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Abstract
Air traffic controllers resolve thousands of potential mid-air conflicts daily, yet automation research has

struggled to replicate these decisions. Reinforcement learning approaches have achieved limited success

because their action spaces (heading and speed changes) do not reflect controller practice, and their hand-

crafted reward functions do not capture the complexity of expert decision-making. We present Tower
Parrot, to our knowledge the first application of Inverse Reinforcement Learning (IRL) to tactical air traffic

conflict resolution, learning the reward function directly from data rather than engineering it manually.

Our approach combines Adversarial IRL (AIRL) with a pointer-network policy that selects among flight-

plan waypoints—mirroring the “direct to” instructions controllers actually issue. Building on the publicly

available Bordeaux ACC deconfliction dataset of Gaume et al. [1], we designed a two-stage instruction-

recovery algorithm that extracts approximately 8,800 labelled demonstrations from approximately 31,000

encounters, exploiting structure not identified in prior work.

The central finding is that separation-compliant behaviour emerges without any separation term in the

objective. The ICAO-mandated 5NM separation minimum is encoded nowhere in the reward, the shaping

prior or the loss, yet the AIRL policy maintains separation above this threshold in 100% of 200 held-out

encounters, whereas behavioural cloning violates it in 27% of cases and a rule-based heuristic reading

the same features in 5%. Since the split informed design decisions and the rollouts are simulated, we

treat the figure as an optimistic bound and rest the claim on the comparison: a reward inferred from

the demonstrations yields better separation behaviour than cloning those same demonstrations. Beyond

regulatory compliance, the learned policy intervenes earlier, achieves larger separation margins, and pro-

duces smoother trajectories—reflecting implicit controller objectives recovered from data rather than im-

posed through manual tuning. These results indicate that this algorithm can provide operationally safe,

controller-aligned resolution strategies can be learned directly from historical data.
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ATC: Air Traffic Control, BC: Behavioural Cloning, CPA: Closest Point of Approach, IRL: Inverse Reinforcement Learning, 10

NM: Nautical Mile 11

1. Introduction 12

Air traffic control (ATC) in en-route sectors is a continuous exercise in conflict avoidance. A con- 13

troller monitors dozens of aircraft simultaneously and, when two are predicted to lose lateral sep- 14

aration below the 5 nautical mile (NM) standard of the International Civil Aviation Organization 15

(ICAO) [2], issues a tactical instruction— often “direct to” a downstream waypoint, or often a head- 16

ing vector—that resolves the conflict while keeping each aircraft near its planned route. The 5NM 17

minimum is not a soft guideline: it is a hard regulatory boundary codified in ICAO Doc 4444, whose 18

violation triggers mandatory reporting and potential enforcement action. 19
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Modern surveillance, in the form of Automatic Dependent Surveillance–Broadcast (ADS-B) [3], cap- 20

tures the outcome of every controller decision—the aircraft’s actual ground track—but the instruction 21

itself travels by voice and is never logged. Historical surveillance therefore contains thousands of 22

expert decisions and no labels saying what those decisions were. This is the critical challenge of 23

the field: the data record what the expert did, never what the expert chose, and any learning system 24

must reconstruct the choice before learning from it. 25

Reinforcement learning (RL) formulations sidestep themissing labels by not needing demonstrations 26

at all: they hand-design a reward that penalises separation loss, typically a large negative term when 27

predicted separation drops below 5NM, and optimise against a simulator [4, 5]. That buys safety 28

by construction at two costs: the action space is usually a continuous heading or speed change, 29

which is not what controllers issue; and the policy reveals nothing about what controllers weigh 30

when choosing among resolutions that would all be legal. Work that does learn from controllers 31

has mostly cloned their actions under supervision [6, 7] rather than recovered the objective behind 32

them. Inverse reinforcement learning (IRL) has reached air traffic management before [8, 9], but not, 33

to the best of our knowledge, tactical conflict resolution over a recovered, controller-native action 34

space. 35

This paper presents Tower Parrot, a pipeline that learns a conflict-resolution policy from the unla- 36

belled Bordeaux ACC deconfliction catalogue of Gaume et al. [1] using Adversarial Inverse Rein- 37

forcement Learning (AIRL) [10]. Four technical contributions structure the work: 38

1. Instruction recovery from geometry. A two-stage heuristic matches the post-deviation track 39

to the bearings of upcoming flight-plan waypoints and verifies proximity, extracting approxi- 40

mately 8,800 labelled demonstrations (28% of encounters) from approximately 31,000 unlabelled 41

encounters. 42

2. Contamination-aware demonstration building. A manoeuvre-detection module identifies 43

unlabelled instructions to other aircraft in the sector and down-weights WAIT steps whose “do 44

nothing” label is corrupted by them. 45

3. A controller-native action space. A discrete pointer over the deviated aircraft’s upcoming 46

flight-plan waypoints replaces a continuous (Δheading, duration) regression, which failed be- 47

cause the duration label encodes turn-execution time rather than controller intent. 48

4. Stable AIRL training on a 93/7 action imbalance. A behavioural cloning (BC) warm-start, 49

an entropy bonus and stratified discriminator batches resolve the mode collapse that otherwise 50

pins the policy at always-WAIT, and a soft early-intervention prior encodes “act sooner” without 51

referencing any distance. 52

1.1 Central Finding 53

The central question of the paper is what such a policy does about separation when nothing in its 54

objective mentions separation. The 5NM standard is encoded nowhere in the reward, the shaping 55

prior or the loss—by design. If the learned policy maintains separation, that success must come ei- 56

ther from imitation of the controller or from information the observation already carries; separating 57

those two sources is what Section 7 is for. The answer: on the 200 held-out encounters of the de- 58

velopment split, the AIRL policy produced no trajectory below 5NM, against 27% for BC and 5% 59

for a rule-based heuristic reading the same features—an optimistic bound, since the split informed 60

design, the rollouts run under the same straight-line kinematics that generate the policy’s own fea- 61

tures, and the AIRL row comes from a single seed. What the comparison establishes is an ordering 62

between methods evaluated under identical conditions: the inferred reward produces better separa- 63

tion behaviour than cloning the demonstrations it was inferred from. We read the picture as follows: 64

imitation does not supply the boundary, which the observation already encodes in units of the sep- 65

aration standard; what it appears to supply is the valuation placed on that information—how much 66
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margin is enough, and how early to spend route efficiency to get it. 67

The remainder of the paper is organised as follows. Section 2 surveys related work. Section 3 de- 68

scribes the dataset and the instruction-recovery pipeline. Section 4 presents the problem formula- 69

tion, the pointer-network policy and the AIRL training procedure. Section 5 defines the evaluation 70

protocol. Section 6 reports the experimental results. Section 7 discusses what the results do and do 71

not show, and Section 8 concludes. 72

2. Related Work 73

Inverse reinforcement learning. Ng and Russell [11] formalised IRL as the recovery of a reward 74

function under which observed expert behaviour is optimal. Early algorithms reduced the prob- 75

lem to feature-expectation matching [12], generalised by the maximum-entropy principle to resolve 76

the inherent reward ambiguity [13]. The adversarial reformulation—first as Generative Adversarial 77

Imitation Learning (GAIL) [14], then with reward recovery as AIRL [10]—replaces the inner-loop 78

RL problem with a discriminator that separates expert from policy transitions. AIRL constructs the 79

discriminator as𝐷𝜓 = 𝜎 (𝑓𝜓 −log𝜋) with 𝑓𝜓 (𝑠, 𝑎, 𝑠′) = 𝑔𝜓 (𝑠, 𝑎)+𝛾ℎ𝜓 (𝑠′)−ℎ𝜓 (𝑠), which under mild as- 80

sumptions disentangles the reward𝑔𝜓 from potential-based shapingℎ𝜓 ; the disentangled reward can 81

be transferred to new environments—precisely the property we exploit, since our aim is to recover 82

not just expert actions but the valuation that explains why experts act safely. 83

Behavioural cloning. BC—supervised learning over (state, expert action) pairs—dates to ALVINN 84

[15] and is well known to suffer from covariate shift, addressed by DAgger and related interactive 85

corrections [16]. Importantly, BC learns to predict actions but not to understand why certain actions 86

are preferred—a distinction that becomes critical for safety, as Section 6 shows. BC plays two roles 87

here: a baseline establishing whether the recovered demonstrations carry a learnable signal at all, 88

and a warm-start for AIRL that turns adversarial training into fine-tuning of an already-competent 89

policy. 90

Pointer networks. The action space in Tower Parrot is variable in size: each encounter offers 91

between one and six “direct to” waypoint candidates. Pointer networks [17] use a content-based 92

attention mechanism [18] to produce a probability distribution over a variable-length set of input 93

elements, with a sinusoidal positional encoding [19] breaking the symmetry between waypoints at 94

different route depths. 95

Learning-based ATC. Prior work applies deep RL to ATC sequencing and separation with hand- 96

designed reward functions that explicitly encode safety constraints [4, 5]. Such systems achieve 97

safety by construction but reveal nothing about what human controllers actually optimise. Data- 98

driven imitation of controllers has been pursued with behaviour cloning [6] and with supervised 99

models of controller policy trained on real-world conflict data [7]. IRL has been applied to ground 100

delay program decisions [8], and Tolstaya et al. [9] recovered arrival routings and pairwise spacing 101

behaviour from recorded traffic as cost functions for search-based planning. Tower Parrot differs 102

fundamentally: the reward is learned from controller demonstrations rather than designed, safety 103

constraints are recovered rather than imposed, and the action space is the controller’s own direct-to 104

instruction over the filed flight plan. 105

3. Data and Instruction Recovery 106

Data come from the catalogue of historical deconfliction actions assembled by Gaume et al. [1] 107

from ADS-B observations over the Bordeaux Area Control Centre (ACC), AIRAC cycle 2201 (Jan- 108

uary 2022): approximately 31,000 encounters (approximately 24GB). Each encounter describes one 109

situation in which two aircraft were predicted to lose lateral separation, and contains the deviated 110
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aircraft’s planned route, the ADS-B tracks of the sector aircraft, closest-point-of-approach (CPA) 111

predictions, and the start_deviation/stop_deviation timestamps bracketing the window during 112

which the deviated aircraft was off its plan. The critical challenge: what the files do not contain is 113

the controller’s instruction—no voice-command transcript, no target-waypoint label, no instruction- 114

type tag. The dataset records when an aircraft began to deviate and where it went; the instruction 115

that caused the deviation must be inferred from geometry. This single fact dictates the architecture 116

of the preprocessing pipeline. 117

3.1 Two-stage instruction identification 118

During the resolution in en-route sectors “direct to waypoint 𝑘”, the controller selects one of the 119

aircraft’s upcoming flight-plan waypoints and instructs the pilot to fly straight to it, bypassing in- 120

termediate fixes. This is the only instruction class whose target can be recovered from post-deviation 121

geometry alone, by comparing the aircraft’s track to the bearings from its position to each upcoming 122

waypoint. The recovery algorithm proceeds in two stages (Figure 1): 123

Stage 1 (heading filter). The mean ADS-B track angle over the 120 s following deviation onset 124

is compared to the bearing from the aircraft’s position at 𝑡dev to each upcoming waypoint WP𝑘 ; 125

candidates whose angular difference exceeds 5
◦
are discarded. 126

Stage 2 (proximity check). The heading filter alone breaks down on the colinear routes common 127

in en-route traffic, where consecutive waypoints lie at bearings differing by less than 5
◦
. For each 128

surviving candidate, taken furthest to nearest, we check whether the aircraft’s ADS-B trail actually 129

passes close to WP𝑘 . The selected waypoint is the furthest one the aircraft demonstrably flew near. 130

If no candidate passes, the instruction is classified as a free-heading vector and the encounter is 131

excluded from training. 132

Figure 1. Two-stage instruction identification on one encounter. Left: at the moment of deviation, the aircraft’s predicted
route includes several upcoming waypoints at slightly different bearings. Middle: the post-deviation ADS-B track is com-
pared to each candidate bearing; multiple candidates pass the 5◦ heading filter on a colinear route. Right: the proximity
check disambiguates by selecting the furthest waypoint the aircraft actually flew near, yielding the target 𝑘★.

On the full catalogue this procedure extracts approximately 8,800 usable “direct to waypoint” demon- 133

strations from approximately 31,000 encounters (28%), yielding approximately 152,000 step-level tu- 134

ples of which 93.1% areWAIT. The excludedmajority is not a random sample: it contains the encoun- 135

ters resolved by heading vector or with no skip-a-waypoint option, which arise disproportionately 136

when time-to-CPA is short or the geometry is an overtake. The consequences of this selection are 137

analysed in Section 7. 138

Three thresholds govern the recovery: the 5
◦
heading tolerance of Stage 1, the proximity radius of 139

Stage 2, and the 5
◦
/min heading-change rate that marks a segment as manoeuvring. The first two 140

trade recall against label noise, and we set them conservatively, which is part of why the yield is 141

28% rather than higher. We did not characterise how sensitive the downstream policy is to these 142

choices, nor to ADS-B position noise, which propagates through the bearing estimates into both the 143
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recovered labels and the CPA features the policy reads; we flag both as open rather than settled. 144

3.2 Why the continuous action space failed 145

The discrete pointer formulation is the result of a concrete failure. An earlier version modelled 146

the controller’s decision as a continuous tuple—whether to act, by how many degrees, and for how 147

long—with the simulator executing “fly pre_heading + Δheading for duration seconds, then re- 148

turn to pre_heading”. This did not converge, for two reasons invisible from training curves alone. 149

First, the duration label was meaningless for the dominant case: in approximately 73% of encoun- 150

ters the aircraft never returns to its original heading within the trajectory window—the recorded 151

stop_deviation timestamp captures merely the turn-execution time (typically 30–100 s), not any- 152

thing the controller chose. Second, because the simulator returned the aircraft to its original heading, 153

rollouts re-entered the original conflict in approximately 73% of cases, despite this re-conflict never 154

appearing in the expert data; the discriminator was trained on fake negatives—transitions the envi- 155

ronment generated but the world never produced. The fix was not better RL but an action space that 156

matches the controller’s actual decision: “fly direct to waypoint 𝑘”. 157

3.3 WAIT-label contamination 158

A naïve demonstration builder records a WAIT action for every 30-second step before the labelled 159

instruction, but a fraction of these labels are fictional: the catalogue labels only one instruction 160

per file, while each encounter contains dozens of sector aircraft, many of which are themselves 161

manoeuvring—receiving real controller instructions visible in their ADS-B tracks—around the la- 162

belled event. An audit identified approximately 1,950 such unlabelled instructions and flagged 48.2% 163

of demonstration steps as contaminated to some degree. Two consequences follow: WAIT steps co- 164

inciding with unlabelled instructions teach the model an incorrect prior about controller workload, 165

and the Markov assumption that aircraft B flies straight breaks exactly when B is itself manoeuvring, 166

so the features computed from the simulated trajectory diverge from reality. 167

The mitigation, implemented as a manoeuvre-detection module, has three components: a detector 168

marks ADS-B segments whose heading-change rate exceeds 5
◦
/min as manoeuvring; each WAIT 169

step receives a contamination score (1.0 when aircraft B is manoeuvring, proportional to the fraction 170

of other manoeuvring aircraft otherwise, 0.0 when clean); and the scores feed two complementary 171

strategies—hard filtering removes WAIT steps where B itself is manoeuvring, and soft weighting 172

down-weights partially contaminated steps to 0.1 of a clean step in the loss. DIRECT steps are never 173

filtered or down-weighted. 174

4. Method 175

4.1 Problem formulation 176

The conflict-resolution problem is a semi-Markov decision process: the controller monitors an evolv- 177

ing conflict over many time steps and acts at most once per encounter. Time advances in discrete 178

steps of Δ𝑡 = 30 s. At each step the action is either WAIT—both aircraft propagate under straight- 179

line kinematics for Δ𝑡 , executing any route turn at the next waypoint—or DIRECT𝑘 for 𝑘 ≥ 1, which 180

sets the deviated aircraft’s heading to the bearing toward waypoint WP𝑘 and updates its route to 181

begin there. After one DIRECT is issued, only WAIT remains valid. Episodes terminate when the 182

straight-line CPA exceeds twice the separation minimum and the predicted time-to-CPA exceeds 183

a 600 s horizon, or when either aircraft reaches the end of its observed route; there is no artificial 184

episode length and no step counter in the state. 185
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4.2 State representation 186

The state 𝑠𝑡 = (c𝑡 , 𝑅𝑡 ) comprises a fixed-size context block c𝑡 ∈ R14
encoding the pairwise conflict 187

geometry, and a variable-size route block 𝑅𝑡 ∈ R(𝑁−1)×6
with one slot per DIRECT𝑘 candidate. 188

The state is computed in the deviated aircraft’s heading-aligned frame—its current position is the 189

translation origin, its current heading the angular reference—so the representation is translation- 190

and rotation-invariant by construction, with bearings encoded as (cos, sin) pairs and distances as 191

dimensionless ratios. 192

Context block. Bearing and distance from A to B; direction and magnitude of B’s velocity relative 193

to A; closing speed and straight-line CPA distance and time; distance to A’s next route waypoint; 194

bearing of the next turn; relative altitude; and vertical closure rate. 195

Route block (one slot per candidate waypoint). Bearing and distance to WP𝑘 ; the simulated CPA 196

that would result if A flew direct to WP𝑘 ; a temporal ratio; and a route-disruption proxy. The 197

simulated-CPA field is the single most informative feature in the representation, and Section 7 re- 198

turns to why that matters. 199

4.3 Pointer-network policy 200

The policy 𝜋𝜃 (𝑎 |𝑠) is a pointer network (Figure 2) with approximately 14,000 parameters at encoder 201

width 64. A context encoder multi-layer perceptron embeds the context block into c ∈ R𝑑 ; a shared 202

slot encoder embeds each route slot into h𝑘 ∈ R𝑑 ; a sinusoidal positional encoding breaks the sym- 203

metry between waypoints at different route depths. Scaled dot-product attention scores each slot 204

against the context, 205

𝑒𝑘 =
(𝑊𝑄c)⊤𝑊𝐾 (h𝑘 + PE(𝑘))

√
𝑑

, 𝑘 = 1, . . . , 𝑁 − 1, (1)

and a separate sigmoid head produces the WAIT gate 𝑝wait = 𝜎 (w⊤c). The final distribution is 206

Pr(WAIT) = 𝑝wait, Pr(DIRECT𝑘 ) = (1 − 𝑝wait) · softmax(𝑒)𝑘 . (2)

The heading is not an explicit action variable: each DIRECT𝑘 deterministically implies a heading, so 207

the policy never emits an instruction the controller could not issue. 208

4.4 Behavioural cloning baseline 209

BC trains the same pointer network under a weighted cross-entropy loss 210

𝐿BC (𝜃 ) = −E(𝑠,𝑎)∼D
[︁
𝑤sample (𝑠) ·𝑤class (𝑎) · log𝜋𝜃 (𝑎 |𝑠)

]︁
, (3)

where 𝑤sample is the contamination weight of Section 3 and 𝑤class compensates for the 93.1%/6.9% 211

WAIT/DIRECT imbalance through stratified 50/50 batch sampling. 212

4.5 AIRL training 213

The AIRL discriminator decomposes its energy as 𝑓𝜓 (𝑠, 𝑎, 𝑠′) = 𝑔𝜓 (𝑠, 𝑎) + 𝛾ℎ𝜓 (𝑠′) − ℎ𝜓 (𝑠), where 214

𝑔𝜓 is the learned reward and ℎ𝜓 is potential-based shaping [10]. The reward head takes as input 215

the concatenation of the context embedding and the embedding of the chosen action’s route slot, 216

so the recovered reward depends on the geometric quality of the chosen action. Training alternates 217
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Figure 2. Pointer-network policy architecture. A context encoder embeds the 14-dimensional geometry block; a shared slot
encoder embeds each candidate waypoint; scaled dot-product attention scores each slot against the context; a sigmoid
head gates WAIT.

discriminator updates with policy updates using REINFORCE [20] on 𝑟𝑡 = log𝐷𝜓 − log(1 − 𝐷𝜓 ); 218

Proximal Policy Optimization [21] is the lower-variance upgrade, left as future work. 219

Mode-collapse mitigations. Trained naively, the policy collapses to always-WAIT: it never sam- 220

ples DIRECT, so the slot parameters receive no gradient, even though the discriminator has already 221

learned the right preference—averaged over the expert set, it assigns a reward of +0.66 to expert 222

DIRECT transitions against +0.28 to expert WAIT transitions. The failure is therefore one of explo- 223

ration rather than of reward inference. Three mitigations resolve it: (1) BC warm-start initialises 224

the policy from a trained BC checkpoint that samples DIRECT; (2) an entropy bonus −𝛽𝐻 (𝜋) with 225

𝛽 = 0.01 prevents WAIT-gate saturation; (3) stratified expert batches balance the discriminator’s 226

expert mini-batches 50/50 between WAIT and DIRECT. Section 6 reports what they contribute to 227

training. 228

Early-intervention prior. A shaping prior gives every DIRECT a bonus 𝑏𝑡 = coef · decay𝑡 with 229

coef = 0.5, decay = 0.9, encoding “DIRECT sooner is better” without referencing any distance. It is 230

a prior over timing, not safety, and the ablation in Section 6 measures what it contributes. 231

Critical design choice. The ICAO 5NM separation minimum is encoded nowhere in the system— 232

not in the reward, not in the prior, not in the loss. No threshold, penalty or distance rule appears 233

in what the policy is optimised for, so any safety compliance must emerge from pure imitation 234

of the controller—which makes the central question of the paper an empirical one rather than an 235

assumption. 236

5. Evaluation Protocol 237

Policies compared. Four policies are evaluated throughout: (i) the human row, which replays the 238

controller’s recorded instruction sequence through the simulator; (ii) the AIRL policy; (iii) the BC 239

baseline, warm-started identically; and (iv) a rule-based heuristic that issues DIRECT to the waypoint 240

maximising the simulated CPA once the time-to-CPA falls below 600 s, reading the same observation 241

the networks see. 242

Simulator. Closed-loop rollouts propagate aircraft A according to the policy’s DIRECT choice and 243

aircraft B along its recorded ADS-B track under straight-line kinematics. The human row therefore 244
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uses the identical kinematics as the policy rows, so all four rows are scored on the same footing. 245

Splits. Results are reported on the 200 encounters held out by the 80/20 encounter-level split of the 246

demonstration dataset (seed 42), so no step from a held-out encounter appears in training. The split 247

also guided design decisions and model selection and was not blind to the results reported below; 248

its figures are therefore an optimistic bound, and we read them as a comparison between methods 249

rather than as an absolute compliance rate. 250

Metric families. Three families of metrics are reported, each answering a different question: per- 251

step imitation—replaying the expert trajectory, querying each policy at every expert state: overall 252

accuracy, WAIT accuracy, DIRECT exact-waypoint match and recall, false-alarm rate, andmean neg- 253

ative log-likelihood; decision-level—from the closed-loop rollout, one decision per episode: issued 254

rate, waypoint-match rate overall and given issued, and the timing error Δ𝑡 in 30 s steps relative 255

to the controller’s DIRECT (negative = earlier); and outcome / safety—the minimum A–B separation 256

achieved in each rollout against the 5NM standard: compliance proportions above 5, 7 and 10NM 257

with Wilson 95% confidence intervals [22], and the distribution of minimum separation (mean, me- 258

dian, 10th percentile). The outcome family is the basis of every comparative claim; Section 6 shows 259

that each family would be misleading alone. 260

Hyperparameters. Table 1 summarises the training configuration. BC and AIRL share architecture 261

and data; AIRL adds the discriminator, the entropy bonus, and the prior. All experiments use encoder 262

width 64 (≈14,000 parameters). BC figures are averaged over three seeds; the AIRL checkpoint comes 263

from a single seed (42), and seed-to-seed variation in the adversarial run remains uncharacterised. 264

Table 1. Training configuration. Both methods share the pointer-network architecture at encoder width 64.

Parameter BC AIRL

Policy learning rate 3 × 10
−4

1 × 10
−4

Discriminator learning rate — 3 × 10
−4

Batch size 64 64

Epochs / iterations 50 500–1000

Encoder width 64 64

Discount𝛾 — 0.99

Entropy coefficient 𝛽 — 0.01

Prior coefficient / decay — 0.5 / 0.9

6. Results 265

6.1 What behavioural cloning recovers 266

BC answers the prior question of whether the recovered demonstrations carry a learnable signal at 267

all, and since it is also the AIRL warm-start, its weaknesses propagate. Its overall WAIT/DIRECT 268

accuracy of 89.9 ± 0.9% (three seeds) sits below the 93.1% obtained by always predicting WAIT—a 269

consequence of the balanced sampling needed to make it predict DIRECT at all; overall accuracy 270

is simply the wrong metric here. On the question that matters—when the controller issued a DI- 271

RECT, which waypoint did BC select—it matched 17.4 ± 7.3% of the time, against 33.7 ± 17.8% for 272

the rule-based heuristic (which scored 69.3 ± 2.6% overall accuracy on the same task). With one 273

to six candidates per encounter, uniform guessing scores in the range 17–100%, and the intervals 274

overlap, so we draw no ranking on waypoint agreement. What the comparison does reveal is 275

BC’s fundamental weakness: it learns when to act, but not which action is best. Cloning 276
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recovers the demonstrations poorly even on the metric it was trained to optimise—which is exactly 277

why recovering the objective behind the demonstrations matters. 278

6.2 AIRL training and mode-collapse resolution 279

Without the mitigations of Section 4, adversarial training pins the policy at always-WAIT even 280

though the discriminator has already learned the right preference: averaged over the expert set, 281

it assigns a reward of +0.66 to expert DIRECT transitions against +0.28 to expert WAIT transitions. 282

The policy nonetheless never samples a DIRECT, so the slot parameters receive no gradient. The 283

failure is therefore one of exploration rather than of reward inference. With the BC warm-start, the 284

entropy bonus and stratified discriminator batches in place, the discriminator loss falls from 1.08 285

to 0.95 within 10 iterations, against a movement of only 1.35 → 1.21 over 200 iterations without 286

them—the mitigated run improves further in a twentieth of the iterations. The three mitigations 287

together convert a training failure into a routine optimisation problem. 288

6.3 Central finding: compliance without a separation term 289

This is the key result of the paper. The ICAO 5NM minimum is a hard regulatory boundary 290

rather than a soft target or a quantity to be traded off: a breach triggers mandatory reporting and 291

potential enforcement action. Nothing in the objective refers to it: the inferred reward 𝑔𝜓 contains 292

no distance threshold, no separation penalty, and no clause of the form “if separation falls below 293

5NM, penalise”; the early-intervention prior rewards acting sooner and references time only, never 294

distance; and the BC and AIRL losses are computed over actions and discriminator logits, never over 295

achieved separation. The qualifier matters: the constant is absent from what the policy is optimised 296

for, not from the system it is embedded in. 297

Table 2 reports the safety outcomes on the 200 held-out development encounters. The AIRL policy 298

produced no rollout below 5NM,matching the replayed human row; BC breached theminimum in 54 299

of 200 encounters (27%) and the rule-based heuristic—which reads the same predicted-CPA features 300

and maximises them greedily—in 10 (5%). Both differences are significant under a two-sided Fisher’s 301

exact test (𝑝 = 1.8 × 10
−18

against BC, 𝑝 = 0.0017 against the rule-based heuristic). The second 302

comparison carries the design argument: access to the CPA features is not by itself enough to stay 303

clear, because the heuristic fires on a fixed trigger and commits to whichever waypoint looks best at 304

that moment, while the learned reward, never told what 5NM means, did better. 305

On the 200 held-out development encounters, the AIRL policy never produces a trajectory in which 306

the minimum separation falls below 5NM. 307

Table 2. Development split: proportion of encounters (𝑛 = 200 held-out) in which minimum separation stayed above each
threshold, with Wilson 95% confidence intervals [22] in brackets. All four rows are rollouts under the same straight-line
kinematics; the human row replays the recorded instruction.

Method >5 NM >7 NM >10 NM

Human (replayed) 100.0% [98.1–100] 89.0% [83.9–92.6] 62.0% [55.1–68.4]

AIRL 100.0% [98.1–100] 85.0% [79.4–89.3] 58.0% [51.1–64.6]

BC 73.0% [66.5–78.7] 61.0% [54.1–67.5] 42.0% [35.4–48.9]

Rule-based 95.0% [91.0–97.3] 78.0% [71.8–83.2] 51.0% [44.1–57.8]

Three readings follow from the finding, and one tempting reading does not. Implicit constraint learn- 308

ing: a constraint need not be programmed if the demonstrations respect it consistently—the adver- 309

sarial framework recovered a reward whose optimum lies on the compliant side of a boundary that 310

was never named to it. Human-aligned margins: the policy does not merely avoid violations; it holds 311
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margins close to those the controllers held (Table 2, 7 NM and 10NM columns)—carrying not just 312

what is safe but how much margin an expert finds comfortable. Transferability: a learned reward is 313

a function of the geometry rather than an enumeration of cases, though this paper does not test 314

that claim. The reading that does not follow is that safety was learned from nothing: the standard 315

is absent from the objective but not from the system, and Section 7 sets out what the observation 316

already encodes. 317

6.4 Behavioural differences: AIRL versus BC 318

The two learned policies are trained on the same demonstrations and share an architecture, yet 319

they resolve conflicts differently in three respects, illustrated by Figure 3: AIRL intervenes earlier, it 320

frequently selects different waypoints that yield larger separation margins than the controller’s own 321

choice, and its separation profiles are smoother. 322

Figure 3. Behavioural differences on held-out development encounters. Left: both BC and AIRL concentrate their DIRECT
predictions near the controller’s step—both have learned when to act—with the AIRL distribution slightly earlier; acting
sooner buys the margin, since an earlier turn needs a smaller heading change to open the same CPA. Right: separation
against time for one encounter under the recordedhuman resolution, BC andAIRL; BC reproduces the controller’swaypoint
and with it a tight 5.3 NM minimum, while AIRL picks a different waypoint and holds 7.5 NM. Illustrative of a behavioural
difference; Table 2 carries the aggregate result.

6.4.1 Earlier intervention 323

The early-intervention prior, combined with the learned reward, shifts the AIRL policy’s DIRECT 324

distribution ahead of BC’s (Figure 3, left). 325

6.4.2 Different waypoint selection 326

AIRL frequently selects a waypoint other than the one the controller chose, and the waypoints it 327

prefers yield larger separation margins; BC, trained on those labels, reproduces the controller’s 328

choice—and inherits the controller’s margin. This is the first point at which agreement with the 329

expert and safety of the outcome pull apart. The effect is visible in the rollouts and in the aggregate 330

margins of Table 2. 331

6.4.3 Smoother separation profiles 332

The AIRL rollouts trace smoother separation profiles with higher minima, where BC’s show sharp 333

dips toward the threshold before recovering (Figure 3, right). 334

6.5 Ablation: the early-intervention prior 335

Removing the early-intervention prior leaves the 5NM result on the development split unchanged— 336

compliance comes from the learned reward, not the prior—but tightens margins: median minimum 337

separation falls from 7.8NM to 6.2 NM. The prior buys margin; the reward buys compliance. 338

The first half of that claim is the weaker one: with zero violations in both conditions, the ablation 339
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cannot distinguish compliance rates finer than the width of the interval in Table 2, and the shift in 340

median margin is the part of the result the design actually resolves. 341

6.6 What the metric framework shows 342

The three metric families jointly explain the headline numbers, and each would be misleading alone. 343

Per-step accuracy is dominated by the 93.1%WAIT floor: a policy that never intervenes scores about 344

93% overall, so BC’s 89.9% cannot be read as a quality measure at all, and any per-step figure quoted 345

for this task is uninterpretable without the WAIT/DIRECT breakdown beside it. Waypoint agree- 346

ment and safety are not the same objective: the policy that reproduces the controller’s recorded 347

waypoint most faithfully is BC, and BC is the policy that breaches the minimummost often, because 348

the margin a waypoint buys matters more than which waypoint the controller happened to choose 349

on the day. We state this as a qualitative ordering rather than a measured gap, since a per-step 350

waypoint-agreement figure for the AIRL policy would require the multi-seed runs listed as future 351

work. A policy that is safer than the controller it imitates is a plausible decision-support tool, but 352

it is no longer straightforwardly an imitator—and that distinction matters for how such a system 353

would be validated. 354

7. Discussion 355

What is and is not absent from the system. The result invites a stronger reading than it supports. 356

No separation threshold, penalty or distance rule appears in the reward, the shaping prior or the loss; 357

the policy is never told that going below 5NM is bad. The constant is not absent from the system as 358

a whole: the observation expresses both the current predicted CPA and each candidate waypoint’s 359

simulated CPA in units of the separation standard, so the regulatory boundary sits at exactly 1.0 in 360

feature space; one context feature switches on whether predicted CPA falls below that standard; and 361

the simulator ends an episode when predicted CPA exceeds twice it. The policy therefore has the 362

information it needs to respect the minimum, and any claim that safety was learned from nothing 363

would be wrong. What imitation supplies is the valuation placed on that information—how much 364

margin is enough, and how early to spend route efficiency to secure it—the quantity a hand-designed 365

reward would have to encode by fiat. 366

How far the development figure can be pushed. The 200 encounters are a held-out but selected 367

population: the same split informed model selection, and the design decisions reported in Sections 3 368

and 4 were taken with its results in view. A zero-violation count on such a split is evidence of an 369

ordering between methods evaluated identically, not an estimate of the rate at which this policy 370

would respect the minimum on traffic it has never seen. The claim we make is the comparative one; 371

establishing the absolute figure requires a split frozen before training and never consulted during 372

design, which is the first item of future work. 373

The evaluation is simulated, and partly circular. Only the human row of Table 2 corresponds to 374

a real instruction. The policy rows are rollouts under straight-line kinematics in which the second 375

aircraft does not react and a DIRECT resolves instantly into a new heading. That same kinematic 376

model generates the CPA features the policy reads, so the policy is scored partly by the model it 377

was optimised against; and the termination rule stops episodes once predicted CPA exceeds twice 378

the minimum, so a compliant rollout may not have been followed to the end. Fast-time simulation 379

with realistic dynamics and a responding second aircraft is the necessary next step, and we expect 380

the compliance figures to fall. 381

Selection bias. All results hold on the 28% of encounters from which a direct-to instruction could 382

be recovered. The excluded majority contains the heading-vector resolutions, which arise dispro- 383

portionately in the harder cases—short time-to-CPA, no suitable waypoint, overtake geometry. A 384
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two-stage policy adding a small heading head to the pointer network would close this gap. 385

Statistical strength. TheWilson intervals describe binomial sampling uncertainty over encounters 386

at a fixed checkpoint; they say nothing about how much the result would move if the policy were 387

retrained. The AIRL figures come from a single training run (seed 42), and the BC development row, 388

at three seeds, is the only one carrying an estimate of seed-to-seed variation. Adversarial training 389

is the less stable of the two procedures, so the missing variance estimate is missing exactly where it 390

would matter most. 391

The no-action baseline is missing. Not every predicted conflict needs an instruction: some pro- 392

portion resolve under the aircraft’s own filed routes, and nothing in the outcome tables measures 393

that proportion. A policy that never issues a DIRECT is the natural floor for the comparison; we 394

expect that floor to sit well below the learned rows, since these encounters entered the catalogue 395

precisely because a controller acted—but an expectation is not a measurement, and it is the first row 396

we would add. 397

Only one side of the trade-off is measured. Every result here scores separation and nothing 398

else. A direct-to instruction carries a cost—extra track miles, fuel burn, and downstream sequencing 399

consequences—and a policy that buys margin by intervening earlier and routing more aggressively 400

pays that cost even when its separation column looks good; pairing the separation proportions with 401

track-mileage and fuel estimates would make the comparison two-dimensional. 402

Implications beyond ATC. The lesson generalises even where the domain does not: the difference 403

between cloning expert actions and recovering the valuation behind them is measurable, and in 404

safety-critical settings it is the difference that matters. The Tower Parrot template—preprocessing 405

that recovers the missing labels, IRL that recovers the reward, and a validation regime that confirms 406

constraint compliance—applies wherever expert behaviour is recorded but its rationale is not. 407

Path to deployment. The path to deployment as a decision-support tool follows the gaps identi- 408

fied here: (1) a two-stage DIRECT/HEADING policy, where the pointer network handles direct-to 409

instructions and a small continuous head handles heading vectors, closing the selection gap; (2) 410

multi-seed and fast-time re-evaluation on a split frozen before training, so the compliance figures 411

become measurements rather than optimistic bounds; (3) multi-sector validation on further ACCs; 412

and (4) human-in-the-loop evaluation in which controllers review AIRL suggestions. 413

8. Conclusion 414

Recovering controller instructions from trajectory geometrymakes a large body of unlabelled surveil- 415

lance data usable for imitation learning, and a reward inferred from those demonstrations produces 416

the most separation-compliant learned policy in our comparison without any separation term in 417

its objective. On 200 held-out encounters the AIRL policy produced no trajectory below the ICAO 418

5NM standard, against 27% of encounters for behavioural cloning and 5% for a heuristic that greedily 419

maximises predicted CPA from the same inputs (Fisher’s exact test, 𝑝 = 1.8 × 10
−18

and 𝑝 = 0.0017). 420

We do not read that as a compliance rate: the split guided design, the rollouts are simulated, and 421

the policy comes from a single seed. We read it as an ordering between methods scored under iden- 422

tical conditions. Imitation does not supply the boundary, which the observation already encodes 423

in units of the separation standard; it supplies the margin and the timing that controllers treat as 424

acceptable—a recovered valuation rather than a memorised action map. 425

Tower Parrot demonstrates that the barrier to learning air traffic control—the absence of instruction 426

labels—can be overcome, and that what is learned beyond it is closer to controller judgement than to 427

a memorised action map. With the barrier removed, the path is open to automation that augments 428
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human controllers rather than replacing them, learning from their expertise rather than second- 429

guessing it. The next steps are adversarial rather than confirmatory: multiple seeds, a fast-time 430

simulator the policy was not optimised against, heading-vector coverage, and human-in-the-loop 431

evaluation—the infrastructure for all of it is in place and open. 432
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