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Obstacle in recommendation tasks

02

Hard to quickly identify new user’s 
interest in large decision space.

Easy to trap old users in an 
information cocoon.

Lack interpretable exploration 
strategy.



Human exploration strategy in large decision space

Paper Figure 1; Adapted from An et al. with permission. 03

Probe one dimension.

Try several features 
within it.

Switch exploration 
dimension and repeat 
the procedure.

Inspiration: reduce the effective search space by learning which dimensions predict reward.



Human-inspired exploration framework for 
recommendation task

Paper  Figure 3 04

Dimension and feature decisions guide item selection



Building semantic dimensions from metadata

Paper Figure 2 05

Example of hierarchical 
clustering of Movielens-
20M tags.

Semantic embeddings 
using pretrained 
Sentence-Bert model.

Automatic clusters using 
KGS-inspired criterion.



Lower regret across online training

Paper Table 1 and Figure 6. 07
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4.5%–31.0% lower online cumulative regret for neural backbones.
10,000 rounds, K = 10, five seeds.



Faster adaptation to new users

Paper Table 1 and Figure 7. 08
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NeuralUCB NeuralTS

Up to 74.9% less final-round cold-start regret
100 held-out users per seed, five seeds.



TDGE exhibits human-like dimension-persistent probing

Paper Figure 4 10

TDGE-NeuralUCB NeuralUCB Persistence across users

More within-dimension probing before switching
Tested in new user adaptation period using MovieLens-20M dataset.



Small inference time overhead

Paper Appendix H, Table 11 11
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Backbone TDGE

Only +0.26 to +0.32 ms 
overhead for inference.

RTX 4090, 100,000 item arms plus 5,000 dimensions and 5,000 features. Model scoring only.



Contributions and limitations
Our contributions

TDGE is a model-agnostic framework 
t h a t  c a n  c o m b i n e  w i t h  m u l t i p l e 
contextual bandit backbones.

Paper §§1, 3–4; Figure 3; Table 1. Three datasets, five seeds. Cold-start: five of six comparisons significant.

Fixed routing budgets
K₁ and K₂ stay fixed during learning.
Exploration breadth does not adapt
online.

Limited effect of hierarchy depth
The limited effect of hierarchy depth in our 
ablations may be due to the structure of 
the evaluated data.

Contextual-bandit evaluation
Test on recommendation task only.
Hope to extend to general reinforcement 
learning algorithms.

Our limitations
Model-agnostic framework

TDGE significantly  reduces both 
online and cold-start adaptation 
re g re t  o n  a l l  t h re e  re a l - w o r ld 
datasets.

High sample efficiency and rapid 
adaptation

Robust to the choice of clustering 
method and hierarchy depth
A b la t ion  s tud ies  d em onstra te  tha t 
T D G E  i s  r o b u s t  t o  t h e  c h o i c e  o f 
clustering method and hierarchy depth 
within the evaluated settings. Code and implementation

https://github.com/LordSlime/Human-inspired-Task-Dimension-Guided-Exploration-for-Efficient-Learning


Thank you!


