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Abstract

In this supplementary material, we provide a detailed
explanation for GuideFormer and additional analysis for
the related experiments that have not been presented in
the main paper due to space constraints. This includes a
detailed explanation of the dual-branch transformer-based
encoder-decoder architecture and qualitative analysis of
GuideFormer:

1. Model Architecture of GuideFormer

In this section, we first explain multi-head self- and
guided-attention mechanisms, then introduce the more de-
tailed architecture of GuideFormer.

1.1. Multi-head Self- and Guided-attention Mecha-
nisms

In the main paper, we present the implementation of the
self- and guided-attention mechanism. Here, we explain
the multi-head attention mechanism. As introduced in [2],
multi-head attention performs attention h times in parallel
with different linearly projected queries, keys, and values.
By performing multi-head attention, a transformer model
can jointly capture various information from different token
representation subspaces. Given a input feature F € RV <,
query, key, and value for multi-head self-attention are first
linearly projected into % dimensions,

Q; =FW/!, K, =FW}, V, =FW;, (1)

where i € {1,2,---, h} and W¢, W¥ WY € ROX% . The
self-attention output for each head is computed as follows:
S-Atin(Q;, K;, V) = soft (Q"KiT +B)V;,
- n i, X, V4 ) = sollmax ]
Vv dh
where B is the relative positional bias [1] and d;, = % is the
channel dimension of each head. Then the all h outputs are

concatenated into a single final output:

F,.: = Concat(Hy,--- ,Hy,)

3
H,; = S-Attn(Qi, K;, Vz) )

where

The multi-head guided-attention is similar to the multi-
head self-attention, except that the guided-attention takes
multi-modal features as inputs. Given an input feature F; €
RN1%CT and a guidance feature Fg € RV6*C6 | they are
projected into query, key, and value separately.

Q =F/W! K;=FcW}, V,=FcW/, (4

where W? € RC*5¢ Wk WY € ROo* 5| The guided

attention output for each head is computed as follows:

QK
Vdp

Then the final output of the guided-attention is given as

G-Attn(Q;, K;, V;) = softmax( +B)V; (5

F,.: = Concat(Hy,--- ,H)W?°

6
Hi = G—Attn(Qi, Kivvi)a ( )

where

and W° € RE¢*C1_ In this work we set h to 3% for Cin
each encoder and decoder stage.

1.2. Two Different Architectures of GuideFormer

Figure 1 shows more detailed illustration of Guide-
Former with two guidance architectures (i.e. parallel and
sequential). As mentioned in the main paper, GuideFormer
consists of three main components: (1) a fully transformer-
based encoder-decoder architecture, (2) guided-attention
module (GAM), and (3) the depth fusion module. The dif-
ference between the two guidance architectures is the in-
puts of the GAMs. In the parallel guidance architecture,
the GAMs take the color and the depth tokens from the en-
coders of two branches as their inputs. In the sequential
guidance architecture, the GAMs take the color tokens from
the decoder of the color branch, while they take the depth



Model | Patchemb. DWC Upsample Skip | RMSE
default | res. blocks (0] shuffle (0] 765.38
(a) strided conv. (0] shuffle O 798.46
(b) res. blocks X shuffle (@) 768.94
(©) res. blocks (0] bilinear O 767.71
(d) res. blocks (0] shuffle X 779.85

Table 1. Ablation studies for the transformer components.

tokens from the encoder of the depth branch for their in-
puts. The tokens from the encoder and the decoder of the
color branch contain different contextual information and
their compatibility with the depth tokens as well. This leads
to the difference in the effect of guidance, as shown in abla-
tion studies in the main paper.

2. More Experimental Results
2.1. Ablation Studies for the Design of Transformer

In this section, we provide the ablation studies for the
distinct components of our fully transformer-based enc-dec,
including modified patch embedding, DWC, upsample, and
skip connection, in the supplementary material (as in Table
1). We found that, similar to CNN-based enc-dec, skip con-
nections are very important for dense prediction by bridg-
ing the gap between enc-dec representations. Other compo-
nents are also useful, and improve the performance of dense
depth completion.

2.2. Qualitative Analysis for GuideFormer

In the main paper, we provide quantitative analysis
for ablation studies on GuideFormer: (1) the transformer
encoder-decoder architecture, (2) GAM variants, and (3) the
guidance architectures. In this section, we present qualita-
tive results for them, as shown in Figure 2, 3, and 4. We
perform ablation studies with the validation set. We pick a
variety of objects in the images for fair comparison such as
bikes, traffic signs, trees, and cars.
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Figure 1. Detailed illustration of GuideFormer with two guidance architectures. Here, we express the pre-guide GAM as a representative.

TR enc - CNN dec CNN enc - CNN dec RGB
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Figure 2. Qualitative results for ablation studies on GuideFormer - CNN vs. Transformer (TR). Concatenation is used for fusing multi-

modal information by the sequential architecture in all models.
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Figure 3. Qualitative results for ablation studies on GuideFormer - GAM variants. All models adopt the parallel guidance architecture for
fair comparison.
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Figure 4. Qualitative results for ablation studies on GuideFormer - the guidance architecture. Pre-guide GAMs are used for comprising the
models.



