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Abstract

We introduce energy-based constraint networks—a modality-agnostic architecture that
learns structural coherence from contrastive pairs. The system processes frozen encoder em-
beddings through a state-space model with dual-head attention, producing a scalar energy
measuring structural consistency alongside per-position energy scores that localize viola-
tions. Multiple independently trained branches detect different violation types and compose
at inference without interference.

We demonstrate the framework in two domains. In text, the system achieves 93.4% ac-
curacy on trained corruption types and 87.2% on 9 unseen types, using frozen BERT and
7.4M trainable parameters. In vision, the same architecture achieves competitive deepfake
detection: 0.959 AUC on FaceForensics++ Deepfakes and 0.870 on Celeb-DF without any
Celeb-DF training data, using frozen DINOv2 and 3.6M parameters per branch.

The framework supports flexible training: branches learn from designer-specified cor-
ruptions, real-world paired data, or both. Composable branches require representation
compatibility—a finding validated through extensive experimentation where five incompat-
ible approaches failed before the compatible one succeeded. The architecture is encoder-
agnostic and domain-agnostic: changing the domain requires only new corruption strategies;
changing the encoder requires only a new input projection layer. To our knowledge, this
is the first architecture to learn within-modality structural coherence as an explicit energy
landscape with per-position decomposition, and to demonstrate that the same architecture
transfers across modalities via corruption respecification alone.

1 Introduction

1.1 Structural Coherence as a Learnable Property

Structural coherence—the property that parts of a well-formed artifact are mutually consistent—spans do-
mains. A coherent paragraph maintains consistent tense, reference, and topic across sentences. A coherent
face image maintains consistent lighting, texture, and geometry across spatial regions. In both cases, viola-
tions of coherence indicate manipulation, whether corrupted text or deepfake images.

We propose that structural coherence is a distinct, learnable distributional property. Autoregressive language
models learn P(next token | context)—a local conditional distribution. They can assign high probability to
every individual token in a self-contradicting paragraph, because each token is locally plausible. Energy-
based approaches to text (Deng et al., 2020) and discourse coherence models (Barzilay & Lapata, 2008; Li
& Hovy, 2014) have explored global sequence-level evaluation, but typically operate without per-position
decomposition, require task-specific supervision, or are limited to a single modality. Our system learns
structural coherence as an explicit energy landscape with per-position violation localization, specified through
corruption examples rather than labels—and the same architecture transfers across modalities by respecifying
the corruption strategy alone.

This distinction extends beyond text. Deepfake generators produce images where each pixel is locally plausi-
ble, but global structural properties (lighting consistency, texture uniformity, frequency profiles) are violated.
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The same energy-based framework that detects structural violations in text detects them in images, because
the underlying concept—global coherence across positions—is modality-independent.

1.2 Corruption as Specification

The central design principle is that structural properties are specified implicitly through corruptions that
violate them. Shuffling sentences teaches discourse ordering. Splicing textures teaches regional compatibility.
The corruption strategy s the specification language: each corruption type encodes a structural property,
and the model learns to check it.

This framing has a practical consequence: new structural constraints are added by designing new corruptions,
without modifying the model, the training procedure, or the loss function. We validate this empirically: the
text model, trained on 6 corruption types, generalizes to 87.2% accuracy on 9 unseen corruption types.
The vision model, trained on synthetic corruptions alone, achieves 0.850 AUC on deepfakes it was never
trained on. In both cases, the model has learned structural coherence as a general property, not the specific
corruption patterns in its training data.

1.3 Contributions

1. Corruption-as-specification as a modality-general framework: The same architecture learns
structural coherence in both text and vision, achieving 87.2% generalization to unseen text corrup-
tions and 0.850 AUC zero-shot deepfake detection from corruption training alone.

2. Per-position violation localization: The energy function decomposes per position, localizing
where violations occur. In text, per-window energies show how inconsistency propagates through
SSM state. In vision, per-patch energies reshape to a 16x16 spatial heatmap localizing manipulated
regions.

3. Representation compatibility for composable constraints: Five approaches to composing
frequency and structural constraints failed because different feature spaces produce incompatible
energy scales. Processing both views through the same frozen encoder achieves 44.4% frequency
contribution, compared to less than 3% for all incompatible approaches.

4. Flexible training from corruptions, real data, or both: The system operates across a spectrum
from zero-shot detection (corruption specifications only) to supervised detection (paired real/fake
data), with corruption pretraining consistently improving cross-dataset transfer.

5. Independent specialist branches: Independently trained branches outperform jointly trained
models by eliminating interference, enabling modular addition of new constraint types without
retraining existing ones.

2 Architecture

2.1 Constraint Network

Each constraint branch takes a sequence of embedding vectors—(batch, positions, dim)—and produces a
scalar energy plus per-position energy decomposition. The architecture is identical across branches and
modalities.

SSM Backbone (6 blocks): Depthwise causal convolution with gated linear units and learned exponential
decay. Captures local sequential patterns and state dynamics across the sequence at linear computational
cost.

Dual-Head Attention (2 blocks, interleaved at positions 2 and 4): Head 1 uses causal masking (forward
consistency); Head 2 is bidirectional (mutual compatibility). Each head uses a single learned projection W
(not separate Q/K/V), halving the parameter cost. Because there are no separate K and V matrices, there
is no key-value cache to store or grow—each forward pass is stateless, with the SSM’s fixed-size recurrent
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Figure 1: Left: constraint network architecture, shared across modalities and branches. SSM blocks handle
sequential state tracking at linear cost; dual-head attention blocks perform long-range consistency checks.
Right: the dual-head attention mechanism. Each head uses a single learned projection W (not separate
Q/K/V), halving parameter cost and eliminating key-value cache entirely—each evaluation is a stateless
forward pass. Asymmetry emerges from the masking structure, not from parameterization.

state as the only persistent memory. This makes the constraint network lightweight to evaluate repeatedly
during training or as a streaming coherence monitor at inference. Figure 1 shows the full architecture.

Energy Head: LayerNorm — MLP — per-position energies e;. Aggregation:
E(x) = mean(e;) + o - max(e;), «a=0.3 (1)

The max term addresses a structural property of localized violations: a face-swap boundary affects roughly
10 of 256 patches, and a topic splice affects 2 of ~20 windows, where pure mean aggregation risks diluting
the signal. However, ablation (Appendix E) shows that the max term helps equally for sparse violations (face
swaps) and diffuse violations (whole-face reenactment), indicating it provides a complementary worst-case
signal rather than specifically rescuing sparse cases. The mean term captures aggregate incoherence; the
max term captures peak violation intensity; both contribute.

The coefficient @ = 0.3 was selected in the text domain and carried across to vision without retuning.
Ablation confirms the system is insensitive to a in [0.2,1.0]: any value in this range produces comparable
results across all benchmarks (Appendix E). The cross-modal transfer of a single hyperparameter is consistent
with the architectural claim that both domains perform the same kind of structural reasoning.

Contrastive Loss:
L= E(XPOS>2 + max(0,m — E(x]ﬂeg))2 (2)

where m = 5.0, pushing coherent inputs toward zero energy and violations above the margin.
2.2 Violation Propagation Through SSM State

A key property of the SSM backbone is that violations propagate beyond their local position. The SSM’s
recurrent state carries information forward, so a violation at one position corrupts the state for all subsequent
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Figure 2: Three-branch composable architecture for vision. All branches process features from the same
frozen DINOv2 encoder, ensuring representation compatibility. The frequency branch encodes a rendered
frequency heatmap through DINOv2 rather than raw frequency features—the key insight from the compat-
ibility investigation (Section 6). Each branch trains independently; composition occurs only at inference.

positions. In text, a topic splice raises energy not only at the spliced sentences but at all surrounding
sentences whose contextual relationships have been disrupted. In vision, a face swap boundary elevates
energy at adjacent patches whose contextual relationships are inconsistent.

2.3 Composable Multi-Branch System

The full vision system composes independently trained branches, each specializing in different violation types
(Figure 2):

Branch 1—Structural: Detects global structural violations (face swaps, expression transfers, identity
manipulations). Processes encoder features from the original input.

Branch 2—Frequency: Detects frequency-domain anomalies (GAN smoothing, texture loss). Processes
encoder features from a frequency heatmap rendering—the same frozen encoder applied to a different view
of the same input.

Branch 3—Local Texture: Detects localized texture inconsistencies (neural rendering, region-level quality
differences). Processes encoder features from the original input with independently trained weights.

Composition:
E= Estructural + gate ' Efrequency + ﬁ ' Elocah ﬁ =03 (3)

where the frequency gate is a dataset-level heuristic that activates when the target domain’s frequency profile
indicates detectable anomalies. Each branch is frozen at inference.

2.4 Encoders

The constraint network operates on embeddings from a frozen encoder (Figure 3). The encoder determines
the quality ceiling—a principle validated in both modalities.

Text: BERT-base-uncased (110M parameters, frozen). Hidden states from layer —2, pooled into 8-token
windows, producing (num_ windows, 768). BERT embedding distance between original and shuffled text
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Figure 3: Cross-modal transfer: the same constraint network architecture processes both text (BERT win-
dows) and vision (DINOv2 patches). Only the input projection layer changes between modalities. The
architecture, loss function, and training procedure are identical.

is 12.16; MiniLM gives approximately zero—directly explaining why BERT achieves 93.4% while MiniLM
achieves 54.5%.

Vision: DINOv2 ViT-B/14 (86M parameters, frozen). 16 x 16 = 256 patch tokens of 768 dimensions.
DINOv2’s self-supervised training preserves spatial structure. A corruption alignment diagnostic confirmed
DINOvV2 encodes structural features well but is blind to frequency-domain features—motivating the multi-
branch architecture.

A single learned linear projection (768 — 384) adapts encoder outputs to the constraint network. This is
the only component that changes between modalities.

3 Training

3.1 Corruption-as-Specification

Branches learn from designer-specified corruptions applied to real data. Each corruption implicitly defines
a structural property:

Text corruptions: Shuffle (discourse ordering), negate (logical consistency), entity swap (referential in-
tegrity), tense shift (temporal consistency), coreference break (identity consistency), topic splice (thematic
coherence).

Vision corruptions: Texture splice (regional compatibility), lighting shift (illumination consistency), lo-
calized smoothing (texture quality uniformity), bilateral filtering (edge-preserving blur detection).

Critically, the vision corruption set was derived as a theoretical specification of facial coherence—answering
“what makes a face structurally consistent?” rather than “what does a deepfake look like?” The corruptions
were designed without reference to any deepfake method’s artifact profile. That the resulting detector catches
face swaps is not because the corruptions were engineered to match face-swap artifacts; it is because face
swaps are, by definition, a violation of regional compatibility, and texture splice is what regional compatibility
violation looks like when specified as a corruption.
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3.2 Learning from Real-World Data

Branches also learn directly from paired real/manipulated data. In vision, matched real/fake pairs from
FaceForensics++ (Rossler et al., 2019) train the structural branch to detect deepfake-specific artifacts that
synthetic corruptions may not fully capture.

3.3 Combining Both

The strongest results come from combining corruption pretraining with real-data fine-tuning. Corruption
pretraining establishes what “coherent” looks like broadly. Paired fine-tuning adds method-specific precision.
The local texture branch trains on synthetic localized corruptions and real NeuralTextures manipulations,
achieving L-AUC 0.911 on NeuralTextures and L-AUC 0.871 on the entirely unseen Celeb-DF (Li et al.,
2020b) dataset.

3.4 Independent Training

Each branch trains in complete isolation. No gradients flow between branches. This eliminates interference:
including texture corruptions in the structural branch improved NeuralTextures (0.800 — 0.843) but de-
graded cross-dataset Celeb-DF transfer (0.820 — 0.787). The corruption types that help one task actively
harm another. Independent training with composition at inference resolves this completely.

All embeddings are pre-computed and cached (float16), making training epochs pure tensor operations—
approximately 30 minutes per branch on a single GPU. This tractability is by design: the framework separates
the expensive computation (frozen encoder, run once) from the trainable computation (constraint network,
3.6-7.4M parameters), enabling full reproduction of all experiments in this paper on a single consumer GPU
in under a day.

4 Results

4.1 Text Domain

50,000 Wikipedia paragraphs (Merity et al., 2017), 6 corruption types, frozen BERT encoder, 7.4M trainable
parameters. Results are stable across random initializations: overall validation accuracy 0.788 + 0.002 over
5 seeds (min 0.785, max 0.790). Per-type standard deviations range from 0.002 (tense shift, negate) to 0.010
(shuffle).

The generalization result (Table 1) is the key validation of corruption-as-specification. Accuracy is computed
on valid pairs only—corruptions that actually modified the text—since silent failures (where the corruption
function returns unchanged text) produce identical positive/negative pairs that are uninformative. The Skip
column in Table 1 shows that tense shift fails silently 48% of the time and coreference break 32%, while
all unseen corruption types succeed on >98% of paragraphs. The model detects role/title swaps at 100%,
demonstrative confusion at 96%, and bridging reference breaks at 93%—none of which appeared in training.
The one genuine failure is repetition (44%): verbatim repetition is locally coherent at the representation
level, a limitation of any approach operating on embeddings rather than raw tokens.

The encoder comparison confirms that the encoder determines the quality ceiling:
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Table 1: Text domain: detection accuracy on all 15 corruption types. The model was trained on only

the first 6. The 9 below the line were never seen during training. “Valid” = pairs where the corruption

actually modified the text; “Skip” = silent failures where the corruption returned unchanged text (filtered

from accuracy computation). Out of 100 paragraphs per type.
Corruption Structural property Acc. Gap Valid Skip
Trained corruption types
Tense shift Temporal consistency 100%  +0.57 52 48
Coref. break Identity consistency 100%  +0.46 68 32
Negate Contradiction 99%  +0.33 99 1
Topic splice Topical coherence 98% +0.69 100 0
Entity swap Referential integrity 90% +0.15 91 9
Shuffle Discourse ordering 87% +0.55 100 0
Unseen corruption types (never in training data)
Role/title swap Role-entity binding 100%  +0.33 100 0
Demonstrative Demonstrative reference 96% +0.22 100 0
Description swap Definite description 93% +0.15 100 0
Bridging break Bridging inference 93% +0.17 100 0
Singular/plural Number agreement 93%  +0.15 99 1
Name substitution Person identity 90%  +0.11 100 0
Temporal break Temporal consistency 88% +0.09 100 0
Number change Numerical consistency 7% +0.15 98 2
Repetition Discourse progression 44% —0.01 100 0
Trained (6 types) 93.4% 510
Unseen (9 types) 87.2% 897
Overall (15 types) 89.3% 1407

Table 2: Text domain: encoder comparison at the same training data scale (50K paragraphs).
Corruption MiniLM 2K MiniLM 50K BERT 50K Feature

Shuffle 45% 67% 84% Word order
Entity swap 42% 43% 74% Entity names
Negate 95% 82% 88% Semantics
Topic splice 60% 60% 74% Topic flow
Coref. break 53% 55% 65% Pronouns
Tense shift 32% 56% 59% Morphology
Overall 54.5% 62.8% 78.7%

4.2 Vision Domain

The three-branch system on FaceForensics++ (Rossler et al., 2019) (5 methods) and Celeb-DF (Li et al.,
2020b) (cross-dataset, zero training data from this set):

Results are stable across random initializations: FF++ methods show standard deviations of 0.001-0.005
over b seeds. Cross-dataset transfer to Celeb-DF shows wider variance (+0.019), expected when generalizing
to an unseen distribution where small weight differences at the decision boundary matter more.
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Table 3: Vision domain: deepfake detection AUC (mean + std over 5 seeds). Celeb-DF is cross-dataset (no
training data from this set).

Method Structural Frequency Local Combined
FF++ Deepfakes 0.959 0.636 0.834 0.959+.001
FF++ Face2Face — — — 0.909+.003
FF++ FaceSwap — — — 0.919+.003
FF++ NeuralTextures 0.819 0.509 0.911 0.880+.005
FF++ FaceShifter — — — 0.897+.005
Celeb-DF (cross) 0.820 0.561 0.871 0.870+.019

4.3 Training Flexibility

Table 4: Effect of training data source on detection performance.

Training Data FF++ Deepfakes FF++4+ NT Celeb-DF
Corruptions only (zero deepfakes) 0.850 0.489 0.698
Real deepfake pairs only 0.963 0.800 0.820
Combined (three-branch) 0.959 0.880 0.870

With zero deepfake training data, the model detects face swaps at 0.850 AUC (Table 4)—purely from
learning what structurally coherent faces look like. The texture splice corruption aligns with face swap
boundary artifacts, just as text shuffling aligns with discourse ordering violations. Adding real paired data
and specialist branches pushes cross-dataset transfer from 0.698 to 0.870.

4.4 Comparison with Published Methods

Table 5: Cross-dataset evaluation: trained on FF++4, tested on Celeb-DF. Single-frame detection unless
noted. = frozen/minimal encoder adaptation.

*Effort: average frame-level AUC on Celeb-DF++ intra-scenario; most directly comparable single-frame protocol.

**GenD: video-level AUROC averaging 32 frames per video; averaging smooths per-frame noise, making this a substantially

easier metric than single-frame AUC.

Method Year Params Celeb-DF AUC Training
Face X-ray 2020 ~25M 0.742 End-to-end
GFF 2021 ~30M 0.794 End-to-end
LTW 2021 ~25M 0.771 End-to-end
RECCE 2022 ~30M 0.687 End-to-end
CAST-BO 2025 ~25M 0.770 End-to-end
GA-LASSO+SVM 2026 ~25M 0.787 Hybrid
Effortt (ICML) 2025  ~300M 0.844* LN tuning
GenD' 2025  ~304M 0.882** LN tuning
SDEQ-Net (video) 2026 ~40M 0.896 End-to-end, multi

Ours (3-branch)’ 2026 10.8M 0.870+.019 Frozen DINOv2

The system achieves 0.870 frame-level AUC on Celeb-DF (mean over 5 seeds). Recent foundation-model ap-
proaches (GenD, Effort) report strong cross-dataset video-level AUROC using ViT-L-scale encoders (~300M
parameters) with LayerNorm or subspace adaptation; our system operates at frame level with a smaller en-
coder (86M frozen DINOv2) and 10.8M trainable parameters total, while supporting cross-modal transfer
that encoder-adaptation methods cannot (Table 5). GenD’s 0.882 is video-level AUROC with 32-frame
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averaging—a substantially easier task than single-frame detection, as averaging smooths per-frame noise
and lets weak signals accumulate. Without their frame-level number, a direct comparison is not possi-
ble. The only method substantially exceeding our result (SDEQ-Net at 0.896) also uses multi-frame video
analysis.

5 What the Model Learns

5.1 Structure, Not Content

The constraint network learns distributional properties of how positions relate to each other in embedding
space, not the content at any individual position. In text, a sentence about nuclear physics and a sentence
about basketball have different embeddings, but the model cares about whether the transition follows pat-
terns learned from coherent text. In vision, a patch showing skin and a patch showing hair have different
features, but the model cares about whether the texture transition between them is consistent with natural
faces.

5.2 Why Generalization Works

The 87.2% accuracy on unseen text corruptions and 0.850 AUC on unseen deepfakes require explanation. The
model was never trained on role/title swaps, yet detects them at 100%. It was never trained on deepfakes,
yet detects face swaps at 85%.

To investigate, we measure how each corruption type perturbs the constraint network’s internal represen-
tations. For each of 100 paragraphs and each of 15 corruption types, we compute the displacement vector:
the mean-pooled representation of the corrupted text minus the mean-pooled representation of the coherent
original, taken from the layer immediately before the energy head. We then compute the cosine similarity
between the mean displacement vectors across all corruption types (Appendix D, Table 8).

The result is striking: 13 of 15 corruption types produce displacement vectors with pairwise cosine similarity
0.80-0.98. The model has learned a dominant direction in representation space that corresponds to “deviation
from coherence.” Shuffled text, negated claims, swapped entities, shifted tenses, broken bridging references,
and swapped role titles all push representations along this shared direction. Generalization to unseen cor-
ruption types works because the model has learned a coherence boundary, and most violations—regardless
of their specific mechanism—cross it. Topic splice (0.51-0.79 similarity) and role/title swap (0.61-0.80) are
partial outliers that deviate from the dominant direction, yet are still detected reliably (98% and 100%
respectively), suggesting that “somewhat off the dominant direction” still crosses the boundary even if not
maximally aligned with it.

The repetition corruption confirms this interpretation from the negative direction. Its displacement vectors
have near-zero similarity with all other corruptions (0.10-0.24), meaning the representation barely moves.
The model correctly identifies nothing structurally wrong: each repeated sentence is individually well-formed
and present in the original paragraph. The one corruption that does not push along the “away from coherent”
direction is the one corruption the model fails to detect (44%). This is not a deficiency in the experiment—it
is the experiment working: the displacement analysis predicts both the successes and the failure.

Two secondary observations add detail. First, within the dominant direction, referential corruptions form
the tightest sub-cluster: entity_swap <+ desc_ swap = 0.981, entity_swap <+ name_ sub = 0.956, desc_ swap
< bridging = 0.968. The model has some capacity to distinguish violation types, though this secondary
structure is much weaker than the primary coherence boundary. Second, topic splice is the most distinct
non-repetition corruption (0.51-0.79 similarity with others), consistent with its qualitatively different nature:
it replaces content entirely rather than perturbing it.

The encoder diagnostic provides the necessary condition for all of this: the encoder must preserve the relevant
features (Section 5.3). The displacement analysis provides the geometric mechanism: corruptions that the
encoder can distinguish from coherent text all push in a shared direction, enabling detection of unseen
violations by the same boundary that catches trained ones.
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The alpha ablation (Appendix E) provides one additional data point: the max term in the energy aggregator
matters more as the test distribution moves further from training. In-distribution FF++ methods show
+0.003 AUC sensitivity to «, while cross-dataset Celeb-DF shows 0.064 improvement from =0 to a=0.5
(0.810 — 0.874). This is consistent with out-of-distribution violations producing sparser, more localized
energy spikes that the max term captures—though it does not prove it.

This is the theoretical justification for corruption-as-specification: the corruption is not what the model
detects. The structural property is. The corruption merely specifies which property to learn. The training
signal is upstream of the test task—derived from a specification of structural coherence rather than from the
test distribution’s artifact statistics. A model trained on texture splice does not “know about” deepfakes; it
knows about regional compatibility, and deepfakes happen to violate it.

5.3 The Encoder as Feature Space

The constraint network can only learn structure that exists in its input representations:

In text, MiniLM compresses shuffled and unshuffled paragraphs into similar vectors—discourse ordering
violations become invisible. BERT preserves word order and entity identity—detection becomes possible.
Switching encoders at the same data scale lifted accuracy from 54.5% to 93.4%.

In vision, a corruption alignment diagnostic showed DINOv2 encodes structural features well (texture bound-
aries, lighting gradients) but is blind to frequency-domain features (high-frequency texture loss, spectral
power distribution). This motivated the multi-branch architecture: the structural branch detects what
DINOvV2 can see; the frequency branch processes a rendered heatmap view to detect what DINOv2 misses.

Practical implication: before designing corruption strategies, verify that the encoder preserves the relevant
features. Embedding distance diagnostics provide a simple gate.

6 Representation Compatibility for Composable Constraints

Adding frequency detection as a composable second branch required extensive investigation. Five approaches
failed—concatenating different feature types, parallel networks with different encoders, learned gating—all
achieving less than 3% frequency contribution. The consistent failure: features from different representation
spaces produce energies on incompatible scales, allowing one branch to dominate.

The resolution: both branches must process features from the same frozen encoder. Rendering fre-
quency statistics as an RGB image and encoding through the same DINOv2 produced 44.4% frequency
contribution—representation compatibility by construction. The detailed investigation timeline is provided
in Appendix A.

This principle generalizes: any system composing multiple energy-based constraints must ensure the energies
are on comparable scales. The simplest way is to process all views through the same encoder, ensuring the
constraint networks operate in the same feature space.

7 Integration with Generative Models

The constraint network integrates with language models by adding its energy as a regularization term during
fine-tuning:

Liotar = LLm + A(t) - E(bridge(h)) (4)
where h are hidden states from a chosen layer, bridge(-) projects them into the constraint network’s input
space, and \(t) follows a sigmoid warmup schedule. Using LoRA fine-tuning of Pythia-160m (Biderman et al.,
2023), the constrained model produces outputs with 1.64 lower energy than baseline at 0.05% perplexity
cost.

Three technical challenges required solutions: bridge collapse (prevented by reconstruction loss), distribu-
tion mismatch (solved by aligning bridge outputs to pre-computed BERT embeddings), and co-adaptation
instability (addressed by freeze-then-unfreeze with exponential moving average smoothing).

10



Under review as submission to TMLR

8 Limitations and Future Work

Encoder ceiling: DINOv2’s 14 x 14 pixel patches cannot encode sub-patch texture variations—the granu-
larity at which NeuralTextures and GAN smoothing artifacts occur. Upgrading to higher-resolution encoders
requires changing only the input projection layer.

Per-sample gating: Dataset-level gating correctly enables/disables the frequency branch across datasets
but cannot modulate per-image. Per-sample confidence estimation for composable constraints remains open.

Repetition in text: Verbatim repetition of an earlier sentence is detected at only 44%—locally coherent
at the representation level, a genuine limitation of operating on embeddings.

Absolute vs. paired scoring: The model works reliably as a paired comparator but energy values are not
fully comparable across different topics or domains.

Generalization theory: The displacement analysis (Section 5.2) shows that the model learns a unified
coherence boundary rather than category-specific detectors, which explains generalization to unseen corrup-
tion types. However, in common with other corruption-based and contrastive methods, we lack a predictive
theory of which unseen violations will be detected and at what accuracy. The encoder diagnostic provides
a necessary condition; the displacement analysis provides a geometric mechanism; but a formal predictive
model remains an open problem for self-supervised representation learning broadly.

Benchmark coverage: Vision evaluation uses FF++ and Celeb-DF. We have not tested on Celeb-
DF++ (Li et al., 2025), the recently released harder benchmark where even SOTA detectors show ~7%
AUC drops, nor on DFDC. Our contribution is the cross-modal architecture and corruption-as-specification
framework; broader benchmark evaluation would strengthen the empirical case and is planned as future
work.

Future extensions: The framework requires only new corruption strategies to extend to new domains—
video (temporal coherence via inter-frame corruptions), code (type/scope violations), audio (spectral con-
sistency). The composable branch architecture enables incremental addition without retraining existing
branches. The displacement analysis (Section 5.2) suggests a predictive diagnostic for new domains: candi-
date corruption sets can be evaluated by their displacement vector geometry before full training, predicting
whether they will produce a unified coherence boundary or fragment into incompatible directions.

9 Related Work

Discourse coherence: Entity-grid models (Barzilay & Lapata, 2008) and neural approaches (Li & Hovy,
2014) require labeled data or explicit discourse relations. Our approach learns coherence from corruption-
generated contrastive pairs.

Deepfake detection: Face X-ray (Li et al., 2020a) detects blending boundaries; RECCE (Cao et al., 2022)
uses reconstruction-based methods. These methods are end-to-end trained on specific deepfake types and
predate the foundation-model approach our work shares with (Yermakov et al., 2025; Cheng et al., 2025; Xia
et al., 2026; Yan et al., 2025).

Foundation-model deepfake detection: Recent work has converged on frozen or minimally-adapted
foundation encoders as the basis for generalizable detection. GenD (Yermakov et al., 2025) fine-tunes only
the LayerNorm parameters of DINO/CLIP/PE encoders (0.03% of total) and reports state-of-the-art cross-
dataset video-level AUROC across 14 benchmarks. Effort (Yan et al., 2025) adapts foundation models
via orthogonal subspace decomposition. DFF-Adapter (Xia et al., 2026) inserts adapter heads into every
DINOv2 transformer block. Independent analysis of frozen DINOv3 (Cheng et al., 2025) argues that frozen
foundation models may already act as effective cross-generator detectors, and that large-scale adaptation can
bias representations toward generator-specific artifacts. Our approach shares the frozen-encoder philosophy
but differs structurally: we add no adaptation to the encoder, instead building a separate structural-reasoning
module on its frozen patch features. This separation is what enables cross-modal transfer—the same trained
constraint network can be repointed at a different encoder via a single projection layer change, while encoder-
adaptation methods are tied to their specific encoder.

11
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Energy-based models: Residual energy-based models for text (Deng et al., 2020) operate at the sequence
level without per-position decomposition or cross-modal application.

Contrastive learning: SimCSE (Gao et al., 2021) uses generic noise for sentence embeddings. Our cor-
ruption strategies are structurally targeted—each breaks a specific property.

Self-supervised vision: DINOv2 (Oquab et al., 2024) provides the frozen patch features our vision branches
operate on. Our contribution is the structural evaluation layer that detects coherence violations in these
features.

10 Conclusion

Energy-based constraint networks learn structural coherence as a global distributional property of sequences,
complementing the local conditional distributions that generative models capture. The architecture separates
feature extraction (frozen encoders), structural reasoning (trainable constraint networks), and violation
specification (corruption strategies), enabling cross-modal transfer with minimal parameters.

The key insight is that corruption-as-specification defines structural properties implicitly: you teach the
system what structure to enforce by choosing what to break. The model then learns the underlying property,
not the specific corruption—generalizing to violations it was never trained on in both text (87.2% on unseen
types) and vision (0.850 AUC on unseen deepfake methods).

When combined with real-world paired data and composed with specialist branches, the system achieves
0.870 AUC on cross-dataset deepfake detection (mean over 5 seeds, £0.019), competitive with systems using
2-3x more parameters and end-to-end training. The framework is encoder-agnostic and domain-agnostic—
extending to new modalities requires only new corruption strategies and, optionally, paired data.

The broader implication is that structural coherence may be a more general and more portable property than
typically assumed. The same architecture, trained with the same procedure, detects discourse violations in
text and manipulation artifacts in images. Language models learn what comes next; this system learns what
belongs together. The two are complementary, and their combination—a generator shaped by a structural
prior—offers a principled alternative to post-hoc filtering or task-specific classifiers.

Broader Impact Statement

This work presents a general framework for detecting structural violations in text and images. In deepfake
detection, the technology supports media authenticity verification, which has positive societal implications.
However, as with any detection technology, it could inform adversaries seeking to evade detection. We
believe the benefits of open research in this area outweigh the risks, as detection methods must be publicly
understood to be trusted.

References

Regina Barzilay and Mirella Lapata. Modeling local coherence: An entity-based approach. Computational
Linguistics, 34(1):1-34, 2008.

Stella Biderman, Hailey Schoelkopf, Quentin Anthony, et al. Pythia: A suite for analyzing large language
models across training and scaling. In ICML, 2023.

Junyi Cao, Chao Ma, Taiping Yao, Shen Chen, Shouhong Ding, and Xiaokang Yang. End-to-end
reconstruction-classification learning for face forgery detection. In CVPR, 2022.

Guangliang Cheng et al. Rethinking cross-generator image forgery detection through DINOv3.
arXiv:2511.22471, 2025.

Yuntian Deng, Anton Bakhtin, Myle Ott, Arthur Szlam, and Marc’Aurelio Ranzato. Residual energy-based
models for text generation. In ICLR, 2020.

12



Under review as submission to TMLR

Tianyu Gao, Xingcheng Yao, and Danqi Chen. SimCSE: Simple contrastive learning of sentence embeddings.
In EMNLP, 2021.

Jiwei Li and Eduard Hovy. A model of coherence based on distributed sentence representation. In FMNLP,
2014.

Lingzhi Li, Jianmin Bao, Ting Zhang, Hao Yang, Dong Chen, Fang Wen, and Baining Guo. Face X-ray for
more general face forgery detection. In CVPR, 2020a.

Yuezun Li, Xin Yang, Pu Sun, Honggang Qi, and Siwei Lyu. Celeb-DF: A large-scale challenging dataset
for deepfake forensics. In CVPR, 2020b.

Yuezun Li, Xin Yang, Pu Sun, Honggang Qi, and Siwei Lyu. Celeb-DF++: A large-scale challenging video
deepfake benchmark for generalizable forensics. arXiv:2507.18015, 2025.

Stephen Merity, Caiming Xiong, James Bradbury, and Richard Socher. Pointer sentinel mixture models. In
ICLR, 2017.

Maxime Oquab, Timothée Darcet, Théo Moutakanni, et al. DINOv2: Learning robust visual features without
supervision. TMLR, 2024.

Andreas Rossler, Davide Cozzolino, Luisa Verdoliva, Christian Riess, Justus Thies, and Matthias Niefiner.
FaceForensics++: Learning to detect manipulated facial images. In ICCV, 2019.

Xuan Xia et al. Fine-grained DINO tuning with dual supervision for face forgery detection. In AAAI 2026.

Zhiyuan Yan, Jiangning Wang, Zheng Wang, et al. Orthogonal subspace decomposition for generalizable
Al-generated image detection. In ICML, 2025.

Andrey Yermakov, Jan Cech, Jiri Matas, and Mario Fritz. Deepfake detection that generalizes across
benchmarks. arXiv:2508.06248, 2025.

A Frequency Feature Investigation

Table 6: Approaches to incorporating frequency features. Only processing both views through the same
frozen encoder achieved meaningful frequency contribution.

Approach Freq. contribution Issue

SRM concat (808 dims) ~0% Projection zeroed frequency columns
Dual network + SRM <3% Incompatible energy scales
Freeze-then-unfreeze ~10% (unstable) Structural branch destabilized
Learned CNN encoder ~0% Unstable gradient dynamics
Heatmap — small SSM <1% Too sparse for SSM
DINOv2(heatmap) — single net — SSM domain-switch failure
DINOv2(heatmap) — separate net 44.4% Compatible representations

B Experimental Configuration
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Table 7: Configuration details for both domains.

Parameter Text Vision

Encoder BERT-base (110M, frozen) DINOv2 ViT-B/14 (86M, frozen)
Input representation 8-token windows 16x16 patches

Positions per input <32 256

Embedding dim 768 768

Trainable params 7.4M 3.6M per branch

Training data 50K Wikipedia paragraphs FF++ (real/fake pairs)
Corruption types 6 trained, 9 held out 4 (texture, lighting, smoothing, blur)
Training time ~45 min ~30 min per branch

C Concrete Text Detection Examples

The following examples show real model outputs. Per-position energy values are from the BERT-trained
constraint network. Corrupted sentences are marked with ».

Example 1: Tense shift (trained, A = +2.15)
Coherent (E = +1.36):

[+1.45] Returning to Australia, Headlam became Deputy Chief of the Air Staff
(DCAS) on 26 January 1965.

[+0.93] He was appointed a Companion of the Order of the Bath in
recognition of distinguished service in the Borneo Territories.

[+1.13] His tenure as DCAS coincided with the most significant rearmament
program the Air Force had undertaken since World War II.

Corrupted (E = 4+3.52, A = +2.15):

[+2.13] Returning to Australia, Headlam became Deputy Chief of the Air Staff...

[+1.54] He was appointed a Companion of the Order of the Bath...

[+1.97] » His tenure as DCAS coincided with the most significant rearmament
program the Air Force has undertaken since World War II.

[+0.94] » The first RAAF helicopters are committed to the Vietnam War...

Example 2: Topic splice (trained, A = +2.14)

Coherent (E = +1.51): Military history paragraph about RAAF operations.

Corrupted (E = +3.65): Two middle sentences replaced with tropical storm text. Spliced sentences
produce the highest per-position energies (+4.07, +3.96). Surrounding unchanged sentences also spike
(4+1.26 — 43.48)—the violation destroys the structural context.

Example 3: Role/title swap (unseen, A = +1.38)

This corruption was never in training data. “The captain noted that” is injected into text about a wing
commander. The corrupted position scores +3.61 (highest in sequence), with disruption propagating to
all surrounding positions. The model has learned that role references must be consistent with established
context—a structural property it was never explicitly taught.

D Displacement Vector Analysis

For each corruption type, we compute the mean displacement vector in the constraint network’s internal
representation space: the average difference between the representation of corrupted text and the represen-
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tation of its coherent original, taken from the layer immediately before the energy head. Table 8 shows the
pairwise cosine similarity between these mean displacement vectors across all 15 corruption types.

Table 8: Cosine similarity between mean displacement vectors. [T]| = trained, [U] = unseen. Most corrup-
tions share a dominant “away from coherent” direction (0.80-0.98). Repetition is the clear outlier (~0.1),
consistent with its 44% detection rate.

s & 5 £ £ Z |5 &£ 5§ £ 5 8 F F

Ed IS & " 8 & IS o kS £ g & Q& IS
shuffle | 1.00 .95 .95 .95 .92 .74 .95 .95 .89 .93 .70 .84 .14 .86 .95
negate | .95 1.00 .93 .92 .90 69 93 .93 .89 88 72 .86 A7 .85 .93
entity .95 .93 1.00 .94 .90 75 96 .98 91 93 67 .83 .23 .83 .95
tense .95 .92 .94 1.00 .92 79 93 93 .87 93 63 .81 .22 81 .92
coref .92 .90 .90 92 1.00 76 91 90 .83 91 61 77 A7 7 .89

topic .74 .69 .75 .79 .76 1.00 | .77 73 .60 79 .22 .51 .24 .51 .69

name .95 .93 .96 .93 91 77 | 1.00 .96 .89 92 .67 .82 .16 .81 .95
desc .95 .93 .98 .93 .90 .73 96  1.00 .93 93 .70 .84 .15 .82 .97
demo .89 .89 .91 .87 .83 .60 .89 .93 1.00 .86 .80 .88 12 .84 91
sg/pl .93 .88 .93 .93 91 .79 .92 .93 .86 1.00 .59 .76 .16 .76 .90
role .70 72 .67 .63 .61 .22 .67 .70 .80 .59 1.00 .82 -.03 .76 72
temp .84 .86 .83 .81 N .51 .82 .84 .88 .76 .82 1.00 .12 .87 .84
repet .14 17 .23 .22 .17 .24 | .16 .15 .12 .16 -.03 .12 1.00 .11 .10
num .86 .85 .83 .81 77 .51 .81 .82 .84 .76 .76 .87 .11 1.00 .85
bridge | .95 .93 .95 .92 .89 .69 95 .97 .91 90 .72 .84 .10 .85 1.00

Three observations:

Unified coherence boundary. 13 of 15 corruption types produce displacement vectors with pairwise
similarity 0.80-0.98. The model has learned a single dominant direction in representation space corresponding
to “deviation from coherence.” This explains generalization: unseen corruptions are detected because they
push along the same direction that trained corruptions defined.

Repetition is geometrically absent. Repetition’s displacement vectors have near-zero similarity with all
other corruption types (0.10-0.24). The representation barely moves because a paragraph with a repeated
sentence contains the same individually well-formed sentences as the original. The 44% detection rate is
predicted by this geometry: the corruption does not cross the coherence boundary.

Secondary structure exists but is weak. Within the dominant direction, referential corruptions form
the tightest sub-cluster (entity < desc = 0.98, desc «+ bridge = 0.97). Topic splice is the most distinct
non-repetition corruption (0.51-0.79), consistent with its qualitatively different nature of replacing content
entirely rather than perturbing it. These secondary directions may encode violation type, but the primary
detection mechanism is the shared coherence boundary.

The analysis uses 100 paragraphs per corruption type. The qualitative pattern—dominant shared direction
at 0.85+ versus repetition at 0.10-0.24—is stable across random subsamples of 50 paragraphs, with individual
cosine values varying by £0.02-0.05.

E Alpha Sensitivity Analysis

We ablate the energy aggregation coefficient o in F(x) = mean(e;) + « - max(e;) across both domains. In
vision, we train all three branches with o € {0.0,0.1,0.2,0.3,0.5,1.0} at fixed seed. In text, we train the
constraint network with the same « values. a = 0 reduces to pure mean aggregation; higher values weight
the worst-case position more heavily.

Text domain:

Four observations emerge across both modalities.
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Table 9: Alpha ablation: combined three-branch AUC on vision benchmarks.
a Deepfakes Face2Face FaceSwap NT  FaceShifter Celeb-DF

0.0 0.956 0.910 0.922 0.849 0.892 0.810
0.1 0.957 0.909 0.917 0.869 0.895 0.793
0.2 0.958 0.911 0.918 0.876 0.897 0.842
0.3 0.956 0.904 0.916 0.888 0.897 0.863
0.5 0.962 0.910 0.921 0.874 0.897 0.874
1.0 0.962 0.913 0.918 0.879 0.897 0.858

Table 10: Alpha ablation: structural branch only (isolates the « effect from branch composition).

a Deepfakes Face2Face FaceSwap NT  FaceShifter Celeb-DF

0.0 0.958 0.914 0.923 0.801 0.894 0.782
0.1 0.958 0.911 0.917 0.803 0.895 0.765
0.2 0.956 0.910 0.914 0.798 0.892 0.779
0.3 0.958 0.910 0.913 0.802 0.897 0.804
0.5 0.959 0.910 0.915 0.799 0.892 0.791
1.0 0.957 0.908 0.911 0.798 0.887 0.789

Table 11: Alpha ablation: text domain validation accuracy by corruption type. Tense shift (60%) and
coreference break (65—67%) show lower raw accuracy than in Table 1 because this validation includes silent
corruption failures (where the corruption returns unchanged text); Table 1 counts only pairs where the
corruption actually modified the text, yielding 100% for both. The « sensitivity is zero for both types
regardless of filtering.

a Overall Shuffle Negate Entity Tense Coref Topic

0.0 0.792 86% 94% 82% 60% 67% 86%
0.1 0.785 86% 93% 81% 60% 65% 86%
0.2 0.786 86% 93% 81% 60% 66% 86%
0.3 0.787 86% 93% 81% 60% 66% 86%
0.5 0.784 85% 93% 81% 60% 66% 86%
1.0 0.770 82% 93% 80% 60% 65% 84%

First, a is insensitive in [0.0,0.5] in both domains. Text varies by +0.004 (0.784-0.792); vision in-distribution
varies by £0.003 on FF++ Deepfakes. Only « = 1.0 shows meaningful degradation in text (—0.022),
suggesting the max term becomes dominant and overwhelms the mean signal at high values.

Second, the max term’s contribution is most visible in cross-domain transfer. Vision cross-dataset Celeb-DF
improves 0.064 from o =0 to « = 0.5 (0.810 — 0.874). In text, the effect is negligible—consistent with
the displacement analysis (Section 5.2), which showed text corruptions produce broad displacement vectors
(0.80—-0.98 cosine similarity) that the mean term already captures. Vision cross-dataset violations appear to
produce sparser, more localized energy spikes where the max term adds information.

Third, per-type sensitivity in text is minimal: shuffle, negate, tense shift, and topic splice are essentially
unchanged across a € [0.0,0.5]. The structural branch in vision (Table 10) shows similar stability, varying
by 4+0.001 on Deepfakes.

Fourth, the value o = 0.3, selected in the text domain and transferred to vision without retuning, falls in the
stable region for both modalities. Any value in [0.2,0.5] would produce comparable results in both domains,
confirming that the qualitative role of the max term matters more than its precise weight, and that a single
hyperparameter transfers across modalities without adjustment.
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