Stochastic Trajectory Generation with Diffusion via
Implicit Maximizing Likelihood Estimation Distillation
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Background Contributions Qualitative Assessments
The objective of stochastic trajectory generation: Given the past trajectory history 1. We design a stage-one trajectory stage-one trajectory generation diffusion The first row and second row in each plot represent two distinct scenes.
x, X of the agents (only sequences of 2D coordinates), we want to model the model (TGD) tailored for stochastic trajectory generation tasks. -
distribution of the future trajectories y ~ Fj jointly so that the generated samples 2. We propose a trainable student model to directly match the intricate m\:‘\‘““‘“ﬁ u\_u,.::“*'% — o
are soclally and physically compliant. distribution through the IMLE scheme at any intermediate diffusion k‘*% £ % SIS e
timestamp, improving prediction performance and inference time. 1
3. Due to the IMLE scheme, no more Mode Collapse; Vanishing Gradients; SISO, et "
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We distill a large number of denoising steps (I' — 7) with a flexible IMLE module

/ Time MemoNet [33] NPSN [34] GroupNet [6] MID [5] LED' [10] | TGD (Ours) TGD TGD
W h ere T >> T, Let’S ta ke aC | oser | 00 |< at th e | I\/I |_ E m Od U | e CVPR’22 CVPR’22 CVPR’22 CVPR’22 CVPR’23 Transformer-e-cos ~ UNet1D-y%-cos  UNet2D-y°-cos
1.0s 0.38/0.56 0.35/0.58 0.26/0.34 0.28/0.37  0.21/0.28 0.19/0.29 0.189/0.29 0.19/0.29
2.0s 0.71/1.14 0.68/1.23 0.49/0.70 0.51/0.72  0.44/0.64 0.42/0.65 0.41/0.64 0.41/0.63
Stage-one TGD: - - 3.0s 1.00/1.57 1.01/1.76 0.73/1.02 0.71/0.98  0.69/0.95 0.68/1.01 0.65/0.94 0.66/0.93
! N Total (4.0s) | 1.25/1.47 1.31/1.79 0.96/1.30 0.96/1.27 0.94/1.21 0.95/1.38 0.89/1.19 0.91/1.19

= The inference of traditional DDPM [1] is extremely slow.

- Past trajectory

= Current distillation methods suffer from training instability and mode
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collapse [5], sometimes with multiple retraining phases involved [4]. {.‘ - - . o~ ) L Py iiirdeut The methods in bold are TGD with distinct backbones, prediction objectives and variance
= Most methods |4, 3] fail to attain good quality of samples from teacher model. ,/’ _ f f |
= Some method [2] incorporates deterministic "distilling” step. 2oy Iy ©) o Student IMLE distillation Results
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The Implicit Maximum Likelihood Estimator is defined as i
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Past trajectory: 10 frames (2.0s) [2D coord sequence in Euclidean space].
~uture ground truth: 20 frames (4.0s)
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O N\ = |t has ~358K trajectories for training and ~137/K trajectories for testing

Find the nearest sample to each data example. Nearest samples are found. Pull sample towards data example.
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