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ABSTRACT
This paper considers a surface-normal learning algorithm re-
ferred to as few-shot kernel associative domain adaptation
(FS-KADA) that reduces the domain shift between abundant
synthetic source normals and a few real target normals. The
FS-KADA takes an unpaired source and target samples as in-
put and captures invariant representations. However, models
trained on synthetically rendered normals do not perform well
when accurately predicting real environmental normals due to
the domain shift. To address this issue, a contextual weight-
ing is considered for learning FS-KADA on the neighborhood
of target ground truth, with kernel association in latent spaces
and smoothing at predictions. FS-KADA is evaluated on both
a real outdoor target dataset (SNOW) and real indoor datasets
(NYUv2) using a synthetic indoor dataset (MLT). The state-
of-the-art performance was observed on the SNOW dataset.
The performance of FS-KADA using a single ground truth
of a randomly selected pixel in each image of the NYUv2 is
compared with others using the full ground truth.

Index Terms— Few-shot Contextual Weighting, Kernel
Associative Learning

1. INTRODUCTION

In addition to the depth, the surface normal also has core
scene-understanding, recovering the geometric layout of in-
door and outdoor scenes, such as a living room, kitchen, or
bedroom and park. A depth sensor can provide enough in-
formation to estimate surface normals [1, 2, 3, 4]. However,
there was an issue getting real large-scale datasets due to the
noisy real environments. The depth sensor was vulnerable to
environments such as high reflectance windows and low re-
flectivity sky such as the NYU [5] and KITTI [6]. This issue
was alleviated by introducing synthetic datasets such as MLT
[7], MPI Sintel [8] and Make3D [9]. Although these datasets
can provide accurate depth, they are limited to specific scene
types.
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To address the limitation, the Depth in the Wild (DIW)
dataset [10] took a major step towards covering various scenes
in the wild. However, the DIW only provided relative depth
annotations that lack information of several essential 3D
properties - continuity, surface orientation, and curvature.
Thus, based upon the DIW, they introduced a new dataset
of crowd-sourced surface normals for images in the wild
(SNOW) [11] to compensate for DIW and evaluate manually
annotated surface normals.

Nonetheless, the manually annotated outdoor normal is
both expensive and not enough to generalize the normal esti-
mation. A domain adaptation of the synthetic surface normal
to the sparse outdoor one is a possible way to get more gen-
eralized outdoor surface normals. However, there is a surface
normal domain shift between indoor and outdoor normals that
make it difficult to get a good prediction. The variance of in-
door normals is also small, while that of outdoor normals is
large due to natural objects with highly complex surfaces such
as trees, sky and the sea. Yet, no research has been dealt with
surface normal domain adaptation to reduce the surface nor-
mal domain shift between synthetic normal and real outdoor
normal.

This paper proposes a few-shot kernel associative domain
adaptation (FS-KADA) algorithm for surface normal estima-
tion through reducing the domain shift between abundant syn-
thetic source normals and real target normals as shown in
Fig. 1. The main contributions are as follows: (1) contextual
weighting using the criterion of similarity is used to learn the
neighboring normals of a single available target one, (2) the
FS-KADA focuses on a kernel associating abundant synthetic
source normals with a few target normals in latent spaces and
(3) adversarial learning applies to FS-KADA for the target
normal smoothness at predictions. In the evaluation, state-of-
the-art performance is observed on the SNOW dataset. The
performance of FS-KADA using a single ground truth of ran-
domly selected pixels in each image of the NYUv2 is com-
pared with others using the full ground truth.

This paper is structured as follows. Section 2 describes
related works and Section 3 illustrates the proposed few-shot
kernel associative domain adaptation (FS-KADA). Section 4
describes the experimental results of two settings: MLT and
SNOW; MLT and NYUv2. Section 5 concludes this paper.
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Fig. 1. Few-shot Kernel Associative Domain Adaptive (FS-KADA) for surface normal estimation.

2. RELATED WORKS

With the advances of the deep model, Wang et al. [12] pro-
posed a CNN-based algorithm to combine the estimates of the
normals from local and global scales, and to employ cues such
as the room layout, edge labels, and vanishing points, while
Eigen et al. [4] showed better results than Wang’s algorithm,
they used the multi-scale architecture that was widely utilized
for a satisfactory generalization. The skip-network that was
initialized by pre-trained on the object task over ImageNet
also showed good performance [13]. More recently, novel
algorithms were proposed for learning high-level visual rep-
resentations to predict surface normals, depth, and instance
contours [14].

Domain adaptation algorithms have been studied in the
two approaches: feature alignment at high-level and adver-
sarial learning at low-level. The alignments are done by us-
ing statistical measures such as a maximum mean discrepancy
[15], correlation distance [16], associative learning [17] and
adversarial learning [18]. Since the use of the few target la-
bels reduces the probabilistic distances more effectively, sev-
eral few-shot learnings have been done [19, 20] based on sev-
eral methods such as rank similarity, matching network and
an LSTM meta-learner. However, these algorithms focused
on the categorical domain rather than the continuous domain.
The proposed algorithm based on a pairwise similarity of a
few labeled target normals and abundant source normals in
the continuous domain.

3. FEW-SHOT KERNEL ASSOCIATIVE SURFACE
NORMAL DOMAIN ADAPTATION

This section describes the proposed FS-KADA in detail.

3.1. Few-shot Kernel Associative Architecture

The FS-KADA is based on a fully convolutional network [21]
(FCN) with skip-layers, that combines encoding feature maps

with decoding feature maps at multiple layers. This architec-
ture is shown in Fig. 1. This algorithm consists of an encoder,
a decoder, or a generator, and a discriminator. The encoder
follows the conv1 − conv5, and the decoder is symmetric to
the encoder, consisting of the upconv5 − upconv1 with un-
pooling layers. The skip connections between each pair of
the convolutional layers in the encoder and decoder are ap-
plied to the proposed algorithm. This permits the prediction
of high-resolution surface normals and the reduction of van-
ishing gradient problems. The discriminator is prepared for
carrying out adversarial learning to get smooth normal predic-
tions, which has the same structure as the decoder. The total
objective Ltotal given an image is largely divided into Few-
shot (FS) loss, Lfew and a domain difference loss Lassoc. An
adversarial loss Lgan is used to smooth target predictions.

Ltotal = λfLfew + λaLassoc + λgLgan (1)

where λf , λa and λg are scale parameters respectively.

3.2. Few-shot Contextual Weighting

Based on a pairwise similarity between a single target normal
and abundant source normals as shown in Fig. 1, the few-
shot loss LFew is considered as a possible approach within a
neighborhood of size N × N . In the few-shot learning, the
target loss `i,j at (i, j)-pixel coordinates depends only on a
single target ground truth nt

g(x0, y0) since nt
g(xi, yi) is unob-

served ground truth. Also, this loss is weighted by the confi-
dence cw as follows:

Lfew =

N/2∑
i,j=−N/2

cw(xi, yj) `i,j

=

N/2∑
i,j=−N/2

cw(xi, yj) ||ñt(xi, yj)− nt
g(x0, y0)||2.

(2)
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where ñt(xi, yj) is the target normal prediction. The confi-
dence cw(xi, yj) comprises w (using distance on RGB do-
main) and c (using similarity on normal domain) as follows

cw(xi, yj) = w(xi, yj) c(n
t
g(xi, yj),n

t
g(x0, y0))

= w(xi, yj) exp
{
−γ
(
1−

〈
nt
g(xi, yj),n

t
g(x0, y0)

〉)}
.
(3)

Note that nt
g(xi, yj) is replaced with ñt(xi, yj) since it is un-

available in this study. It worked well experimentally. The 2D
Gaussian Kernel w(xi, yj) is as follows

w(xi, yj) = A exp

{
−
(
(xi − x0)2

σ2
x

+
(yj − y0)2

σ2
y

)}
(4)

where A = 1 and the values of σx and σy are replaced with
the value of σt. Here the value of σt is calculated by the
grayscale variance of the neighborhood of a single target
ground truth.

3.3. Kernel Associative Learning

In this work, the associative learning [17] is redesigned to
learn non-linear distance scaling kernel associations for con-
tinuous domains. The association loss, Lassoc, is defined by
two terms: the walker loss Lwalker and the visit loss Lvisit.
Given source Al ∈ RV×W×C and target Bl ∈ RV×W×C , ith
source embedding Al

i ∈ {Av,w,c}Cc=1 and jth target embed-
ding Bl

j ∈ {Bv,w,c}Cc=1 where i, j = (v − 1)× V + w.
The walker loss reduces the difference between the source

normal distribution and the target normal distribution if they
are similar to one another in latent spaces. The Ll

walker :=
H(P l

aa, P
l
aba) of the lth layer is defined by cross entropy H

of the source distribution P l
aa,ij :=

exp(Il
ij)∑

j′ exp(I
l
ij′ )

with γ =

1/2σ2,

I lij = K(Al
i, A

l
j) = exp(−γ||Al

i −Al
j ||2) (5)

and the round-trip probability P l
aba,ij := (P l

abP
l
ba)ij where

the transition from embeddingAl
i to embeddingBl

j is formal-

ized by P l
ab,ij :=

exp(M l
ij)∑

j′ exp(M
l
ij′ )

,M l
ij = K(Al

i, B
l
j). The tran-

sition probability increases if both embeddings are closer such
that all associations within the similar surface normal embed-
dings learn to have equal probability P l

aa. The visit loss,
Lvisit is also used to try the uniform probabilistic mapping
to the target surface normals. Ll

visit :=
∑

j H(V l
j , P

l
visit,j)

where P l
visit,j :=

∑
i P

l
ab,ij , V

l
j := 1/(V × W ). The lth

layer’s following association loss as

Ll
assoc = λwLl

walker + λvLl
visit. (6)

4. EXPERIMENTS

A more detailed FS-KADA algorithm is presented with the
experiments on synthetic and real target domains.

4.1. Source and Target Domains

The large-scale 500K synthetic surface normal image dataset,
MLT [7] is used as a source domain. MLT was created from
45K 3D houses designed by humans and consists of 568, 793
rendered images that are similar to those in NYUv2 for crite-
ria such as the normalized color histograms and depth scores.
In addition, as a target domain, the dataset “Surface Normals
in the Wild” (SNOW) is introduced by Chen et al. [11] with
surface normal annotations collected from 60,052 Flickr im-
ages, which are the crowd-sourced surface normals - 48, 711
training images, 10, 280 test images. The NYUv2 dataset [5]
is used as another target domain dataset and consists of 795
training and 654 test images of resolution 640×480, contain-
ing pixel-wise depths obtained by a Kinect sensor.

4.2. Experimental Settings

Several experiments are prepared to prove the effectiveness of
the FS-KADA on two benchmark target datasets: SNOW and
NYUv2.

• Source (MLT) Only: Source (MLT) Only is defined as the
baseline domain adaptation algorithm.

• FS-1: FS is trained using the given single ground truth per
image.

• FS-CRW-N : FS-CRW used for theN×N contextual weight-
ing cw in Eq. 2.

• KADA-Upconv-L-FS-CRW-N : KADA-Upconv-L is corre-
sponding to the associative learning with λw, λv = 1 in Eq.
6 and the contextual weighting in Eq. 2 at the L layer.

• KADA-Upconv-L-GAN-FS-CRW-N : both KADA-Upconv-
L and GAN-FS-CRW-N are combined to train the proposed
FS-KADA algorithm with the setting λf , λa = 1 in Eq. 1.

• KADA-Upconv-L-GAN-FS-CRW-N -VAR: VAR denotes
the grayscale variance σt of the neighborhood of ground
truth in input image with the setting λg = 1 in Eq. 1.

In kernel associative learning (KADA) and Few-shot Contex-
tual weighting (FS-CRW), let γ = 5.0 in Eqs. 4 and 3, and
γ = 0.5 in Eq. 6, respectively. On NYUv2, only a single
pixel coordinate of available normal is randomly selected in a
given resized 224×224 image. The performance is compared
with prior works as shown in Table 2. The ground truth was
provided by Zeisl et al.[3].

4.3. Training

The VGG-16 pre-trained on ImageNet classification task is
trained by MLT; the learning rate was set to 1 × 10−4, and
reduced to half every 100K iteration; 1 × 10−5 reduced to
0.96 every 15K iterations for FS, FS-CRW, KADA-FS-CRW,
KADA-GAN-FS-CRW learning on SNOW; 1× 10−5 reduc-
ing to 0.96 every 800 iterations for learning on NYUv2. The
model uses Adam for computing the adaptive learning rates
for each parameter. Both the source and target domain in-
put images are zero-centered by subtracting 128 pixel values.

4621



Table 1. Results on SNOW. The evaluation metrics are mean
and median of the angular error, and percentage of pixels with
error 11.25◦, 22.5◦, and 30◦.

Method mean median 11.25◦ 22.5◦ 30◦

Eigen et al.[4] 29.81 23.81 19.90 47.28 59.95
Bansal et al.[13] 27.85 22.25 23.41 50.54 64.09
Chen et al.[11]
directly,NYUv2 31.95 26.03 18.17 43.75 56.03

Chen et al.[11]
from depth 25.68 21.20 22.26 52.92 68.31

Chen et al.[11]
directly, NYUv2 snow 23.33 17.99 30.42 60.54 72.74

Source (MLT) only 30.33 25.41 18.01 44.38 57.63

FS-1 25.01 19.60 25.30 56.78 70.29
FS-CRW-17 24.40 19.13 27.09 57.77 71.43
FS-CRW-21 24.21 18.55 28.35 59.10 71.28
FS-CRW-27 24.40 18.88 27.06 58.19 71.47

KADA-Upconv4-
FS-CRW-21 24.18 18.42 29.08 58.74 71.72

KADA-Upconv4-
GAN-FS-CRW-21 24.01 18.29 29.34 59.61 71.94

KADA-Upconv4-GAN-
FS-CRW-21-VAR 23.23 17.23 30.67 61.81 72.98

To provide the model with a more detailed estimation of the
target images, the model follows the same algorithms [7].

4.4. Results

The performances on SNOW and NYUv2 are shown in Table
1 and 2. In FS-CRWs experiments on SNOW, FS-CRW-21
was the best result and FS-CRWs were incorporated with
the kernel associative learning algorithm. Among the re-
sults, KADA-Upconv-4-FS-CRW-21 gives the best. Kernel
associative learning was performed by an appropriate re-
ceptive field for surface normals. In addition, adversarial
learning was used to smooth the target normal prediction at
a low-level while kernel associative ones were used to align
the source and target domains in latent spaces. The best
performance could be deduced by KADA-Unconv4-GAN-
FS-CRW-21 with γ = 5.0 in Eq. 4, 3 and γ = 0.5 in Eq.
5. KADA-Unconv4-GAN-FS-CRW-21-VAR outperforms the
prior work with the hyper-parameters σx, σy = 2.46×103/σt
in Eq. 4 and γ = 4.5 in Eq. 3. Figure 2 shows that the pre-
dictions of KADA-Unconv4-GAN-FS-CRW-21-VAR were
more detailed than others. For another few-shot setting on
NYUv2, the performances are comparable with prior works
in the global scope as shown in Table. 2. At the training,
normal sampling ratio defined in Table 2, the performance of
KADA-GAN-FS-CRW-7-VAR with a few samples were also
compared with the others.

5. CONCLUSION

This paper considered the FS-KADA algorithm for surface
normal estimation by reducing the domain shift between

Fig. 2. Target prediction results compared with the proposed
algorithm and the prior work. The black color boxes represent
the neighborhoods of the given ground truth.

Table 2. Results of the FS-KADA on NYUv2 with different
algorithms evaluated in [3], σx, σy = 20/σt in Eq. 4 and γ =
15 in Eq.3; our sample ratio ρ ≈ 2.3×10−4 (7950/34225784)

Method ratio mean median rmse 11.25◦ 22.5◦ 30◦

3DP [1] 1 35.3 31.2 - 16.4 36.6 48.2
3DP (MW)[1] 1 36.3 19.2 - 39.2 52.9 57.8
UNFOLD [2] 1 35.2 17.9 - 40.5 54.1 58.9

Discr.[3] 1 33.5 23.1 - 27.7 49.0 58.7
Multi-scale CNN

[4] 1 20.9 13.2 - 44.4 67.2 75.9

Deep3D [12] 1 26.9 14.8 - 42.0 61.2 68.2
SkipNet [13] 1 19.8 12.0 28.2 47.9 70.0 77.8
SURGE [22] 1 20.6 12.2 - 47.3 68.9 76.6
GeoNet [14] 1 19.0 11.8 26.9 48.4 71.5 79.5

Source Only 0 35.9 33.9 49.1 14.5 25.2 39.9
FS-1 ρ 26.4 18.7 34.8 28.7 57.7 68.8

FS-CRW-5 ρ 26.3 18.3 34.7 29.1 58.6 69.4
FS-CRW-7 ρ 25.6 17.3 33.9 29.8 60.1 70.5
FS-CRW-9 ρ 25.8 18.1 34.0 28.3 59.9 70.6

KADA-
FS-CRW-7 ρ 25.1 17.1 33.6 31.8 61.1 71.2

KADA-GAN-
FS-CRW-7-VAR ρ 24.8 16.8 33.3 32.6 61.7 71.6

abundant synthetic source normals and real target normals.
The FS-KADA algorithm was able to capture both the domain
invariant representations and mappings between unpaired im-
age domains. The FS-KADA focused on both associating
abundant synthetic source normals with few available target
normals at multi-feature scales - latent spaces and image
spaces. In particular, contextual weighting was performed
successfully by a criterion of similarity and grayscale vari-
ance on the neighborhoods of a single available target normal
in image spaces. Adversarial learning was proved to get
smoothing target normals at predictions. All components
of the FS-KADA were evaluated in two experimental set-
tings. One pair was of MLT and SNOW setting, showing the
state-of-the-art; another pair was of MLT and NYUv2 setting,
representing the effective gains.
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