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Motivation
➢Previous unsupervised 3D representation learning methods including masked 

autoencoding and contrastive learning, rely on a predefined set of nuisance variability and 

pre-train the 3D backbone to be invariant to the nuisance variability. For MAE-based 

methods, the set of nuisance variability is occlusions and it is handcrafted set of LiDAR 

transformation for contrastive learning. While the procedures are unsupervised, they 

implicitly select the set of invariants, which benefits the downstream tasks.



       

Overview of TREND
➢Unlike previous methods, we subscribe to allowing the 3D backbone to determine 

nuisances by simply observing and predicting scene dynamics. This leads to TREND, a 

novel unsupervised 3D representation learning approach based on forecasting LiDAR 

point clouds. Naturally, points belonging to the same object instance tend to move 

together. By observing current point cloud and predicting future observation, our pre-

training scheme implicitly encodes semantics and biases of object interactions over time.



       

Challenges
➢ It is non-trivial to incorporate temporal forecasting for unsupervised 3D representation 

learning.

➢Two main challegenes: 

⚫How to generate 3D embeddings at different timesteps with current LiDAR scan?

⚫How to represent the 3D scene with the temporal 3D embeddings and optimize the 

network via forecasting?



       

Method Overview
➢TREND is consisted of three main parts: (a) Recurrent Embedding, (b) Temporal LiDAR 

Neural Field, (c) Neural rendering for both reconstruction and forecasting.



       

Method: Recurrent Embedding
➢Ego-action aware temporal embedding: as the action of  ego-vehicle reflects the 

interaction between the ego-vehicle and other traffic participants, we incorporate the ego-

action to evolve the feature at timestep t0 to future timestep.
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Method: Temporal LiDAR Neural Field
➢To represent the 3D scene with embeddings at different timesteps, we propose a Temporal 

LiDAR Neural Field. For 3D embeddings at different timesteps, we cast LiDAR beams at the 

ego-vehicle location and sample points along LiDAR beams. Then we interpolate 3D 

embeddings at the sampled points and concatenate them with time embeddings (sinusoidal 

encoding). Finally, the concatenated embeddings are fed into 𝑓𝑔𝑒𝑜 and 𝑓𝑆𝐷𝐹 to predict 

geometry features and signed distance values.
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Method: Point Cloud Rendering
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➢By aggregating SDF values, we predict range along each LiDAR beam. And we use 

geometry feature for LiDAR intensity prediction. The final loss function for timestep tn is L1 

loss for predicted range and intensity and also a regularization term on the SDF value on 

the observed LiDAR point.



       

Experiment Settings
➢To make sure the improvement brought by pre-train is not about accelerating convergence, 

we first gradually increase the training iterations for randomly initialized models until 

convergence is observed and then fix the training iterations and use the same schedule 

for downstream fine-tuning with different pre-training methods.



       

Experiments
➢Pre-trained on Once and fine-tune on Once.



       

Experiments
➢Transferring pre-trained models to new dataset (Waymo).



       

Experiments
➢Ablation Study shows the effectiveness of each component



       

Experiments
➢Visualization with moving object labels.
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