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Background — Tabular Foundation Model

Tabular prediction.
Train dataset D = {(x;, y;)},, test dataset x, € R, y; is a class label or a
real value.

Tabular foundation model, TFM.

A Transformer-based model fy is pretrained once on synthetic tasks and then
reused for every dataset. Prediction is done by in-context learning. Let x,
be the test data (query) and y, the estimated label.

)/}q = @(Dv Xq) .
No gradient update at test time. The most well-known model is TabPFN.

Problem.
Recent TFMs use heavier and heavier architectures to gain accuracy.
Goal: improve the old lightweight TFM and reach high performance.



Background — TabPFN v1: Row-wise Attention

One row = one token.
N train rows and T test rows, so n = N + T tokens in total.

@ Unify the input dimension. Each dataset has a different number of
features F, so we map all of them to a fixed size Fax, using
zero-padding or PCA. X € R” x Rfmax,

® Embedding. Train and test rows are each embedded into the model
dimension dmodel. X € R” X Rmodel

© Inference (regression case) y = frappenvi(X) € R”

Computational cost. O(n?dy0de1) per attention layer.



Background — TabPFN v2: Row & Column Attention

The difference from TabPFN version 1 is that one cell = one token. That
is, the input is treated as an n x d grid of tokens.

@ Turn each scalar cell into a vector token. With learnable weights

dmode
Wyal, bvala Gy eR del,

0
hY) = xjWea + by + ¢ € R%=2 x; € R

@® Attention in two directions. Arranging hfjo) into an n x d grid gives
H € R"*dXdmoder et H. ; € R"dmodel be the column tokens of feature
J.and H;. € RI*dmodel the row tokens of instance i. Let Attn be
self-attention over a token sequence, and assume a single attention layer.

row attention: H.; < Attn(H.;) VY, column: H;. < Attn(H;.) Vi

The cost is O(dn?dmodel) + O(nd?dimode1), More than d times that of v1.



TabSwift — Key Question

Can the lightweight row-wise backbone of v1 reach v2-level perfor-
mance if we add modern techniques?

The authors add three things to the original TabPFN v1.

® Add missing model capacity - Learnable register tokens.
® A technique proven in ViT. K learnable global tokens are appended
to the input and used as memory slots.
® Stabilize the attention update - Gated attention.
® A technique proven in LLMs. Multiply the attention output by an
element-wise learnable gate.
® Make it more efficient - Adaptive early exit.

® Easy test data finish their prediction at a shallow layer and stop
computing. The early-exit decision is made token by token, not for

the whole test set at once.



TabSwift — Register Tokens

Input. After preprocessing steps 1 and 2 from v1, we start from
% € R dmodel

Register tokens. K learnable tokens R(®) ¢ RK*dmodel are placed in front of
the row tokens:

X = [R(O); Hr(g‘)%} c RSdeodeI) S=K+n.

® |earned independently of the data and shared across all tasks. They
pass through every layer and get updated together.

® Role: a global memory that gathers information about the whole
dataset through attention.

® Since K < n, the extra cost is negligible.



TabSwift — Element-wise Gated Attention

Layer input X € RS*dmoder
Assume the number of heads in multi-head attention is fixed to one.

Attention output. Wy, Wi, Wy € R*dmodel;

Q(K)T> Sxd
0= softmax( V € R>*Cmodel Q = XW,
Vv dmodel @

Gating. Build a gate from the input and multiply it into the output
element-wise. W, € Rmodel Xdmedel | p, € R%model, 7 is the sigmoid:

G = o(XW; + b,) € (0,1)° Imodel, 0=6G6GoO0

The extra cost of the gate is linear, O(S diodel). Negligible compared to the
O(S%dmodel) of attention.



TabSwift — Early Exit (1): Architecture and Training

At every layer, compute the prediction we would get if we stopped now, and
how much we can trust it.

Notation.
Let H(®) ¢ RSXdmoder be the hidden state of Iayer e. Let z(¢) ¢ RT Xdmodel pe
the rows of H(®) at the test-data positions, and r(€) € RK*dmedel the rows at

the register-token positions. There are T test rows and K register-token rows.

Prediction head hl(;red

The intermediate prediction using only the layers up to e

@) = o)
Exit head h'®)

(=)
pred
exit"

Concatenate with the register mean r(¢) = e Zk ) € Rdmodet and output a

logit
s(e) — ple)

o



TabSwift — Early Exit (2): Stopping Rule and Choosing 7

Train. The exit head learns a binary label: “is the intermediate prediction at
layer e already correct?”

@ = 1{59 =y} € {0,1)
The loss is binary cross-entropy:

E(e)

exit

= BCE(o(s(®)), t®)
Inference. Compute layers in order starting from 1, check o(s(¢)) at every
layer, and stop at the first layer where it passes the threshold 7:

e* = min { e:o(s®) > 7 } ) output is p&).

If no layer passes, use the prediction from the full depth L.
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