A Appendix

This is a supplementary document accompanying the main
manuscript. Here we expand on some procedures and imple-
mentations used and provide additional results.

B Methods

The information reward for acquiring feature ¢ given observed
features x,, is:

R(i,%x,) = Exin(xilxo)DKL [Q(Z|Xia Xo) HQ(Z|X0)}
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* x,: Currently observed features
* x;: Candidate feature 7 to be acquired
* x4: Target variables (labels)

* ¢(z|-): Posterior encoder distribution in VAE

* p(x;|x,): Conditional distribution of feature ¢ given ob-
served features

* Dgr[-]|]: Kullback-Leibler divergence The following al-
gorithm describes our greedy procedure to select the next
candidate from the set of unobserved features.

Algorithm 2: EDDI: Algorithm Overview

Require: Training dataset x,,, which is partially observed;
Test dataset x;y; without any observation; Indices ¢ of
target variables.

1: TRAINING PHASE:

2:  Train Partial VAE by optimizing partial variational
bound with X,

3: INFERENCE PHASE (Active Feature Acquisition):

4: for each test instance do

5: Xo < 0 > no variable value has been observed for
any test point

6: repeat

7: Choose variable z; from U \ ¢ to maximize the
information reward (Equation (2))

8: Xo +— 2 Uxpo
until Stopping criterion reached (e.g. the time bud-

get)
10: end for

0

In this algorithm, we use a Partial VAE, but can also be re-
placed by any other encoder model. For example, hidden
representations can be [CLS] token, or target representation
token.

C Open-World Active Feature Acquisition

D Experiments
D.1 Datasets
To enable effective pretraining of our universal neural infer-
ence model, we use OPENTABS - a comprehensive tabular
dataset compiled from public sources including OpenML,
UCI, Kaggle, and CATALOG. Following the collection of
these datasets, we curate metadata for each of these datasets,

such as feature descriptions, dataset descriptions, and the
range of classes for categorical datasets. We plan on open-
sourcing this metadata on publication.
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Table 4: Table of the downstream datasets in our experiments,
along with different information

D.2 Baselines

Here is the overview of the parameter count of our model and
other baselines: ASPIRE Model size - 140, 165, 123 param-
eters CM2 Model size - 53, 784, 576. Our model is 2.6 x of
CM2.

D.3 Additional Results

Dataset CM2| ASPIRE| XGB| MLP)|
Elevators 0.292 0.098 0.340 0.360
House Sales  0.139 0.235 0.340 0.380
Diamonds 0.971 0.020 0.203 0.344
yprop 0.978 0.228 0.982 0.987
topo 0.336 0.204 0.922 0.986
Average 0.543 0.157 0.557 0.611
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Figure 7: F1 scores at each feature acquisition step. PV indi-
cates Partial VAE in EDDI.
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Figure 8: F1 scores at each feature acquisition step. PV indi-

cates Partial VAE in EDDI.
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Figure 9: F1 scores at each feature acquisition step. PV indi-
cates Partial VAE in EDDI.

Dataset MLP XGB CM2 ASP(0) ASP(5)
Diabetes 0.727  0.751  0.6963 0.84 0.8545
Vehicle 0.85 0913 0.588 0.853 0.894
Satimage 0.80 0.89  0.8853 0.89 0.930
Sick 055 0914 09357 0.8922 0.950
Pcl 0476 0.624 0.8158 0.90 0.930
Adult 0.86 0.798 0911 0.899 0.945
Breast 0955 0942 0930 09416 0.966
Cmc 0.67 0.65  0.7265 0.80 0.830
PW 0948 0966 09912  0.878 0.930
Cylinder 0.532  0.734 0.8138 0.81 0.8829
MiceProtein ~ 0.995  0.99 0.98 0.965 0.999
Car 0.85 0.93 0.99 0.967 0.99
Segment 0.97 099 09934 0975 0.9621
Porto-seguro  0.49 0.49 0.725 0.88 0.8923
Amazon 0.87 0.483 0.97 0.7832  0.8756
Average 0.77 0.80 0.863 0.88 0.922

Table 5: Fine-tuning and model performance comparison
with additional zero-shot support examples model.
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Figure 10: F1 scores at each feature acquisition step. PV
indicates Partial VAE in EDDI.



