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(a) The planning FBCT. (b) The CBCT scan at the beginning. (c) The CBCT scan at the ending.

Figure 1: Example images from the ThoraxCBCT dataset.

1 WHY IS SHIFTMORPH ROBUST?
The shifted embedding module contributes to the main reason for
robustness. This module produces eight different encoding results
and averages them within groups, which is conducive to Gaussian
noise removals. Expressly, the mean distribution of 𝑘 samples from
𝑁 (0, 𝜎2) is 𝑁 (0, 𝜎2

𝑘
). As a result, the energy of the noise can be sig-

nificantly attenuated, stabilizing the output features and achieving
good robustness. In the case of real noise with unknown structures,
averaging can also suppress the feature variance to some extent,
serving as a simple boosting method.

2 ROBUSTNESS TO REAL NOISE
We then use the ThoraxCBCT [1, 2] dataset to evaluate the robust-
ness in the real-world noisy scenario, as well as the generalization
ability. The ThoraxCBCT dataset is a benchmark for the registration
problem of image-guided radiation therapy (IGRT) between pre-
therapeutic fan-beam CT (FBCT) and interventional low-dose cone
beam CT (CBCT) is addressed. The planning FBCT (inspiration)
before therapy is of high quality, whereas the two corresponding
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Figure 2: The impacts of the self-consistency learning on the
OASIS dataset.

low-dose CBCT scans at the beginning and the end of therapy (ex-
piration) contain noise with unknown complicated structures, as

Table 1: Robustness testing on the ThoraxCBCT dataset. The Dice score is computed using the binary masks.

Training set Validation set
Dice TRE (mm) TRE opt. (mm) Folds (%) Dice TRE (mm) TRE opt. (mm) Folds (%)

TransMorph 0.64938 22.225 15.785 19.147 0.60058 27.377 20.187 17.777
TransMatch 0.67007 19.374 14.594 14.676 0.61767 21.314 16.014 15.576
VoxelMorph++ - >30 >30 - - >30 >30 -
LapIRN 0.70434 >30 >30 >30 0.62346 >30 >30 >30
PCNet 0.68376 24.377 15.826 0.40113 0.63065 26.435 17.155 0.38443
FourierNet 0.70585 24.336 16.877 0.00141 0.65654 27.066 18.826 0.00362
ShiftMorph 0.71322 13.391 12.731 1.35764 0.67852 14.521 12.452 1.13144
ShiftMorph-diff 0.71113 13.402 12.702 0.00152 0.67593 14.552 12.441 0.00031
ShiftMorph×3 0.75421 17.023 14.323 4.51205 0.71061 18.903 14.713 4.13905



117

118

119

120

121

122

123

124

125

126

127

128

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143

144

145

146

147

148

149

150

151

152

153

154

155

156

157

158

159

160

161

162

163

164

165

166

167

168

169

170

171

172

173

174

ACM MM, 2024, Melbourne, Australia Anonymous Authors

175

176

177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

shown in Fig. 1. Similarly, the keypoint correspondences are auto-
matically generated using corrfield. We then filter out the invalid
values and use morphology operators to generate a mask for each
scan. Only the training set (22 image pairs) and the validation set
(6 image pairs) are available now.

We directly use the model weights trained in the Lung250M-
4B dataset and assess how the registration performance degrades
in this dataset. As evidenced by Tab.1, the proposed method per-
forms the best in this challenging case. Comparingly, LapIRN and
VoxelMorph++ cannot be generalized into this dataset, presenting
abnormal deformation results.

3 PARAMETER SELECTION
The weight for the self-consistency loss, i.e. 𝛾 , is selected from a
set of {0, 10−3, 10−2, 10−1, 1}. As shown in Fig. 2, 𝛾 = 0.01 gives
better dice scores for ShiftMorph and ShiftMorph×3. However,
when applying the squaring and scaling skill, a smaller value, i.e.,
𝛾 = 0.001, works better for ShiftMorph-diff. Higher 𝛾 will cause
underfitting due to imposing too much regularization.
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