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Abstract
We present BALANCEAGENT, a negotiating agent1

for the ANAC 2026 ANL league that balances the2

dual objectives of maximizing agreement utility3

and concealing true preferences. The agent con-4

structs a fake preference profile uncorrelated with5

its true utility function and restricts all bids to the6

intersection of true and fake acceptable tiers, en-7

suring the opponent learns a distorted preference8

picture. A time-phased bidding strategy random-9

izes offers in early phases to suppress frequency-10

based leakage, then maximizes predicted opponent11

utility near the deadline. Acceptance follows time-12

gated thresholds with convex decay, softened by13

opponent-concession estimates from a windowed14

ordinal Bayesian opponent model that integrates15

frequency, window-level concession, and ordinal16

rejection–counter-offer signals.17

1 Introduction18

The ANL (Automated Negotiation League) 2026 competi-19

tion, part of ANAC (Automated Negotiating Agents Competi-20

tion), challenges participants to design a bilateral negotiation21

agent that operates under a dual objective: (i) maximizing22

the utility of agreements reached, and (ii) concealing its true23

preferences from the opponent. In each negotiation, the agent24

is scored not only on the advantage (agreement utility minus25

reservation value) it obtains, but also on how poorly the op-26

ponent’s learned model of its preferences correlates with its27

actual utility function. An agent that consistently wins high-28

utility deals while misleading the opponent about its true in-29

terests will therefore rank highest.30

This dual objective creates a tension that is absent from31

classical negotiation settings. A straightforward strategy of32

bidding outcomes near one’s maximum utility and gradually33

conceding makes the agent’s preferences transparent: the op-34

ponent can easily infer which issues matter most and which35

options are preferred by simply observing the sequence of of-36

fers [Chang and Fujita, 2024]. Conversely, a purely random-37

ized strategy hides preferences well but sacrifices utility. Our38

agent, BALANCEAGENT, is designed to navigate this trade-39

off through a combination of deceptive bidding, time-phased40

acceptance, and opponent modelling.41

The architecture consists of three main components: 42

• Fake preference profile (Section 2.1). At initialization, 43

we generate a synthetic utility function that is intention- 44

ally uncorrelated with our true preferences. All bids are 45

then restricted to outcomes that lie at the intersection of 46

our true high-utility tiers and the fake profile’s accept- 47

able tiers. This ensures that the opponent, observing the 48

stream of our offers, learns a distorted picture of what 49

we value. 50

• Time-phased bidding strategy (Section 2.2). Our bid- 51

ding behavior evolves with negotiation time: in the early 52

and middle phases, we randomize within our safe bid 53

pool to resist opponent modelling; in the late phase, we 54

switch to selecting outcomes that maximize the oppo- 55

nent’s predicted utility, increasing the chance of a timely 56

agreement. 57

• Multi-layered acceptance strategy (Section 2.3). The 58

acceptance bar is controlled by a sequence of time gates. 59

The bar is a narrow window at the very start, through 60

a convex concession curve in the middle [Faratin et al., 61

1998], to a relative-surplus rule in the final moments that 62

guarantees we do better than the opponent under our best 63

estimate of their preferences. 64

• Opponent modelling (Section 3) underpins both the 65

late-phase bidding and the acceptance adjustments, pro- 66

viding the estimates ûopp(·) that guide our decisions. 67

2 Strategy Design 68

The core idea behind BalanceAgent is deceptive bidding with 69

time-phased concession. On the bidding side, we construct a 70

fake preference profile that is uncorrelated with our true util- 71

ity function, and restrict our offers to outcomes that are simul- 72

taneously good under our true preferences and acceptable- 73

looking under the fake profile. This prevents the opponent 74

from learning our real interests. On the acceptance side, we 75

employ a multi-layered time-gated threshold that gradually 76

lowers the bar as the negotiation deadline approaches, ensur- 77

ing that we secure a favorable deal when an opportunity arises 78

without conceding prematurely. 79

2.1 Deceptive Profile and Bid Pool Construction 80

At the start of each negotiation, BalanceAgent builds a syn- 81

thetic preference profile uncorrelated with its true utility func- 82



tion, then uses it to carve out safe bid pools — outcomes that83

are genuinely good for the agent yet appear innocuous to an84

observing opponent. This section describes the three-stage85

pipeline: tier classification, fake profile generation, and pool86

intersection.87

True Tier Classification88

On initialization, we first enumerate all outcomes in the ne-89

gotiation domain and retain those whose utility exceeds our90

reservation value. These constitute the set of rational out-91

comes, sorted in descending order of true utility:92

R =
{
ω ∈ Ω

∣∣ u(ω) > ures
}
.

We then partition R into three quality tiers. Each tier is93

defined by the intersection of two criteria: an absolute utility94

gap from the maximum umax, and a top-percentile threshold.95

Concretely, let δ1 < δ2 < δ3 be three small utility gaps and96

let ρ1 < ρ2 < ρ3 be three percentile fractions. Then:97

Ai =
{
ω ∈ R

∣∣ u(ω) ≥ umax − δi
}
,

98

Pi =
{

the first ⌈ρi · |R|⌉ outcomes in R
}
,

99
T1 = A1∩P1, T2 = (A2∩P2)\T1, T3 = (A3∩P3)\(T1∪T2).

Using intersection rather than union prevents a single weak100

criterion from inflating a tier. The union T1 ∪ T2 ∪ T3 forms101

the ending tier TE , i.e., outcomes we are willing to settle for102

near the deadline.103

Fake Preference Profile Construction104

To hide our true preferences from the opponent,105

we build a fake multi-issue utility function via the106

FakeProfileBuilder. The fake profile consists of107

fake cross-issue weights w̃ and fake within-issue option108

evaluations ṽi(·) for each issue i. The design must satisfy109

three requirements. The first is uncorrelatedness: the fake110

profile must exhibit low rank correlation with the true profile111

(Spearman ρ ≈ 0 for within-issue option values; ρ ≈ −1 for112

cross-issue weights), so that observing our bids reveals little113

about what we actually value. The second is tier coverage:114

every true T1 outcome must fall into the fake T1 or T2, and115

every true T2 outcome must fall into T̃1, T̃2, or T̃3. Without116

this constraint, we might be unable to bid our genuinely117

preferred outcomes without them appearing suspicious under118

the fake profile. The third is polarity inversion: when the119

true distribution is polarized (high variance, large max/min120

ratio), we bias generation toward uniform fake candidates,121

and vice versa, further decorrelating the two profiles.122

Candidate weights and option values are produced by mix-123

ing three generation strategies. Noisy permutations shuffle124

the true values across issues (or options) and add Gaussian125

noise scaled to the true distribution’s standard deviation, pre-126

serving the marginal shape while destroying inter-issue struc-127

ture. Dirichlet and uniform samples draw weights from128

a Dirichlet distribution whose concentration parameters are129

chosen inversely to the true polarization, and draw option val-130

ues uniformly or from Gaussian-centered distributions, with131

polarity-aware parameter ranges. Pinched profiles assign132

one issue (or option) a dominant value while keeping the rest133

small and uniform; this method is used sparingly when the134

true profile is already polarized, and heavily when the true 135

profile is uniform, creating a starkly contrasting fake. 136

From the generated candidates we select the top-k most 137

uncorrelated ones (by Spearman ρ distance to a target of 0 138

for option values and −1 for weights). Then we evaluate the 139

coverage rate of each candidate profile — the fraction of true 140

tier-1 and tier-2 outcomes that satisfy the tier-coverage con- 141

straints. A composite score combining uncorrelatedness and 142

coverage determines the final fake profile (w̃, {ṽi}). 143

Bid Pool Construction 144

Given the true tiers T1, T2, T3 and the fake profile, we clas- 145

sify outcomes into fake tiers T̃1, T̃2, T̃3 using the same inter- 146

section rule applied to fake utilities. The bid pools are then 147

the intersections: 148

B1 = T1 ∩ (T̃1 ∪ T̃2),
149

B2 = T2 ∩ (T̃1 ∪ T̃2 ∪ T̃3),
150

B3 = T3 ∩ (T̃1 ∪ T̃2 ∪ T̃3).

Intuitively, Bi contains outcomes that are genuinely in tier i 151

for us and simultaneously appear to be in an acceptable tier 152

under the fake profile. Because the fake profile is uncorre- 153

lated with the true one, the opponent observing our bids will 154

receive a misleading signal about our preferences. 155

2.2 Bidding Strategy 156

Our bidding strategy is time-phased and switches from explo- 157

ration (randomized) to exploitation (opponent-targeted) as the 158

deadline approaches. Let τbid1 and τbid2 be two time thresh- 159

olds with 0 < τbid1 < τbid2 < 1. 160

161

Time Bid pool Selection
t < τbid1 B1 Uniformly random

τbid1 ≤ t < τbid2 B1 ∪ B2 Uniformly random
t ≥ τbid2 B1 ∪ B2 ∪ B3 Maximize predicted

opponent utility

162

Early and middle phases (t < τbid2). We randomize within 163

the available bid pools. Randomization serves three pur- 164

poses: (i) it prevents the opponent from reverse-engineering 165

our true utility function via pattern analysis of repeated offers; 166

(ii) by drawing uniformly, we equalize the bidding frequen- 167

cies across outcomes within the active pool, so the opponent 168

cannot infer preference rankings from how often certain out- 169

comes appear; and (iii) it explores the outcome space in a way 170

that the fake profile makes look reasonable to the opponent. 171

Late phase (t ≥ τbid2). We abandon randomization and in- 172

stead select the outcome from the full bid pool that maximizes 173

the opponent’s predicted utility according to our learned op- 174

ponent model: 175

ω∗ = arg max
ω∈B1∪B2∪B3

ûopp(ω).

The rationale is that near the deadline the opponent is more 176

likely to accept an offer they find attractive, and we should 177

therefore present the outcome that best satisfies their inferred 178

preferences, guaranteeing that it belongs to one of our true 179

tiers. 180



Fake persona consistency. After each bid, we record the181

offer into our opponent tracker so that the tracker’s predicted182

opponent utility function is updated. This ensures that our183

late-phase opponent-targeted selection uses the most up-to-184

date opponent model. In addition, the fake profile weights are185

stored and reused, maintaining a consistent “fake persona”186

across all negotiation rounds.187

2.3 Acceptance Strategy188

Our acceptance rule is a time-varying threshold: accept an189

opponent offer ω at time t if u(ω) ≥ θ(t, ω), where θ depends190

both on the remaining time and on what our opponent model191

tells us about the opponent’s concession level. A hard floor at192

the reservation value applies at all times.193

The threshold function is implemented as a sequence of194

time gates, following the modular decomposition principle195

of the BOA architecture [Baarslag et al., 2014]. At the196

very start (t ≤ τblitz), we accept only T1 outcomes, ex-197

ploiting rare early generosity. During the early–mid phase198

(τblitz < t < τconcede), we expand to T1 ∪ T2 and hold firm.199

When the concession window opens (τconcede ≤ t < τend2),200

the threshold follows a convex decay curve θbase(t) from201

umax toward umax · rmin with exponent p > 1, producing a202

Boulware-style posture [Faratin et al., 1998] of holding firm203

then conceding rapidly. This base threshold is further soft-204

ened by an opponent-concession term: if the opponent’s offer205

is poor for them (low ûopp relative to their maximum), we206

lower the bar proportionally by a factor η. Near the dead-207

line (t ≥ τend2), we accept any outcome in the ending tier208

TE = T1∪T2∪T3. In the final seconds (t ≥ τend3), we switch209

to a relative-surplus rule: accept only if u(ω) > ûopp(ω) and210

u(ω) ≥ ures + γ · (umax − ures), where the surplus ratio γ211

steps down once more at τend4 to guarantee a deal before the212

deadline.213

The overall effect is a threshold that stays flat and high214

early on, decays convexly through the middle, and finally215

switches to a relative-advantage rule that ensures we never216

accept a deal worse than what we believe the opponent gets.217

3 Ordinal Bayesian Opponent Modeling218

Opponent modeling is crucial in automated negotiation, since219

an agent must reason about the opponent’s latent preferences220

from limited behavioral observations [Baarslag et al., 2016].221

In our setting, this problem becomes more challenging be-222

cause agents are also encouraged to conceal their true pref-223

erences. Therefore, the opponent’s offer sequence cannot be224

treated as a direct revelation of its utility function. A rational225

opponent may intentionally fluctuate its bids to hide which226

issues and values it truly prefers. To address this problem,227

we propose a windowed ordinal Bayesian opponent model,228

which estimates the opponent’s utility function from robust229

behavioral tendencies rather than isolated offer-level changes.230

We estimate the opponent’s utility function with an addi-231

tive utility model. Given an offer o = (x1, x2, . . . , xm),232

where xj denotes the selected value on issue j, the predicted233

opponent utility is defined as234

Ûopp(o) =

m∑
j=1

wjuj(xj),

where wj is the estimated importance weight of issue j, and 235

uj(xj) ∈ [0, 1] is the estimated utility of value xj for the 236

opponent. 237

The Bayesian update is built on three strategic behavior 238

assumptions. First, although the opponent may hide its pref- 239

erences, it is still unlikely to repeatedly propose values that 240

are extremely undesirable to itself. Thus, frequently appear- 241

ing values are treated as possible high-utility values, and is- 242

sues that remain stable across multiple opponent offers are 243

considered more important. This gives a frequency-based be- 244

havioral likelihood Lfreq. 245

Second, local offer order may be unreliable under 246

preference-hiding incentives. A deceptive opponent may in- 247

tentionally alternate between different offers, making it un- 248

reasonable to assume that every earlier offer is preferred to 249

every later adjacent offer. Instead, we assume that the op- 250

ponent’s aggregate bidding region still tends to move from 251

more self-favorable offers to more concessive offers over 252

time. Therefore, we compare windows of offers rather than 253

individual adjacent bids. Let W1,W2, . . . ,WK denote con- 254

secutive windows of opponent offers. For each window, we 255

compute the average estimated opponent utility: 256

Ūopp(Wk) =
1

|Wk|
∑
o∈Wk

Ûopp(o).

The window-based assumption encourages earlier windows 257

to have higher estimated opponent utility than later windows: 258

Ūopp(Wa) > Ūopp(Wb), a < b.

This produces a window-level concession likelihood Lwin, 259

which is more robust to short-term bid oscillations and 260

preference-hiding behavior. 261

Third, rejection and counter-offer behavior provides ordi- 262

nal preference information. When our offer at is rejected and 263

the opponent instead proposes a counter-offer bt, it is natural 264

to assume that bt is more favorable to the opponent than at. 265

Otherwise, the opponent would have no clear reason to re- 266

ject at and replace it with bt. This gives the pairwise ordinal 267

relation 268

at ≺opp bt, i.e., Ûopp(at) < Ûopp(bt).

This ordinal signal is useful because it does not require access 269

to the opponent’s absolute utility values. It only relies on the 270

relative preference implicitly revealed by the opponent’s own 271

decision. 272

Based on these assumptions, the posterior belief over op- 273

ponent utility parameters is updated as 274

Pt(θ | Ht) ∝ P0(θ) · Lfreq(θ) · Lwin(θ) · Lord(θ),

where P0(θ) is the prior distribution over opponent utility pa- 275

rameters, Ht is the negotiation history, and Lord denotes the 276

likelihood induced by the ordinal rejection–counter-offer re- 277

lations. 278

The posterior guides the update of value utilities and issue 279

weights. Values that frequently appear in the opponent’s of- 280

fers, remain stable within high-utility windows, or occur in 281

opponent counter-offers are assigned higher estimated utili- 282

ties. Conversely, values mainly appearing in offers rejected 283



by the opponent receive weaker preference estimates. Issue284

weights are adjusted according to the stability and explana-285

tory power of each issue, and then normalized to preserve a286

valid additive utility model.287

Overall, this model follows a strategic rather than purely288

mechanical interpretation of opponent behavior. Frequency289

information captures what the opponent repeatedly re-290

veals, window-level comparison reduces the influence of291

preference-hiding fluctuations, and ordinal rejection–counter-292

offer relations capture what the opponent implicitly prefers.293

Together, these signals allow the agent to maintain a robust294

estimate of the opponent’s utility function and support adap-295

tive bidding and acceptance decisions.296

4 Conclusion297

BALANCEAGENT navigates the tension between utility max-298

imization and preference concealment through three mech-299

anisms: a fake preference profile that decorrelates observed300

bids from true interests, a time-phased bidding strategy that301

suppresses frequency-based leakage, and a time-gated accep-302

tance rule calibrated by opponent modelling. The windowed303

ordinal Bayesian opponent model underpins the agent’s adap-304

tivity by integrating frequency, window-level concession, and305

ordinal rejection–counter-offer signals, maintaining robust-306

ness against preference-hiding adversaries. The modular307

architecture admits future extensions such as higher-order308

theory-of-mind reasoning and domain-adaptive fake-profile309

generation.310
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