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Announcing the Test of Time Award Winners
from ICLR 2015

CARL VONDRICK ICLR 2025

We are honored to announce the Test of Time awards for ICLR 2025. This award recognizes papers
published ten years ago at ICLR 2015 that have had a lasting impact on the field. The 2025 program
chairs and general chair reviewed the papers published at ICLR 2015, and selected the two papers
below for their profound influence and impact on machine learning today.

Congratulations to the authors of the Test of Time winner and runner up!

Runner Up

Neural Machine Translation by Jointly Learning to Align and Translate

Dzmitry Bahdanau, Kyunghyun Cho, Yoshua Bengio
https://arxiv.org/abs/1409.0473

Introducing a form of attention, this paper fundamentally changed how sequence-to-sequence

models process information. Before this work, encoder-decoder architectures usually compressed

entire input sequences into fixed-length vectors, creating memory bottlenecks for longer sequences.
The proposed approach enabled the model to “attend” to different parts of the source sentence
dynamically during translation, allowing for processing of relevant contextual information. This
attention mechanism has since become a cornerstone of modern deep learning, extending far beyond
machine translation to form the foundation for transformers and large language models. The paper’s
practical impact has been immense, making it one of the most influential contributions to neural

network architectures.
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A stop sign is on a road with a
mountain in the background.

A little girl sitting on a bed with A group of people sitting on a boat A giraffe standing in a forest with
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Attention Is All You Need (?)
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Figure 1: The Transformer - model architecture.
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How to use BERT — Case 1

Input: sequence
output: class

Example:
Sentiment analysis

: this is good

positive

This is the model
to be learned.



How to use BERT — Case 2

class class eoclass
T 1 T Input: sequence

‘ ' | output: same as input
| Linear Linear LLinear J
\ A\ Example:
T T t POS tagging
I I I : | saw a saw |
[ BERT J [
f f . N V DETN ¢
CLS W W W E - eeecoenmessmesnaessonessneent
ARERNEEER IS ! £ .
sentence

BERT # X




How to use BERT — Case 3

Class

t° Input: two sequences
W Output: a class
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