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Abstract
The rapid evolution of large language models (LLMs) has made the reliable identification of AI-generated text

increasingly challenging, particularly due to evasion strategies such as paraphrasing and visually similar character

substitutions (homoglyphs) designed to bypass existing detectors. To address this problem, the PAN Lab at

CLEF 2026 introduced the Voight-Kampff Generative AI Detection task, which explicitly emphasises robustness:

test inputs may originate from unseen generators and may be modified by unknown obfuscations before evaluation.

Under these conditions, conventional detectors are known to degrade sharply.

We address this robustness gap by modelling detection as a two-player adversarial game, in which a detector

is jointly trained with an evolving attacker. Training data is drawn from a multi-generator corpus comprising

human-authored and machine-generated texts from twenty-two recent LLMs spanning eight model families. To

expose the detector to a diverse attack space, we introduce a two-track evasion framework. Track A consists of a

learnable neural paraphraser trained to evade the detector via clipped Proximal Policy Optimisation, while Track B

comprises a set of deterministic linguistic and character-level obfuscations applied on-the-fly as adversarial

data augmentation. The detector is optimised under a unified, per-attack re-weighted objective that enforces

simultaneous separation of human, clean machine-generated, and adversarially modified text.

To stabilise training, we incorporate a suite of techniques including label smoothing, controlled detector

update cadence, a dynamic freeze rule, reward clipping, and numerical-safety safeguards, which together prevent

collapse of the adversarial game during long runs.

On a held-out validation split, the resulting RoBERTa-large detector achieves a macro-averaged AUROC of

99.60 across all generators, an 𝐹1 score of 97.98 at the default threshold, and maintains performance above 99.8
AUROC under all training-time evasion attacks. These results demonstrate that explicitly training for adversarial

robustness substantially improves detector reliability under challenging conditions.
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1. Introduction

The rapid evolution of large language models (LLMs) has made the automatic distinction between

human-written and AI-generated text a practical necessity in journalism, education, scientific publishing,

and online trust and safety. The PAN lab at CLEF has tracked this problem through its Voight-Kampff

Generative AI Detection task [1, 2], where systems must assign a score indicating whether a given text

was written by a human (class 0) or a machine (class 1).

The 2026 edition of the task introduces a substantially harder setting [3, 4]. LLMs are explicitly

instructed to mimic specific human authors, and the test set includes deliberately engineered adversarial

texts—such as outputs from unseen models and novel obfuscation strategies—designed to probe detector
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robustness. In a builder–breaker setup with the ELOQUENT lab, submitted systems are evaluated on

inputs specifically crafted to deceive them, rather than on held-out data from the same distribution.

In this setting, conventional supervised detectors are known to fail. A RoBERTa classifier fine-tuned

on outputs from a specific LLM may achieve high in-distribution accuracy, but its performance degrades

sharply under paraphrasing [5, 6], character-level obfuscations such as homoglyph substitution [7], and

generator shift [8]. Reported accuracy on clean held-out splits, therefore, reflects interpolation rather

than the extrapolation required by PAN 2026.

Our approach is based on the premise that robustness must be explicitly trained rather than assumed.

We build on the RADAR framework [9], which formulates detection as a minimax game between a

classifier and a neural paraphraser, and extend it in three directions aligned with the PAN 2026 threat

model:

Multi-generator training. We train on outputs from twenty-two recent LLMs spanning eight model

families (GPT, Gemini, Llama, Mistral, Qwen, Falcon, DeepSeek, and PaLM). This diversity exposes the

detector to a wide range of generation styles and mitigates overfitting to specific models.

Two-track multi-evasion adversarial training. We combine a learnable neural paraphraser,

trained with clipped Proximal Policy Optimisation (PPO) [10], with a complementary track of determin-

istic evasion strategies, including synonym substitution, homoglyph replacement, article deletion, and

misspelling. These attacks are applied on-the-fly, and the detector is trained with a unified objective to

distinguish human text from both clean and adversarially modified machine-generated text.

Stabilisation suite. Adversarial training of this kind is inherently unstable. We introduce a practical

stabilisation suite—including label smoothing, detector update scheduling, an AUROC-triggered freeze

rule, reward clipping, NaN-safe logits processing, and memory-bounded gradient accumulation—which

enables reliable convergence over long training runs.

The resulting RoBERTa-large detector achieves a macro-averaged AUROC of 99.60 across all 22

generators on a held-out validation set and maintains performance above 99.8 AUROC under every

training-time evasion attack, while preserving high accuracy on clean inputs. We submit our system to

PAN 2026 via the TIRA platform [11] and release the full training pipeline to support reproducibility.

2. Background and Related Work

This section reviews the work most relevant to our approach. We first summarise the two dominant

families of AI-generated text detectors, together with the baselines provided for PAN 2026; next, we

discuss adversarial training and the RADAR framework on which our method builds; and finally, we

review the benchmarks that establish multi-generator, multi-attack evaluation as standard practice.

Supervised and zero-shot detectors. Two main families of AI-generated text detectors dominate

the literature. Supervised detectors fine-tune pretrained encoders—most commonly RoBERTa [12]—as

binary classifiers on labelled human and machine-generated text. While these models achieve high

accuracy in-distribution, they are notoriously brittle under domain and generator shift.

In contrast, zero-shot detectors exploit statistical signatures of generative models without task-

specific training. GLTR visualises token-rank distributions [13], DetectGPT estimates curvature in

log-probability under perturbation [14], Fast-DetectGPT replaces costly perturbations with conditional

probability estimates [15], and Binoculars compares the perplexity of related LLMs [16]. Hybrid

approaches such as Ghostbuster combine model likelihoods with structured feature search [17].

For PAN 2026, the organisers provide several baselines, including a linear Support Vector Machine

(SVM) with TF–IDF features, a PPMd compression-based cosine similarity method [18], and Binocu-

lars [16]. Our method falls within the supervised paradigm but explicitly addresses its central weakness:

lack of robustness.

Evasion of detectors. A substantial body of work demonstrates that current detectors are easily

evaded. Krishna et al. [5] show that strong paraphrasing reduces multiple detectors to near-random



performance. In contrast, Sadasivan et al. [6] argue that recursive paraphrasing imposes a fundamental

limit on reliable detection.

Beyond paraphrasing, character-level and formatting perturbations attack the tokenisation process

rather than semantics. These include homoglyph substitution [19], invisible Unicode insertion, whites-

pace manipulation, and casing changes—all of which can bypass detectors while preserving meaning.

The PAN 2026 “unknown obfuscations” setting directly operationalises this threat model. In contrast

to prior work that treats such attacks purely as evaluation tools, we incorporate them directly into

training.

Adversarial training and RADAR. Watermarking methods embed detectable signals during gen-

eration [20], but require model-level cooperation and are fragile to paraphrasing. RADAR [9] instead

frames detection as a minimax game: a classifier is trained against a neural paraphraser that is itself

optimised, via reinforcement learning, to evade detection. At inference time, only the detector is used.

Our approach builds on RADAR but extends it beyond its original single-generator, single-attack

setting. We train across a diverse set of generators and replace the single paraphraser with a structured,

two-track adversarial setup combining neural and deterministic evasion strategies.

Benchmarks. Robust evaluation requires diversity in both generators and attack settings. M4 provides

a multi-generator, multi-domain, multilingual benchmark [21]; HC3 compares human and ChatGPT

responses across domains [22]; and RAID [8] introduces a benchmark combining multiple generators

with a suite of adversarial attacks. RAID, in particular, establishes multi-generator coverage and built-in

obfuscation as key components of realistic evaluation.

Our work follows this paradigm but shifts obfuscation from a static evaluation component to a

dynamic training signal, aligned with the adversarial nature of PAN 2026.

3. Methodology

In simple terms, our method trains a detector using many different generators and many different

attacks at the same time, so it learns to be robust. Our algorithm is trained on a multi-generator AI

text detection corpus pairing human-written texts with machine-generated texts from twenty-two

distinct LLMs. The dataset is provided as a fixed train/validation split: the training partition contains

9,101 human texts and 14,606 machine texts, while the held-out validation set contains 1,277 human

and 2,312 machine texts. Because this split is fixed, model selection is strictly separated from training,

ensuring fair comparison across runs.

A defining characteristic of the dataset is its generator diversity. The twenty-two generators span

eight model families and include both earlier chat models and recent frontier systems. The full list and

per-generator performance are reported in Table 2. Notably, two classes (gemini-pro-paraphrase
and gpt-4-turbo-paraphrase) already contain paraphrased machine text, providing an initial signal

of paraphrase-based evasion. In our framework, however, all machine texts are treated as clean inputs,

and all obfuscations are applied within the training loop, ensuring full control over the adversarial

process.

Adversarial training setup. Our method jointly trains two models in an adversarial game. The

detector 𝐷𝜑 is a RoBERTa-large classifier [12] that outputs the probability 𝐷𝜑(human | 𝑥) ∈ [0, 1]. The

paraphraser 𝐺𝜎 is a T5 model [23] that rewrites machine text 𝑥𝑚 into a paraphrase 𝑥𝑝. The detector

seeks to classify all machine-derived text as non-human, while the paraphraser aims to generate rewrites

that appear human-like. At inference time, only the detector is retained.

Unlike RADAR [9], which uses a single adversarial paraphraser, our method introduces a structured

two-track attack pool (Figure 1):

Track A – learnable. A neural paraphraser 𝐺𝜎 , trained with reinforcement learning to adaptively

evade the detector. This track models a strong, detector-aware adversary.



Figure 1: Overview of the two-track adversarial framework. Clean machine text is transformed via a learnable

paraphraser (Track A) and deterministic obfuscations (Track B). The detector is trained jointly on human, clean

machine, and adversarial inputs under a unified objective.

Track B – deterministic. A set of rule-based obfuscations applied directly to machine text. These

have no trainable parameters and serve purely as adversarial data augmentation, modelling

inexpensive and diverse evasion strategies.

Each training step proceeds as follows: (i) sample clean machine texts; (ii) generate paraphrases via

Track A and compute rewards; (iii) apply all Track B transformations; (iv) update the paraphraser using

PPO; (v) update the detector on human, clean machine, and all adversarial variants. The updates are

interleaved so that both models continually adapt to each other.

3.1. Detector objective

Let 𝑝 = 𝐷𝜑(human | 𝑥) denote the predicted human probability. Each instance incurs a smoothed

binary cross-entropy loss with label smoothing coefficient 𝛼:

ℓh(𝑝) = −(1− 𝛼) log 𝑝− 𝛼 log(1− 𝑝), (1)

ℓm(𝑝) = −(1− 𝛼) log(1− 𝑝)− 𝛼 log 𝑝. (2)

Label smoothing prevents overconfident predictions and mitigates memorisation of the finite training

corpus.

The key contribution of our framework is the multi-attack objective. Let 𝒜 denote the set of attack

variants:

𝒜 = {clean, t5, syn,homo, art,mis}.

The detector minimises

ℒ𝐷 = E𝑥ℎ
[ℓh(𝐷𝜑(𝑥ℎ))] + 𝜆

∑︁
𝑎∈𝒜

𝑤𝑎 E𝑥∈𝑋𝑎 [ℓm(𝐷𝜑(𝑥))]. (3)

Because all attack variants contribute simultaneously, the detector must learn a unified decision

boundary rather than specialising to individual evasion strategies. In practice, the loss is computed via

gradient accumulation to maintain manageable memory usage for RoBERTa-large.



3.2. Track A: Adversarial paraphraser

The paraphraser 𝐺𝜎 is trained using the clipped PPO objective with entropy regularisation [9, 10].

Reward. Given a sampled paraphrase 𝑥𝑝 ∼ 𝜋𝜎(· | 𝑥𝑚), the reward is

𝑟(𝑥𝑝) = clip(𝐷𝜑(human | 𝑥𝑝), 𝑟min, 𝑟max), (4)

so that higher reward corresponds to stronger detector evasion.

Advantage. Rewards are normalised:

𝐴 =
𝑟 − 𝑟

𝜎𝑟 + 𝜂
, (5)

removing the need for a value network.

Policy update. With importance ratio 𝜌 = 𝜋𝜎/𝜋old, the loss is

ℒ𝐺 = −E
[︀
min(𝜌𝐴, clip(𝜌)𝐴)

]︀
+ 𝛽klℒkl + 𝛾ℒe. (6)

The KL term prevents drift from the base language model, while entropy regularisation maintains

diversity. Because the detector is continuously evolving, ℒ𝐺 typically oscillates rather than converging

monotonically.

3.3. Track B: Deterministic evasion pool

Track B applies parameter-free transformations targeting different linguistic levels:

Synonym replacement. WordNet-based substitution of content words, preserving semantics while

altering lexical patterns.

Homoglyph substitution. Replacement of ASCII characters with visually identical Unicode glyphs,

disrupting tokenisation without affecting readability.

Article deletion. Random removal of articles (a, an, the), simulating non-native writing.

Keyboard misspelling. Injection of realistic typos via key-adjacent substitutions and character edits.

These transformations collectively approximate a broad, low-cost adversarial space consistent with

real-world obfuscation.

3.4. Stabilisation strategies

Adversarial training over long horizons is highly unstable. The following techniques were essential for

convergence:

1. Label smoothing. Prevents early overfitting and logit saturation.

2. Detector update cadence. Updating the detector every two steps prevents it from overwhelming

the paraphraser.

3. Dynamic freezing. Detector updates are temporarily paused when validation AUROC exceeds

a threshold, preserving a competitive adversarial balance.

4. Reward clipping. Stabilises PPO gradients when detector confidence is extreme.

5. Numerical safeguards. NaN-safe logits, gradient sanitisation, and value clamping prevent

numerical instability from corrupting training.



Table 1
Configuration of the submitted algorithm. Values correspond to the released implementation.

Group Parameter Value

Detector 𝐷𝜑 Architecture RoBERTa-large

Maximum sequence length 512 tokens

Batch size 8
Learning rate (AdamW) 3× 10−6

Update cadence every 2 outer steps

Paraphraser 𝐺𝜎 Architecture T5 (paraphrase checkpoint)

Learning rate (AdamW) 2× 10−5

Decoding sampling, 𝑇=1.0, top-𝑘=50
Maximum new tokens 128
Repetition penalty 1.3

PPO (cppo-ep) Buffer size 64
Epochs per buffer 8
Clip 𝜀 0.2
KL coeff. 𝛽kl 0.001
Entropy coeff. 𝛾 0.01
Reward clip [𝑟min, 𝑟max] [0.01, 0.99]

Detector objective Human/machine balance 𝜆 0.5
Label smoothing 𝛼 0.15

Track B rates synonym / homoglyph 0.20 / 0.10
article-del. / misspell 0.50 / 0.08

Training loop Outer steps 200
Warmup / patience 50 / 25
Freeze threshold 0.995 macro-AUROC

Generator schedule mixed (all 22)

Random seed 42

4. Experimental Setup

Models. The detector is roberta-large (355M parameters), a transformer-based encoder with

a binary classification head. The Track A paraphraser is the publicly available T5 checkpoint from

the Huggingface platform ramsrigouthamg/t5_paraphraser. We selected this model over larger

alternatives due to its stable and untied parameterisation, which avoids the gradient instabilities we

observed with heavier checkpoints during PPO training. At inference time, only the detector is used.

Configuration. Table 1 summarises the configuration of the submitted run. The detector is trained

jointly on human texts, clean machine texts, Track A paraphrases, and the four Track B transformations

described in Section 3.3. Machine texts are sampled using a mixed schedule, such that each outer step

draws proportionally from all twenty-two generators.

Training proceeds for up to 200 outer steps with early stopping based on validation performance

(patience 25 evaluations). Validation macro-AUROC is computed every 5 steps, and the checkpoint

with the highest score is retained. In the submitted run, the best checkpoint was reached early, at outer

step 35. After this point, the dynamic freeze rule (Section 3.4) prevented further detector updates, while

training continued until early stopping triggered at step 160. The full run required approximately 3.5
hours on a single NVIDIA H100 GPU.

Evaluation. We evaluate performance on the held-out validation set using two complementary

diagnostics.

Per-generator AUROC measures detection performance separately for each generator, comparing



Figure 2: Adversarial training dynamics over 160 outer steps. Left axis: detector macro-AUROC on the validation

set (measured every five steps). Right axis: mean paraphraser reward. The detector peaks at step 35, after which

it is frozen while the paraphraser continues probing.

its machine texts against the shared pool of human texts. The macro-average across all twenty-two

generators serves as the primary model-selection metric.

Per-attack AUROC evaluates robustness to evasion by applying each attack operator to the entire

validation machine set and scoring it against the human texts. This isolates specific weaknesses, as

degraded performance indicates susceptibility to a particular attack type.

We additionally report threshold-based metrics—precision, recall, and 𝐹1—at the default decision

threshold of 0.5, aligning with the PAN 2026 evaluation suite (which also includes 𝐹0.5𝑢). AUROC

remains the primary measure, as it evaluates ranking quality independent of threshold and directly

corresponds to the ROC-AUC component used in PAN evaluation.

5. Results

We analyse the results along four axes: adversarial training dynamics, per-generator detection perfor-

mance, robustness to evasion attacks, and threshold-based performance on the validation set.

5.1. Adversarial training dynamics

Figure 2 shows the evolution of the adversarial game over the 160 outer steps executed before early

stopping. At step 1, before any detector updates, the randomly initialised classifier performs well below

chance (macro-AUROC 34.1). Within ten steps, it becomes a competent detector (macro-AUROC ≈ 85),

surpasses 98 by step 20, and reaches its peak performance of 99.60 at step 35.

Once the macro-AUROC exceeds the 99.5 freeze threshold, the dynamic freeze rule (Section 3.4) halts

further detector updates. Training then proceeds with a fixed detector until early stopping terminates

the run at step 160. The submitted model is therefore the checkpoint from step 35.

The paraphraser reward exhibits complementary behaviour. It begins at 𝑟 ≈ 31, indicating that

the initial paraphraser successfully fools the untrained detector roughly one third of the time. The

reward briefly rises above 36 as it exploits the still-weak detector, then declines as the detector improves,

stabilising around 𝑟 ≈ 12–13 after the detector freezes. Importantly, the reward does not collapse:

even against a fixed detector, approximately one in eight paraphrases remains partially successful. This

bounded, non-vanishing reward is a clear indicator of a stable adversarial game and, in our experiments,

depends critically on the stabilisation strategies described in Section 3.4.



Table 2
Per-generator AUROC of the selected detector on the held-out validation split (best checkpoint, step 35).

Generator names are abbreviated; the macro-average over all 22 generators is the model-selection metric.

Generator AUROC Generator AUROC

deepseek-r1-32b 99.98 gpt-4o-mini 99.99

falcon3-10b 99.92 llama-2-70b 99.74

gemini-1.5-pro 96.89 llama-2-7b 99.67

gemini-2.0-flash 99.98 llama-3.1-8b 99.29

gemini-pro 98.51 llama-3.3-70b 99.93

gemini-pro-para 98.84 ministral-8b 99.97

gpt-3.5-turbo 99.99 mistral-7b-v0.2 99.65

gpt-4-turbo 100.00 mixtral-8x7b 99.47

gpt-4-turbo-para 99.63 o3-mini 99.99

gpt-4.5-preview 99.80 qwen1.5-72b 99.95

gpt-4o 99.99 text-bison-002 99.92

Macro-average (22 generators) 99.60

5.2. Per-generator detection performance

Table 2 reports per-generator AUROC for the selected checkpoint. The detector exceeds 99 AUROC on

19 of the 22 generators and 99.9 on 12 of them, achieving perfect separation for gpt-4-turbo.

Robustness to recent models is particularly relevant for the PAN 2026 “unseen model” setting. Notably,

frontier systems such as o3-mini (99.99), gemini-2.0-flash (99.98) , gpt-4.5-preview (99.80)

(99.98), llama-3.3-70b-instruct (99.93), and deepseek-r1-distill-qwen-32b are detected

with accuracy comparable to older models, suggesting strong generalisation across both architectures

and generations.

The most challenging cases are gemini-1.5-pro (96.89) and gemini-pro (98.51), with the former

acting as a clear outlier that largely determines the macro-average. This behaviour validates the use

of macro-AUROC as the selection metric, as it prevents weaker generators from being masked by the

majority of strong cases.

Paraphrased variants (gemini-pro-paraphrase at 98.84 and gpt-4-turbo-paraphrase at

99.63) consistently score below their non-paraphrased counterparts, confirming that paraphrasing

remains an effective evasion strategy. The overall performance spread across all generators is limited to

3.1 AUROC, indicating that multi-generator training successfully mitigates overfitting to individual

model characteristics.

5.3. Robustness to evasion attacks

Table 3 evaluates robustness to evasion strategies. Each attack is applied to the full validation machine

set and re-evaluated against the human texts.

The detector maintains AUROC ≥ 99.80 across all attacks and achieves 100.00 under both the

learnable T5 paraphraser and homoglyph substitution. Notably, all attacked conditions perform at or

above the clean baseline (99.66), indicating no observable robustness–accuracy trade-off.

This behaviour directly reflects the multi-attack training objective (Eq. (7)): adversarial variants

are incorporated as standard training inputs rather than treated as out-of-distribution cases. The

slightly lower score for clean data suggests that residual errors originate from inherently difficult clean

examples—primarily gemini-1.5-pro—rather than from weaknesses against specific attack types.

ℒ𝐷 = E𝑥ℎ

[︀
ℓh(𝐷𝜑(𝑥ℎ))

]︀
+ 𝜆

∑︁
𝑎∈𝒜

𝑤𝑎 E𝑥∈𝑋𝑎

[︀
ℓm(𝐷𝜑(𝑥))

]︀
, (7)



Table 3
Per-attack AUROC of the selected detector. Each evasion operator is applied to the full validation machine set,

which is then re-scored against the human texts. clean is the unattacked baseline.

Track Evasion attack AUROC

A T5 paraphrase (learnable) 100

B Synonym replacement 99.98

B Homoglyph substitution 100.00

B Article deletion 99.82

B Keyboard misspelling 99.96

5.4. Threshold-based performance

While AUROC captures ranking quality, PAN 2026 also evaluates performance at a fixed operating point

via 𝐹1 and 𝐹0.5𝑢. At the default decision threshold of 0.5, the detector classifies the 3,589 validation

samples (1,277 human and 2,312 machine) with 2,227 true positives, 1,270 true negatives, 7 false

positives, and 85 false negatives.

This corresponds to a precision of 99.69, recall of 96.32, and 𝐹1 score of 97.98, with a pooled AUROC

of 99.69. The operating point is deliberately conservative: the false-positive rate is approximately 0.5%,

which is desirable in practice, as misclassifying human-written text as machine-generated incurs higher

cost in most deployment settings.

5.5. Discussion

The robustness results in Table 3 reflect performance against known attacks included in training. The

PAN 2026 test set introduces unseen obfuscations, and some performance degradation under these

conditions is expected.

Our hypothesis is that training against a structured pool of semantic-, character-, and surface-level

transformations yields a decision boundary that generalises to related unseen attacks. The near-identical

performance across clean and attacked validation data supports this hypothesis, although it does not

conclusively establish out-of-distribution robustness.

Similarly, the reported macro-AUROC of 99.60 is an in-distribution estimate, as the validation data

shares generators and domains with training. The PAN 2026 evaluation, which introduces both unseen

generators and novel obfuscations, will therefore provide the definitive measure of generalisation. The

results presented here demonstrate strong capacity under known conditions and suggest—but do not

guarantee—robust transfer.

6. Conclusion

We presented an adversarially trained detector for the PAN 2026 Voight-Kampff Generative AI Detection

task that treats robustness as a primary training objective. Building on the RADAR framework, our

approach extends the adversarial game along two key dimensions: (i) multi-generator training across

twenty-two contemporary LLMs, and (ii) a two-track evasion model combining a PPO-trained neural

paraphraser with a structured pool of deterministic obfuscations spanning semantic, character, and

surface levels. A set of stabilisation techniques ensures that this adversarial process remains well-

behaved throughout long training runs.

The resulting RoBERTa-large detector achieves a macro-AUROC of 99.60 across all generators

on held-out validation data, an 𝐹1 score of 97.98 at the default threshold, and consistently strong

performance under all training-time evasion attacks, with no measurable degradation on clean inputs.

These results indicate that explicitly incorporating diverse adversarial transformations into the training

objective can effectively mitigate the robustness limitations of conventional supervised detectors.



Several directions remain for future work. First, incorporating decoding-strategy and sampling-

parameter augmentation would reduce sensitivity to generation settings, a known weakness of super-

vised detectors. Second, extending the training corpus with additional public datasets (e.g., RAID [8],

M4 [21], HC3 [22], and PAN releases) could further improve domain and generator generalisation.

Finally, expanding the evasion pool with more diverse and adaptive transformations may enhance

robustness to unseen attacks.

The PAN 2026 evaluation, which introduces novel generators and unknown obfuscations, will provide

the definitive test of generalisation. We will report these results once the leaderboard is released.
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