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Abstract

Forecasting abnormal human behavior (AHB) in uncon-
strained real-world environments is critical for enabling
proactive safety interventions. Unlike short-term anomaly
detection, long-horizon forecasting offers a vital reaction
window but remains underexplored due to three core chal-
lenges: (i) noisy, complex human—agent interactions, (ii)
weak temporal coupling between normal observations and
distant anomalies; and (iii) data scarcity limiting the scal-
ability of autoregressive models. To address these, we pro-
pose D3P (Denoise, Divide, Distill, and Predict), a novel
encoder—decoder framework that bridges denoised pasts
with distilled autoregressive futures. Our Differential Past
Encoder (DiPE) disentangles scene-level and object-level
dynamics via differential attention, suppressing irrelevant
interactions and enhancing discriminative cues. The Dis-
tilled Future Auto-Regressive Decoder (D-FAD) adopts a
divide-and-conquer strategy, segmenting future queries into
temporal chunks for sequential prediction, while leveraging
distillation to balance robustness and latency. We validate
our approach on the AHB-F benchmark, the only dataset
dedicated to abnormal behavior forecasting, and further in-
tegrate D-FAD with several state-of-the-art methods. In all
cases, our framework consistently outperforms prior work
in both forecasting accuracy and computational efficiency.

1. Introduction

Abnormal human behavior (AHB) in real-world environ-
ments, such as theft, aggression, or panic poses severe risks
to both individuals and infrastructure. These events are rare,
subtle, complex, and deeply entangled with normal interac-
tions, making them notoriously difficult to forecast. While
video-based anomaly detection has traditionally been ac-
tive, recent efforts have shifted towards proactive forecast-
ing, seeking to recognize the early signs of anomalies before
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they unfold. In real-world scenarios, long-horizon forecast-
ing is far more valuable as it provides the critical reaction
window needed for preventive intervention.

Despite its importance, robust long-term anomaly fore-
casting from normal-only observations remains underex-
plored, hindered by three fundamental challenges: (I) Com-
plexity in human-agent interactions and surrounding
noise : Real-world scenes are crowded, unstructured, and
filled with noisy dynamics. Human behaviors are uncon-
strained and context-dependent, with subtle object-level
cues buried under noisy scene dynamics. For instance, pre-
dicting a shoplifting event emerging from normal shopping
activity requires disentangling discriminative cues from
overwhelming background noise. (II) Weak coupling be-
tween present and distant future: When only normal
frames are observed, the link to a distant abnormal outcome
is negligible. This exacerbates uncertainty and makes mod-
els prone to error propagation in long-horizon prediction.
(IIT) Data scarcity vs. autoregressive capacity : While
large language models (LLMs) like GPT [3] and LLaMA
[49] excel at long-range autoregression, their success hinges
on massive training datasets. In anomaly forecasting,
domain-specific video data is scarce, and naively applying
large autoregressive decoders incurs severe data—parameter
imbalance and huge inference latency. These challenges
lead to the central question: How can we design a robust,
low-latency framework for long-horizon anomaly fore-
casting in unconstrained, real-world settings?

To address this, we propose D3P (Denoise, Divide, Dis-
till, and Predict), a novel encoder—decoder framework that
bridges denoised pasts with distilled autoregressive futures
(see Fig. 1). It is powered by two complementary com-
ponents:(A) Differential Past Encoder (DiPE) : Designed
to suppress irrelevant interactions and emphasize discrimi-
native cues. DiPE disentangles temporal—spatial dynamics
by separately modeling scene-level and object-level inter-
actions. Through differential attention, it sharpens the rep-



resentation of normal behavior by eliminating the irrelevant
features, thereby reducing uncertainty about their abnormal
continuations. (B) Distilled Future Auto-Regressive De-
coder (D-FAD) : To combat the weak coupling between
present and distant future, D-FAD adopts a divide-and-
conquer autoregressive strategy. Future queries are split
into smaller temporal chunks; each is predicted locally and
passed forward sequentially, enabling predictions at earlier
horizons to bootstrap accuracy at later horizons. To bal-
ance performance and efficiency, D-FAD incorporates dis-
tillation against a classical transformer decoder, achieving
robustness in long-term forecasting while mitigating param-
eter overhead and latency. Additionally, D-FAD can be
adopted to any state-of-the-art methods in a plug-and-play
manner to further enhance the long-horizon prediction effi-
cacy. To the best of our knowledge, D3P is the first frame-
work to systematically bridge denoised pasts with distilled
autoregressive futures for real-world long-horizon anomaly
forecasting, offering both predictive accuracy and practical
efficiency.

To summarize, our contributions are in three-folds.

We propose D3P, the first encoder—decoder framework
that bridges denoised pasts (DiPE) with distilled au-
toregressive futures (D-FAD) for robust long-horizon
anomaly forecasting from normal-only observations.

We design D-FAD, a divide-and-conquer autoregressive
decoder that predicts future queries sequentially, miti-
gates weak past—future coupling, and leverages knowl-
edge distillation for efficiency. D-FAD is plug-and-play
and consistently improves SoTA models.

We conduct extensive experiments on the AHB-F bench-
mark, the only available dataset for abnormal human be-
havior forecasting, and further validate D-FAD across
multiple SoTA architectures. Our method consistently
outperforms prior approaches in both forecasting accu-
racy and efficiency.

2. Related Work

Action Anticipation. Action anticipation has been stud-
ied in both third-person [1, 6, 16, 41, 50] and egocentric set-
tings [11, 12, 14, 18, 39]. Early approaches relied on recur-
rent models [12, 13, 36, 45], where a rolling LSTM encodes
observations and an unrolled LSTM predicts future actions.
While effective on short clips, RNNs struggle to preserve
long-range temporal dependencies and multi-actor interac-
tions typical of real footage. Transformers have therefore
become the de-facto backbone [17, 18, 20, 33, 34, 39, 43,
44, 52, 54, 61], leveraging global attention, intention con-
ditioning, and hierarchical aggregation. However, these ar-
chitectures are commonly validated on relatively simple ac-
tivity sets and often assume a single dominant event stream.
In cluttered scenes with concurrent actions, limited super-
vision, and noisy dynamics, their global attention becomes
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diffuse and optimization favors salient but not necessarily
predictive cues, leading to brittle long-horizon anticipation.

Generative Anticipation. Generative formula-
tions synthesize multiple plausible futures using U-
Net/GAN/diffusion variants [4, 15, 57, 58, 63]. By
explicitly modeling uncertainty, they can capture diverse
outcomes; yet, the same past can map to many equally
likely futures, yielding non-deterministic predictions and
evaluation ambiguity. Moreover, pixel- or token-level gen-
eration can be computationally heavy and may drift from
the task objective (action or anomaly labels), especially
when training data are sparse.

Auto-Regressive and LLM-Driven Forecasting. In-
spired by large language models [3, 10, 49], recent works
forecast with textual reasoning only (e.g., antGPT [60],
PalLM-based [21]) or multimodally while retaining visual
tokens (ICVL [5], PlausiVL [35]). These approaches ben-
efit from world knowledge and semantic generalization,
but remain highly prompt- and context-dependent. In real-
world anticipation where future events are open-ended, con-
current, and weakly specified LLM outputs can be inconsis-
tent across prompts and sensitive to dataset biases, limiting
reliable deployment.

Video Anomaly Understanding. VAD has progressed
along online/offline regimes with weakly supervised MIL
formulations [2, 9, 24, 26-32, 37, 46, 51, 53, 56, 59, 62],
often evaluated on UCF-Crime [46], XD-Violence [53],
ShanghaiTech [25], and IITB-Corridor [42]. Classical
pipelines emphasize motion magnitude (e.g., TCN [23]
with optical flow [47]) and thus favor sharp scene anoma-
lies, while missing subtle human-centric cues. Context-
relation models (e.g., MTN [48]) and more recent trans-
former designs [7] introduce global-local reasoning; never-
theless, their magnitude-driven objectives continue to over-
weight conspicuous scene changes, under-representing fine-
grained human interactions that often precede anomalies.
Crucially, prior VAD work focuses on detection, not antic-
ipation leaving the question of when future anomalies will
occur largely unexplored.

Across these threads, three limitations persist: (i) an-
ticipation models excel on simple, single-stream activi-
ties but degrade with concurrent events ; (ii) generative
and LLM-driven approaches produce non-deterministic,
prompt-sensitive forecasts misaligned with label-level ob-
jectives; and (iii) VAD pipelines emphasize detection
of salient scene shocks rather than forecasting subtle,
human-driven precursors. These gaps motivate our frame-
work, which targets real-world anomaly anticipation by
(a) extracting discriminative, interaction-aware representa-
tions from normal pasts, (b) performing label-level, auto-



dre f

Past Normal
Observation

Future Anomaly
A

¢ Y Y
[ Scene ] [ Text ] [Object ]/

\ 4 4 A

A
1|
L oo TR L

Score Combine

Aq

Zero Token
[0000000]

Aty

Aty

tx D

txkxD
txkxD

At x D

A A

L1 L2
Interaction Interaction

B2

Interaction
Fusion

S}

Concat

Sequential Chunking

.
e

Cross Attention ++
(CA++)

Cross Attention ++
(CA++)

D I B | A B

Differential Past Encoder (DiPE)

Distilled Future Auto-Regressive Decoder (D-FAD)

Figure 1. Overview of the proposed D*P framework for anomaly forecasting. The Differential Past Encoder (DiPE) captures discriminative
cues from past normal observations by modeling multi-level interactions (scene, text, object) and fusing them into robust representations.
The Distilled Future Auto-Regressive Decoder (D-FAD) then generates sequential future predictions via a divide-and-conquer strategy,
where learnable anticipation queries are refined through stacked cross-attention++ modules and distilled into compact predictions

regressive forecasting that remains deterministic and data-
efficient, and (c) explicitly accounting for long-horizons
while preserving subtle human-centric cues.

3. Preliminaries

Long-horizon anomaly forecasting from normal-only ob-
servations poses a unique challenge in video understand-
ing, where the goal is to anticipate future abnormal events
solely on temporally distant, non-anomalous precursors.
Formally, given a sequence of normal observations X =
{x1,z9,..., 2}, the task is to predict a future sequence
y = {Yt+1,---,Yt+at} using a forecasting function F
such that 37 = F(X;0), where 0 denotes the model parame-
ters. As the anticipation horizon At increases, the semantic
coupling between X and ) weakens, leading to elevated
predictive uncertainty. This uncertainty quantified by the
entropy H(Y) = — 32110 Yoee p(yi = ) logp(ys = ©)
over behavior classes C—is exacerbated by noise amplifi-
cation and semantic drift in unconstrained environments.
Minimizing this long-term temporal uncertainty is crucial
for reliable forecasting, as it enables the model to suppress
irrelevant dynamics and focus on subtle, discriminative cues
that precede anomalies. The D3P framework is explicitly
designed to address this challenge by denoising past repre-
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sentations and distilling future predictions through autore-
gressive refinement, thereby enhancing both accuracy and
temporal stability in anomaly anticipation.

4. Proposed D’P Framework

We present D°P (Denoise, Divide, Distill, and Predict),
a novel encoder-decoder architecture tailored for long-
horizon anomaly forecasting from normal-only observa-
tions. The key principle behind D3P is twofold: (i) de-
noise past representations to filter irrelevant human-agent
interactions, and (ii) distill autoregressive futures to stabi-
lize long-range predictions. This design explicitly addresses
the three fundamental challenges outlined earlier: (1) noisy
and redundant dynamics, (2) weak temporal coupling be-
tween present and distant abnormal futures, and (3) limited
data availability versus the heavy capacity of autoregressive
models. As illustrated in Fig. 1, the framework consists
of two complementary modules: the Differential Past En-
coder (DiPE) and the Distilled Future Auto-Regressive
Decoder (D-FAD).

4.1. Feature Extraction

Given a temporal observation window of ¢ frames, we ex-
tract multi-modal features that capture complementary se-



mantics at the scene, object, and language levels. We
employ Mask2Former [8] for panoptic segmentation and
CLIP [40] for shared vision-language encoding:

Object Features: Object instances are cropped and
passed through CLIP’s image encoder to obtain embed-
dings Fp € RE*kXD wwhere k is the number of detected
objects per frame.

Text Features: Object category labels are encoded with
CLIP’s text encoder, yielding Fi, € RE*FXD,

Scene Features: Holistic frame-level embeddings Fig €
R**P are extracted using CLIP’s image encoder.

This tri-modal feature space provides the foundation for
DiPE, enabling fine-grained modeling of spatio-temporal
context and early discriminative cues within normal obser-
vations.

4.2. Differential Past Encoder (DiPE)

The goal of DiPE is to construct a denoised and discrimina-
tive representation of the past. Unlike conventional tempo-
ral encoders that aggregate features indiscriminately, DiPE
explicitly disentangles:

* Global Interaction Module: Encodes cross-temporal
dependencies between coarse scene features Fg and
pooled object features Fp. This emphasizes scene evo-
lution while filtering out redundant motion.

Local Interaction Module: Captures cross-spatial inter-
actions among objects and their textual labels. Temporal
pooling highlights persistent cues, ensuring subtle signals
(e.g., abnormal object handling) are retained while tran-
sient noise is suppressed.

Both modules are instantiated with Mamba blocks [19],
a state-space sequence model that scales linearly with input
length while preserving long-range dependencies, a key re-
quirement for extended horizons. For input x; € RP, the
latent state evolves as:

hy = Ahy_1 + By,
Yt = Chta

D
2

where A = exp(AA) encodes discretized dynamics.

To further suppress redundancy and noise, we take in-
spiration from the recent success of the differential trans-
former [55] in LLMs and propose a Cross-Attention++
(CA++) that uses a differential attention operator:

CA++ = (softmax(QlK;—) - )\softmax(QgKJ)) V, (3)

where A is a learnable weight. Unlike vanilla cross-
attention, CA++ explicitly subtracts redundant alignments,
sharpening cross-modal correlations.

Outputs from the two modules are integrated via an In-
teraction fusion that takes inspiration from NULL module
of [33] block, which adaptively weights scene- and object-
level cues based on predictive confidence. This produces
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embeddings 31, 2 € RY, which serve as denoised past rep-
resentations and input to D-FAD.

4.3. Distilled Future Auto-Regressive Decoder (D-
FAD)

While DiPE suppresses noise in the past encoder states,
the Distilled Future Auto-Regressive Decoder (D-FAD)
is designed to stabilize long-horizon forecasting. Unlike
conventional transformer decoders that predict all future
queries jointly, often compounding errors when the corre-
lation between past and future is weak, D-FAD adopts a
divide-and-conquer autoregressive strategy that refines
conventional decoding with sequential distillation.

Anticipation Queries with Conventional Decoder. A
set of learnable anticipation queries is defined as AQ €
RAXDP where At corresponds to the prediction horizon
and d is the embedding dimension. These queries inter-
act with encoded features (31, 82 through a stacked cross-
attention mechanism (CA++). The attended features are
then concatenated and projected via an MLP classifier to
produce initial logits A:

A = MLP(concat(CA++(81, AQ), CA++(B2, AQ))).
“)

Sequential Chunking with Autoregression. To mitigate
long-term error accumulation, D-FAD divides the full hori-
zon At into N sequential chunks { P;} ,, each responsible
for a short-term forecast. For training, chunk predictions are
conditioned autoregressively:
Piy1=CA++(P;,B1,p2), i=0,....N—1, (5
where Py = AQ. This recursive conditioning converts
long-horizon forecasting into a chain of near-term subprob-
lems, reducing semantic drift and leveraging short-term cer-
tainty to bootstrap long-range accuracy. However, such se-
quential decoding increases inference latency due to cumu-

lative autoregression.

Prediction Distillation. To preserve long-range reason-
ing while maintaining low latency, we distill autoregressive
predictions against the conventional decoder. Specifically,
given autoregressive logits A and conventional decoder
logits fl we define the distillation loss as
Laistin = || Aar — All2, (6)
where || - ||3 denotes the mean-squared-error. This
distillation enforces that autoregressive forecasts inherit the
stability and long-term consistency of full decoding, while
reducing parameters and latency at inference time.



Training Objective. The final loss for D-FAD combines
the action anticipation loss with the distillation regularizer:

(7

where A1, A, are balancing hyperparameters. The £4 loss
is defined with standard cross—entropy between action
A and logits A. This ensures that D-FAD achieves a trade-
off between short-term stability, long-term consistency, and
computational efficiency.

Together, DiPE and D-FAD form D3P a robust, low-
latency framework that systematically denoises complex
pasts and distills autoregressive futures, enabling accurate
long-horizon anomaly forecasting in real-world environ-
ments.

Lp-_rap = MLAYA, A) + NoLaisein,

5. Experiments
5.1. Dataset

We experiment our method on the Abnormal Human Be-
havior Forecast (AHB-F) dataset [33], the only AHB fore-
casting dataset available. Collecting abnormal behaviors
perpetuated by humans in real-world scenarios and scenes.
AHB-F contains 1470 videos separated with a 3/1 ratio in
1091 videos (31.03h) for training and 379 (9.90h) for test-
ing. The videos average 102.04 seconds for the training part
and 94.13 seconds for the testing part. AHB-F contains 26
types of human anomalies recorded in Close-Circuit Televi-
sion scenarios.

5.2. Evaluation Metrics

To investigate the performance of our method, we use an
evaluation protocol based on deterministic reference points
(Drer) splitting in two parts a video, the observation frames
and the future prediction frames. Aiming, for this task, to
observe only normal frames to predict the future occurrence
of an anomaly, the reference point (Dyf) is placed such that
the observation frames only contains normal frames and the
future prediction frames contains abnormal frames, normal
frames or both. In order to compare our results with pre-
vious we keep frame-level Top-I mean average precision
(mAP) for evaluation on the test set. We advocate that our
work is over-performing previous approaches on both short-
and long-term anticipation. In this optic we evaluate our
method on 3 short indicators” the mean mAP for 1,2 and 3
seconds in the future and 2 “’long indicators” the mean mAP
for 4 and 8 seconds. With this protocol, we are confident to
prove the robustness of D3P on all the anomaly instances
regardless of their length.

5.3. Implementation Details

We implement our model using Pytorch [38]. All our ex-
periences are performed on a system of 4 Nvidia V100
GPU. We evaluated our methods with 1,2,3 and 4 layers of
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Transformer Decoder when performing Cross-Attention++
(CA++) for D-FAD. For all our Transformer units, we set
the number of heads to 8 and hidden units to 128. For the
mamba units, we set the number of SSM state expansion
factor to 256, the convolution width to 16 and the expan-
sion factor to 4. Our method is trained for 100 epochs using
the Adam [22] optimizer with a learning rate of 0.0001.

6. Ablation Study

To systematically evaluate the design choices within our
D3P framework, we conduct a series of ablation studies fo-
cusing on both architectural components and training strate-
gies. These experiments are designed to isolate the contri-
butions of key modules namely the Differential Past En-
coder (DiPE) and the Distilled Future Auto-Regressive
Decoder (D-FAD) and to quantify their impact on forecast-
ing accuracy across short and long temporal horizons. By
varying encoder backbones, attention mechanisms, autore-
gressive chunking strategies, and distillation objectives, we
aim to uncover the optimal configuration for robust anomaly
anticipation. All results are reported on the AHB-F bench-
mark using Top-1 mAP, and demonstrate that each compo-
nent of D3P plays a critical role in enhancing temporal sta-
bility, discriminative power, and computational efficiency.

6.1. Impact of Mamba in Past Interaction Encoding

To assess the effectiveness of Mamba blocks within the Dif-
ferential Past Encoder (DiPE), we compare three configura-
tions: a baseline transformer-layer encoder (T.), a distilla-
tion setup from transformer to Mamba (Distill(T.,M.)), and
a pure Mamba-layer encoder (M.). As shown in Table 1, the
Mamba-layer variant achieves superior performance across
both short- and long-horizon forecasting. Specifically, it
yields a short-term average Top-1 mAP of 66.22% and
a long-term average of 63.19%, outperforming the trans-
former baseline (64.81% short, 61.74% long) and the distil-
lation variant (65.24% short, 62.39% long). These improve-
ments highlight Mamba’s ability to model long-range tem-
poral dependencies with linear complexity, which is critical
for capturing subtle behavioral cues in extended video se-
quences. Furthermore, the integration of Cross-Attention++
(CA++) with Mamba enhances cross-modal alignment by
subtracting redundant attention weights, thereby sharpen-
ing discriminative features and suppressing irrelevant dy-
namics. This synergy between state-space modeling and
differential attention enables DiPE to produce robust, noise-
resistant representations essential for anomaly anticipation.

6.2. Impact of Auto-Regression for Long-Horizon
Temporal Modeling

We further investigate in Table | the role of autoregres-
sive chunking in the Distilled Future Auto-Regressive De-
coder (D-FAD) by comparing three decoder variants: a con-



DiPE D-FAD Short (Top-1 mAP %) Long (Top-1 mAP %)
T. Distil(T.,,M.) M. | TD. AR. Distil(TD.,AR.) | 1sec. 2sec. 3sec. Avg 4sec. 8sec. Avg
v - - v - - 6596 64.64 63.85 064.81 | 63.85 59.63 061.74
- v - v - - 66.22 6490 64.64 6524 | 63.85 60.94 62.39
- - v v - - 6596 6649 6622 6622 | 6596 6042 63.19
- - v \ - v - \ 2242 38.25 49.07 36.58 \ 40.36 3535 37.85
- - voo- - v | 66.75 67.81 6728 67.28 | 6649 61.21 63.85

Table 1. Ablation study evaluating the impact of architectural choices in DiPE and D-FAD. We compare transformer-based encoding (T.),
Mamba-based encoding (M.), and distillation strategies (Distill(T.,M.)) for DiPE, alongside conventional Transformer decoding (TD.),
autoregressive chunking (AR.), and distillation (Distill(TD.,AR.)) for D-FAD.

D-FAD Chunks Laistill Short (Top-1 mAP %) Long (Top-1 mAP %)
N= MSE KL-Div. MAE. | 1sec. 2sec. 3sec. Avg | 4sec. 8sec. Avg

2 v - - 66.49 6543 6490 065.60 | 63.85 60.15 62.00

4 v - - 6596 67.81 6437 66.04 | 6437 59.89 62.13

8 v - - 66.75 64.64 65.17 6552 | 63.85 61.21 6253

16 v - - 6596 6490 6490 6525 | 64.64 6094 62.79

32 v - - 6622 6490 6437 65.16 | 64.11 60.68 62.39

8 - v - 6490 6437 64.64 6463 | 64.64 59.36 62.00

8 - - v 6622 65.17 6490 6543 | 64.11 60.15 62.13

Table 2. Ablation study on the design of D-FAD, analyzing the impact of autoregressive chunk granularity (/V) and distillation loss

formulation (La;sti11).

ventional transformer decoder (TD.), a pure autoregressive
strategy (AR.), and a distillation setup from autoregres-
sive to full transformer decoding refinement (Distill(TD.,
AR.)). Notably, the autoregressive-only configuration per-
forms poorly (36.58% short, 37.85% long), underscoring
the difficulty of learning stable long-horizon forecasts with-
out global guidance. In contrast, the distilled transformer
decoder achieves the highest performance (67.28% short,
63.85% long), surpassing both the conventional decoder
and the non-distilled autoregressive variant. This demon-
strates that neither sequential chunking nor global temporal
consistency alone is sufficient; distillation from autoregres-
sive modeling to full decoding is essential to share global
temporal consistency with local short-term certainty while
preserving efficiency. By recursively conditioning predic-
tions across temporal chunks, D-FAD reduces semantic
drift and leverages short-term certainty to bootstrap long-
range accuracy. These results validate that combining au-
toregression with knowledge distillation is key to achieving
robust, low-latency forecasting in real-world anomaly an-
ticipation scenarios.

6.3. Optimal Split for Auto-Regression

To determine the optimal temporal granularity for autore-
gressive forecasting, we vary the number of sequential
chunks N in D-FAD and evaluate performance across short-
and long-horizon settings. As shown in Table 2, chunk-
ing the prediction horizon into 8 segments yields the best
overall performance, achieving a short-term average Top-1
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mAP of 65.52% and a long-term average of 62.53%. While
smaller splits (N = 2 or 4) offer competitive short-term
accuracy, they suffer from reduced long-range stability due
to insufficient temporal decomposition. Conversely, larger
splits (N = 16 or 32) improve long-horizon consistency
(e.g., 62.79% for N = 16) but slightly degrade short-term
precision, likely due to over-fragmentation and reduced
context per chunk. These results suggest that N = 8 strikes
a favorable balance between temporal resolution and con-
text retention, enabling D-FAD to bootstrap long-horizon
predictions from stable short-term cues without incurring
excessive autoregressive overhead.

6.4. Impact of Distillation Loss in D-FAD

We further analyze in Table 2 the role of the distillation loss
L gistin 1n stabilizing autoregressive decoding. Specifically,
we compare mean-squared-error (MSE), KL-divergence
and mean-absolute-error (MAE) formulations under a fixed
chunk size (N = 8). As shown in Table 2, the MSE-based
distillation achieves superior performance (65.52% short,
62.53% long) compared to KL-divergence (64.63% short,
62.00% long) and MAE (65.43% short, 62.13% loss). This
indicates that MSE provides a more stable alignment be-
tween autoregressive logits and full-decoder outputs, pre-
serving both magnitude and directional consistency. KL-
divergence, while effective for distribution matching, may
introduce instability due to its sensitivity to softmax tem-
perature and class imbalance. MAE, while giving com-
petitive results, is experimentally not performing as good



Short (Top-1 mAP %) Long (Top-1 mAP %)
Methods Isec. 2sec. 3sec. Avg | 4sec. 8sec. Avg

SoTA with concat(Scene,Object) Feature
OADTR [52] 63.07 6240 6258 62.68 | 62.06 59.13 60.59
FUTR [17] 6147 6121 61.74 6147 | 62.79 5646 59.62
LSTR [54] 63.06 62.00 63.06 62.70 | 63.06 59.63 61.34
JOADAA [20] 62.79 62.79 6253 62.70 | 62.00 57.51 59.75
TesTra [61] 63.85 63.32 62.80 63.32 | 62.53 59.10 60.81
SIaT [33] 6596 64.64 6385 6481 | 63.85 59.63 61.74
D’P w/o. D-FAD | 65.96 6649 6622 66.22 | 6596 6042 63.19

SoTA with our D-FAD Decoder

OADTR [52] + D-FAD | 64.37 64.64 65.69 6490 | 64.11 60.15 62.13
FUTR [17] + D-FAD 63.58 63.58 64.11 63.75 | 63.85 57.78 60.81
LSTR [54] + D-FAD 65.69 64.37 6437 6481 | 63.58 59.10 61.34
JOADAA [20] + D-FAD | 64.11 63.06 64.11 63.76 | 64.11 57.78 60.94
SIaT [33] + D-FAD 65.43 6596 64.64 6534 | 63.58 6042 62.00
D3P (our) \ 66.75 67.81 6728 67.28 | 66.49 61.21 63.85

Table 3. State-of-the-art comparison on the AHB-F dataset abnormal human behavior forecasting. We report Top-1 mAP (%) across short-
horizon (1-3 sec) and long-horizon (4-8 sec) intervals. Our full D*P framework achieves the highest performance across all horizons,
demonstrating superior short-term precision and long-term stability. Additionally, integrating our D-FAD decoder into existing SoTA
models consistently boosts their forecasting accuracy, validating the robustness and plug-and-play versatility of our approach.

as MSE. These findings validate our choice of MSE as the
preferred distillation objective, ensuring that D-FAD inher-
its the global consistency of conventional decoding while
maintaining low-latency autoregressive inference.

7. State-of-the-Art Comparison

To rigorously evaluate the effectiveness and generalizability
of our proposed D*P framework, we conduct two distinct
sets of experiments on the AHB-F dataset, the only bench-
mark dedicated to abnormal human behavior forecasting.
These experiments are designed to assess both standalone
performance and the plug-and-play versatility of our Dis-
tilled Future Auto-Regressive Decoder (D-FAD).

Experiment I: Comparison with Existing SoTA Ar-
chitectures. In the first setup, we benchmark D*P against
leading action anticipation models including OADTR [52],
FUTR [17], LSTR [54], JOADAA [20], TesTra [61], and
SIaT [33], all operating on a unified feature space derived
from concatenated scene and object-level embeddings. As
shown in Table 3, our D3P (w/o D-FAD) already surpasses
these baselines, achieving a short-horizon average Top-1
mAP of 66.22% and a long-horizon average of 63.19%.
This improvement stems from the Differential Past Encoder
(DiPE), which disentangles noisy human—agent interactions
and enhances discriminative cues through differential atten-
tion and Mamba-based temporal modeling. The consistent
gains across all short-term intervals (1-3 sec) and long-term
intervals (4—8 sec) highlight the encoder’s ability to extract
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robust representations even in unconstrained environments.

Experiment II: Augmenting SoTA Models with D-
FAD. In the second setup, we integrate our D-FAD decoder
into each of the aforementioned SoTA models to evalu-
ate its modularity and impact on long-horizon forecasting.
Remarkably, all models exhibit performance improvements
when equipped with D-FAD. For instance, OADTR+D-
FAD improves from 62.68% to 64.90% in short-horizon av-
erage mAP, and from 60.59% to 62.13% in long-horizon
average mAP. Similar trends are observed across FUTR,
LSTR, JOADAA, and SlaT, validating the decoder’s abil-
ity to stabilize predictions through autoregressive chunking
and distillation. These results confirm that D-FAD is not
only effective within our full pipeline but also enhances ex-
isting architectures in a plug-and-play fashion.

Overall Performance. Our complete D*P framework,
combining DiPE and D-FAD, achieves the highest per-
formance across all horizons 67.28% short-horizon and
63.85% long-horizon average mAP, demonstrating supe-
rior precision, temporal stability, and computational effi-
ciency. These results underscore the robustness and scal-
ability of our approach, offering a unified solution for real-
world anomaly anticipation that generalizes across models
and temporal scales.



8. Conclusion

We introduced D3P, a novel encoder—decoder framework
for long-horizon abnormal human behavior forecasting in
unconstrained real-world environments. By bridging de-
noised pasts with distilled autoregressive futures, D*P di-
rectly addresses three core challenges: noisy human—agent
interactions, weak temporal coupling between normal ob-
servations and distant anomalies, and data scarcity in au-
toregressive modeling.  Our Differential Past Encoder
(DiPE) disentangles scene-level and object-level dynam-
ics using differential attention and Mamba-based tempo-
ral modeling, while our Distilled Future Auto-Regressive
Decoder (D-FAD) stabilizes long-range predictions through
sequential chunking and knowledge distillation. Exten-
sive experiments on the AHB-F benchmark demonstrate
that D3P consistently outperforms state-of-the-art methods
across both short and long forecasting horizons. Moreover,
D-FAD enhances existing architectures in a plug-and-play
fashion, validating the robustness and modularity of our de-
sign. These results establish D*P as a scalable and efficient
solution for proactive anomaly anticipation in safety-critical
applications.

In the future, we envision integrating large language
models (LLMs) to complement visual forecasting with se-
mantic reasoning and interpretability. By leveraging LLMs
to generate causal narratives or counterfactual explana-
tions for predicted anomalies, future systems could offer
human-understandable justifications for long-horizon fore-
casts, bridging the gap between predictive performance and
actionable insight. This opens promising directions for ex-
plainable anticipation in surveillance.
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