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optimizing the likelihood logp,, (x,y) =

logpw (X)|+

logpu (ylx

R

The additional optimization objec-
tive logpy, (x) has been proven and evidenced that can improve
the confidence calibration and robustness for conventional
classification task [15].

Considering the target samples do not have ground truth
label, the self-training methods [12] utilize the inaccurate
pscudo label to calculate the cross-entropy loss. Therefore,
optimizing logp,, (x) can potentially be more helpful for UDA
setting. Actually, logp,, (x) is adaptive w.r.t. the input x and
network parameter w, and irrelevant to the inaccurate pseudo
label, which can be an ideal regularizer of self-training based
UDA.
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Fig. I: The illustration of our Encrgy-constrained Sclf-training
framework for UDA. Minimizing the pscudo label-irrelevant
energy of .y (x;) is introduced as additional objective for the
target sample.

However, how to modeling logpw (x) can be a challenging
Considering can be -approximatcd with —%
[15]. it is possible to modeling the energy function E,,(x)
instead of logp,, (x). Following [15], we can define an EBM
of the joint di«;m’bulion pw(x,y) = exp(fw(x)[k])/Z(w), by

MNogpw (x)
aw

defining Ey (x,y ffw(x? k|. By marginalizing out y, we
have py(x) “xl’(‘r‘" [15]. Considering py,(x) =
exp(—Ew(x ))/[(w) lhl, energy function of x can be
Eu(x) = —log Z exp(fw (x)[K]) (1)
k
A — pwly) . _exp(Jw(I[E])/Z(w)
In this setting, py (x]y) = £33 — SRR

The normalization constant Z(w) will be canceled out and
yielding the standard softmax function, which bridges the
EMB and conventional classifiers.

https://liu-xiaofeng.github.io/

\ Cross-entropy loss

Ew(x —loch}cp{fw (x)[k]) (1)
k

_ opw(xy)  _exp(Jw(x)[E])/Z(w)
In this setting, pw (x|y) = e it g 1 T

The normalization constant Z(w) will be canceled out and
yielding the standard softmax function, which bridges the
EMB and conventional classifiers.

Following the formulation in our CRST [12], the self-
training with EBM regularization (R-EBM) for target sample,
ie., Ey(x;), can be formulated as

mm En eBM (W, Y} = ZZ uf‘) log pw (k|xs)
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Step 1) Pseudo-label generation Fix w and solve:
min — Z{Z i logpw(r‘c|x5) —log A\x] — aEy(x;)}
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e AK1u{o}, vt 3)

For solving step 1), there is a global optimizer for arbitrary
= (06" )) ol 125
argmasx pw(kixﬁ)
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l 0, otherwise

Step 2) Network retraining Fix YT and minimize

K
-3 Z y® log pu (klxs) — > > 31 log pw (klxi) (5)

s€S k=1 LET k=1
w.r.t. w. Carrying out step 1) and 2) for one time is defined
as one round in self-training.

can be helpful for both the discrimination and generation task.

TABLE II: Experimental results for GTAS to Cityscapes.
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