One Model to learn them All
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Structure—Encoder and Mixer and Decoder
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Structure—Convolutional Blocks
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Dropout(hidden4(x),0.4) during training
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Structure—Attention Blocks

we use a multi-head dot-product attention Dot-Prod. Attention Attention
mechanism inspired by [3] and similar to [1]
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Structure—Mixture-of-Experts Blocks
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Structure—Modality Nets
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Structure—Modality Nets
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Experiments

SP Il ZREE, [RINTYIIZR, M2 454448 TensorFlowHs 2 :
(1) WSJ speech corpus [7]

(2) ImageNet dataset [23]

(3) COCO image captioning dataset [14]

(4) WSJ parsing dataset [17]

(5) WMT English-German translation corpus

(6) The reverse of the above: German-English translation.
(7) WMT English-French translation corpus

(8) The reverse of the above: German-French translation.



Experiments
5o 45 R A 225

Problem MultiModel (joint 8-problem)  State of the art
ImageNet (top-5 accuracy) 86% 95%
WMT EN — DE (BLEU) 21.2 26.0
WMT EN — FR (BLEU) 30.5 40.5

Table 1: Comparing MultiModel to state-of-the-art from [28]] and [21].

FMIZR 5 RIS Il ZRa X B .

Joint 8-problem Single problem
Problem . .
log(perpexity) accuracy log(perplexity) accuracy
ImageNet 1.7 66% 1.6 67 %
WMT EN—DE 1.4 72% 1.4 T1%
WSJ speech 4.4 41% 5.7 23%
Parsing 0.15 98% 0.2 97 %

Table 2: Comparison of the MultiModel trained jointly on 8 tasks and separately on each task.



Experiments

Alone W/ ImageNet W/ 8 Problems
Problem
log(ppl) acc. full log(ppl) acc. full log(ppl) acc. full
Parsing 0.20 97.1% 11.7% 0.16 97.5% 12.7% 0.15 97.9%  14.5%

Table 3: Results on training parsing alone, with ImageNet, and with 8 other tasks. We report
log-perplexity, per-token accuracy, and the percentage of fully correct parse trees.

Probl All Blocks Without MoE Without Attention
roblem

log(perpexity) accuracy log(perplexity) accuracy log(perplexity) accuracy
ImageNet 1.6 67% 1.6 66% 1.6 67%
WMT EN—FR 1.2 T6% 1.3 T4% 1.4 72%

Table 4: Ablating mixture-of-experts and attention from MultiModel training.



Experiments
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Figure 1: Examples decoded from a single MultiModel trained jointly on 8 tasks. Red depicts a
language modality while blue depicts a categorical modality.
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