by misunderstanding, poor option generation, and 
coordination failure. The second pathway runs through 
behavioral flexibility: Humans sometimes reach mutually 
acceptable agreements through aspiration adjustment, face-
saving, and relational repair. Systems configured to apply 
stable decision thresholds and optimize focal-party outcomes 
without relational objectives reduce this flexibility and can 
thereby increase forced impasses. Which pathway dominates 
depends on AI’s role as advisor or counterpart; its objective, 
training, and prompt; and whether agreement primarily re-
quires analytical problem solving or interpersonal flexibility. 
These predictions concern system behavior, not whether AI 
experiences fatigue or social pressure: systems can be 
designed to respond to relational cues without experiencing 
them. Wanted impasses depend on both parties’ underlying 
preferences, which AI does not change; AI instead helps ne-
gotiators recognize incompatibility sooner and justify walking 
away more openly. AI therefore changes the composition and 
meaning of impasses rather than uniformly increasing or 
decreasing agreement. Remaining impasses may reveal 
genuine incompatibility, but they may also reflect misspecified 
objectives or failures to encode principals’ relational and 
economic costs.
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Impasses, reconsidered
Negotiation scholars have often treated impasses as 
failures to be minimized through better information, 
incentives, and decision making [1—3]. This view re-

flects paradigms in which negotiators are given positive 
zones of agreement: when both parties prefer an avail-

able deal to non-agreement, an impasse is a mistake by 
design [4—6].

However, agreement is not the appropriate benchmark in 
every negotiation. In field settings, no mutually acceptable 
deal may exist, alternatives may be superior, or parties may 
derive strategic or relational value from non-agreement. 
Recent negotiation reviews therefore treat impasses as 
potentially meaningful and sometimes appropriate out-

comes rather than uniformly failed agreements [7,8]. The 
relevant evaluative question is not simply whether nego-

tiators agree, but whether agreement or non-agreement 
better serves the parties’ preferences after economic, 
relational, temporal, emotional, and cognitive conse-

quences are considered [6].

The ICTR model distinguishes three impasse types by 
the parties’ preference configuration [6]. A wanted 
impasse occurs when both parties prefer non-agreement 
to the feasible agreements: for example, when both 
have superior alternatives or when agreement would 
violate commitments neither will compromise. It may 
protect alternatives or principles, although the process 
can still consume time or damage relationships. A 
forced impasse occurs when one party prefers non-

agreement while the other prefers an available agree-

ment. For example, a seller might reject a price below 
its reservation value that the buyer would accept. It 
imposes the loss of agreement on the deal-seeking 
party and may generate reputational or relational 
costs for both. An unwanted impasse occurs when both 
would prefer an available agreement but misunder-

standing, emotion, or coordination failure prevents it, 
such as when parties overlook a mutually beneficial 
tradeoff, leading both parties to forgo value. The ty-

pology therefore shifts attention from whether an 
impasse occurs to whose preferences it reflects, why it 
occurred, and what it cost.
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We extend this logic to AI-mediated negotiation. Our 
central argument separates two pathways. Analytical 
augmentation can reduce unwanted impasses by 
improving preference inference, option generation, and 
coordination. The second pathway operates through 
diminished behavioral flexibility: AI systems might use 
stable thresholds, optimize focal-party outcomes — the 
outcomes of the party the system represents - and 
neglect relational objectives, increasing forced impasses. 
The net effect is conditional on the system’s role, ob-

jectives, training, and responsiveness to relational cues, 
as well as on what the negotiation requires. AI should 
therefore redistribute impasse types rather than uni-

formly raise or lower agreement rates.

The cost structure of walking away
This redistribution is partially explained by the extent to 
which these costs are borne by the negotiating agent or by 
the represented principal. Human negotiators directly 
experience effort, fatigue, conflict, and face concerns. AI 
can lower the marginal effort of preparing, generating, and 
evaluating offers, but it does not eliminate the principal’s 
delay, opportunity, reputational, relational, or economic 
costs of non-agreement. Whether an AI system responds 
to those costs depends on how they are represented in its 
objectives and constraints [9,10].

Reported impasses illustrate why these preference and 
cost distinctions matter. In one survey of 202 negotiators, 
17% of reported impasses were wanted, 39% forced, and 
44% unwanted [6]. These figures describe the composi-

tion of observed impasses in that sample rather than the 
prevalence of each type across negotiations. Moreover, 
because admitting a preference for non-agreement 
carries social costs, negotiators may report wanted im-

passes as forced or unwanted. The cost structure thus 
shapes not only impasse behavior but how impasses are 
described. Related evidence shows that weak alternatives 
and hence high costs of impasses, can change who per-

sists and who performs well in distributive bargai-

ning [11].

The same human constraints that make prolonged 
disagreement costly can also facilitate agreement. Fa-

tigue or social pressure may induce a mistaken conces-

sion, but aspiration adjustment, face-saving, and 
relational repair may enable a rational, positive-surplus 
settlement [12—14]. Historical accounts likewise sug-

gest that social lubricants such as alcohol can lower 
interpersonal barriers, even though they may also impair 
judgment [15]. AI changes these processes unevenly, as 
Figure 1 summarizes.

How AI changes the cost structure
AI can change negotiation through two related but 
distinct mechanisms. First, analytical tools can 
generate and compare offers, simulate alternatives,

identify integrative tradeoffs, and help negotiators 
estimate reservation values. By lowering preparation 
and information-processing costs, these capabilities 
can reduce unwanted impasses caused by misunder-

standing, cognitive overload, or poor option genera-

tion. They do not, however, eliminate the principal’s 
costs of delay or non-agreement, and inaccurate 
inputs or objectives can generate new errors.

Second, delegation can change the behavioral route 
to settlement. Humans sometimes concede because 
they tire, lower aspirations, seek face, respond to 
relational discomfort, or repair a strained interaction. 
Neither fatigue nor rapport makes an agreement 
mistaken by itself. The ex-ante criterion is whether, 
given the information reasonably available at the 
time and including economic, relational, temporal, 
and emotional consequences, the expected value of 
agreement exceeds the no-agreement alternative. 
Fatigue that induces acceptance below a properly 
specified reservation value is an agreement mistake; 
fatigue that merely lowers an aspiration and enables 
a positive-surplus agreement is not necessarily one. 
Rapport may reveal or create value, but it can also 
distort judgment. AI can reduce both erroneous 
concessions and legitimate settlement flexibility.

These mechanisms can therefore work in opposite di-

rections. Analytical augmentation should reduce unwanted 
impasses when failures of understanding or coordination are 
decisive. Forced impasses may increase when systems rein-

force focal-party aspirations, apply stable thresholds, or 
disregard relational costs; they need not increase when 
systems are trained to seek joint gains, preserve relation-

ships, or accommodate excessively. The relevant theoret-

ical variable is the system’s decision policy and objectives, 
not whether it subjectively experiences fatigue, face con-

cerns, or social pressure.

AI can also alter counterparts’ reactions. Small, 
delayed, or infrequent concessions increase impasse 
rates partly because they can appear hostile or un-

cooperative [16]. A rigid AI-supported concession 
pattern may therefore provoke rejection, whereas 
diplomatic framing or transparent explanations may 
make the same substantive limit easier to accept.

The predicted result is not a uniform change in 
agreement but a conditional redistribution. Unwanted 
impasses should decline when analytical assistance 
corrects genuine coordination failures. Forced impasses 
should rise when rigid focal-party optimization dis-

places positive-surplus agreements that humans 
would otherwise reach. Wanted impasses may become 
easier to identify or justify when AI clarifies genuine 
incompatibility, but their frequency depends on 
both parties’ underlying preferences. Figure 2 ap-

plies these predictions across three configurations.
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Human–human negotiations (with AI support)
In the most prevalent configuration, humans negotiate 
with one another while using AI as advisor, drafter, or 
analyst. AI can reduce preparation costs and improve 
evaluation, but humans continue to bear relational, 
reputational, and emotional consequences. Effects 
therefore depend on how negotiators use the advice and 
on whether the system is optimized for focal-party 
value, joint gain, or another objective.

Analytical support should most clearly reduce unwanted 
impasses. Sato et al. [17] found that training negotiators to 
infer counterpart preferences through a visualized 
appraisal process improved preference inference, although 
it did not consistently improve integrative outcomes. Hart

et al. [18] show that job candidates overestimate the risk 
that negotiating will jeopardize an offer; one potential role 
for AI advice is to identify and correct such mis-

perceptions. These findings do not establish that AI 
advice produces agreement, but they illustrate analytical 
failures that suitable support might reduce.

The same support can contribute to forced impasses when it 
validates aggressive aspirations or treats reservation esti-

mates as certain [19]. A negotiator who might otherwise 
accept a positive-surplus agreement above their reserva-

tion value but below their aspiration may continue bar-

gaining when AI repeatedly recommends demanding 
better terms. Conversely, more accurate analysis can lower 
an inflated threshold and facilitate agreement. The

Figure 1
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Two pathways through which AI can redistribute impasses.

Impasses As Meaningful Outcomes: AI Changing Cost Structure Schweinsberg et al. 3

www.sciencedirect.com Current Opinion in Psychology 2027, 73:102419

www.sciencedirect.com/science/journal/2352250X


prediction is therefore conditional on whether AI corrects 
or amplifies strategic overconfidence.

AI advice may also change how non-agreement is 
explained. When both parties genuinely prefer non-

agreement, algorithmic analysis can make a wanted 
impasse easier to justify. When only one party prefers it, 
blame deflection does not change the outcome into a 
wanted impasse; it may instead reduce the reputational 
cost of imposing a forced impasse.

Human–AI negotiations
In human-AI negotiation, a person bargains with an 
autonomous or semi-autonomous AI counterpart acting 
for another principal. The human directly experiences 
relational and psychological pressures, whereas the AI 
counterpart does not. Yet the represented principal may 
still bear delay, reputational, relational, and economic 
costs. The important asymmetry is therefore not that 
one side has no costs, but that the AI responds only to 
costs encoded in its objective, constraints, or policy.

Effects on unwanted impasses are mixed: an AI counterpart 
may process offers consistently and generate options 
rapidly, but it may also misinfer intent, rely on misspe-

cified rewards, or respond sensitively to prompts and 
context. AI replaces some human failure modes with

system-specific ones rather than simply elimi-

nating error.

Forced impasses should become more likely when an AI 
counterpart applies stable reservation thresholds, opti-

mizes focal-party value, and lacks relational objectives. 
They may become less likely when the system is trained 
or prompted to seek joint gain or accommodate the 
human counterpart. Shah et al. [20] report extreme 
anchoring by LLM negotiators, while Erlei et al. [21] 
show that people incur economic costs to avoid bargai-

ning with AI, suggesting another route to prema-

ture exit.

Available evidence confirms that system design can 
reverse the prediction. Greater reasoning capability can 
produce harder reservation behavior [22], whereas 
RLHF can produce over-accommodation [23]; person-

ality prompts likewise generate impasse rates ranging 
from near zero to over half [24]. AI is therefore not a 
single treatment. Its effects depend on model, training, 
prompt, objective, and interface. Classification also re-

quires a stated perspective: an AI may reject a deal 
consistently with its encoded policy even when the 
human principal would have preferred agreement. From 
the principal’s perspective, that is an unwanted, not a 
wanted, impasse.

Figure 2
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How AI may redistribute impasses across negotiation configurations.
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AI–AI negotiations
When both parties delegate to autonomous agents, 
neither negotiating process is constrained by human 
fatigue or face concerns. Marginal computational bar-

gaining costs may be low, but principals still bear delay, 
opportunity, relational, and economic consequences. 
Those consequences affect behavior only if the systems’ 
objectives or protocols represent them.

Some human sources of unwanted impasse may decline 
because agents can exchange information and iteratively 
compare proposals. New unwanted impasses can arise 
from reward misspecification, prompt-dependent 
interpretation, deployment artifacts, and generaliza-

tion failure. Consistent with this conditionality, prompt 
changes have shifted AI—AI deal rates from 27% to 89% 
[25], deployment language can matter more than model 
architecture [26], and interaction styles resembling 
warmth and dominance shape outcomes even in auto-

mated bargaining [27].

Forced impasses do not lose all social meaning merely 
because agents conduct the exchange. The principals 
may interpret a walkaway as hostile or consequential, 
and repeated-market reputation can matter even when 
agents do not experience it. Systems such as ASTRA 
[28] and ASTRO [29] instead show that persistence, 
cooperation, and walkaway behavior can become explicit 
design parameters. Engineering choices therefore relo-

cate, rather than eliminate, the social and strategic 
consequences of impasse.

Wanted impasses arise in AI—AI bargaining only when both 
principals prefer non-agreement to the feasible deals, or 
when that preference has been validly delegated. 
Optimization by itself does not make such impasses 
routine; it may simply identify incompatibility more 
quickly. If agent objectives diverge from principal pref-

erences, the same terminal outcome may be agent-

consistent but principal-unwanted. This principal-

agent distinction is necessary before AI-mediated im-

passes can be interpreted.

Research agenda
Our framework shifts the question from whether AI 
increases or decreases agreement to which impasse 
types it changes, through which mechanism, and from 
whose perspective. Empirical attention is uneven: 
human-AI negotiation attracts substantial attention, 
while human—human negotiation with AI support re-

mains thinly studied, even though it’s likely the most 
prevalent use-case in the near future. AI—AI research 
often treats agreement efficiency as the outcome 
without measuring ICTR preference configurations.

One priority is to manipulate system objectives directly. 
Systems optimized for focal-party value, joint gain, rela-

tionship preservation, or agreement should produce

different impasse distributions even when model archi-

tecture is held constant. The tension between harder 
reasoning-based reservation behavior and RLHF-based 
accommodation [23] illustrates why model labels alone 
are theoretically insufficient. Research should measure 
the objectives, prompts, constraints, and decision rights 
that produce a walkaway and cross these system proper-

ties with negotiations that primarily require analytical 
processing versus interpersonal flexibility.

How an impasse is reached should be studied as a 
dimension orthogonal to its type. The same wanted, 
forced, or unwanted impasse can follow hostile escalation 
and abrupt withdrawal or transparent explanation and 
respectful closure. These paths should have different 
consequences for procedural fairness, relationship 
damage, reputation, and future bargaining [6,16]. AI may 
reduce relational damage through neutral language, 
consistent procedures, or face-saving explanations; it may 
increase damage through rigidity, depersonalization, 
inappropriate tone, or perceived procedural illegitimacy.

Research must also specify whose preferences define the 
outcome. As delegation grows, principal and agent ob-

jectives may be only partially aligned. Studies should 
therefore measure both the principal’s ranking of agree-

ment versus non-agreement and the agent’s encoded or 
elicited objective. Digital traces make concession pat-

terns, thresholds, and persistence observable at scale, but 
observation alone does not reveal whether an impasse was 
wanted, forced, or unwanted. That classification requires 
preference evidence at the relevant level of agency.

Conclusion
Impasses are not uniformly failures, and agreement is 
not uniformly success. AI changes negotiation through 
at least two separable pathways: analytical augmentation 
can reduce unwanted impasses caused by misunder-

standing and poor option generation, while systems 
configured for stable focal-party optimization can reduce 
the behavioral flexibility that enables some positive-

surplus settlements and thereby increase forced im-

passes. Neither effect is a property of AI in general. It 
depends on the system’s role, objective, training, 
prompt, and responsiveness to encoded relational costs, 
as well as on what the negotiation requires. Interpreting 
the resulting impasse also requires identifying whose 
preferences count: an agent’s policy may reject a deal 
that its principal would have preferred. AI will therefore 
make some impasses more diagnostically informative 
and create others that reveal design and delegation 
failures rather than genuine incompatibility.
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Further information on references of 
particular interest
11 
* * 
. Across eight studies, including Shark Tank pitches where
women reached impasse 40% of the time versus 48% for men,
incorporating the economic costs of impasse into performance 
measures reverses the standard male advantage in distributive 
negotiation when alternatives are weak. Whether assertive 
behavior helps or hurts depends on the cost structure around 
non-agreement and this is exactly the variable AI most directly 
reshapes.

17 
* 
. Training negotiators to infer counterpart preferences from
emotional expressions improved partner-model accuracy but
not integrative outcomes. The dissociation shows that AI’s 
analytical gains do not automatically translate into better 
deals.

22
*
. In Ultimatum Games, LLMs with stronger reasoning behaved 
closer to a strict reservation-point logic than weaker-reasoning 
models. Reasoning capacity is therefore a lever pushing AI bar-
gaining toward harder forced impasses, in tension with alignment 
training pressures.

23
* * 
. Demonstrates that alignment training can shift LLM bargaining
toward over-accommodation, directly qualifying predictions of
uniformly harder AI reservation behavior.

24
*
. In matched simulations of a multi-issue commercial dispute, 
impasse rates across four personality-prompted LLM dyads 
ranged from ~0 for Claude-3.7-Sonnet to 0.53 for Gemini-2.0-
Flash, with GPT-4.1 variants in between and humans at 0.13. 
Model choice alone reshapes the distribution of agreements 
versus breakdowns at a scale dwarfing typical between-condition 
effects in human dispute studies.

25
*
. A prompt-based buyer-enhancement method moved AI–AI deal 
rates from 27% to 89% in a multi-turn benchmark. The shift, 
larger than typical between-model differences, indicates AI–AI 
impasse rates are downstream of scaffolding rather than model 
capability.

26
*
. In LLM negotiations, the language of bargaining instructions 
affected agreement rates more than model choice. The result 
reframes AI negotiation behavior as partly a property of the lin-
guistic surface on which models were trained and prompted.

27
* * 
. In an international competition producing over 180,000 autono-
mous AI–AI negotiations, warmth-associated language predicted
deals and value while dominance-associated behavior predicted 
impasses.

Impasses As Meaningful Outcomes: AI Changing Cost Structure Schweinsberg et al. 7

www.sciencedirect.com Current Opinion in Psychology 2027, 73:102419

https://doi.org/10.18653/v1/2025.findings%2Dacl.22
https://doi.org/10.18653/v1/2025.findings%2Dacl.22
www.sciencedirect.com/science/journal/2352250X

	Negotiation impasses as meaningful outcomes: How AI is changing the cost structure of walking away
	Impasses, reconsidered
	The cost structure of walking away
	How AI changes the cost structure
	Human–human negotiations (with AI support)
	Human–AI negotiations
	AI–AI negotiations
	Research agenda

	Conclusion
	CRediT statement
	Declaration of generative AI and AI-assisted technologies in the manuscript preparation process
	Declaration of competing interest
	Data availability
	References
	Further information on references of particular interest


