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Longitudinal Medical Images: repeated Image-Level Trajectory Inference
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Fig. 1. Advantages of image-level trajectory inference. . 4
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Figure 2: Overview of the proposed ImageFlowNet. (A) The model uses an earlier image x; at time
t; as well as the change in time ¢; — ¢; to forecast the future image x; at time ¢;. (B) For each
hidden layer, a separate flow field fy is used to model the joint patient embedding space. Trajectory
inference can be performed by integration along this flow field. It should be noted that the change in
time ¢; — ¢; is sufficient for integration in practice, while the exact time values ¢; and ¢; are included
in the integral merely for mathematical clarity. (C) The learning objective has four components. The
loss function and modules affected by each component are illustrated.
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Parameterize the continuous dynamics of hidden
units using an ordinary differential equation (ODE)
specified by a neural network.
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9 Contrastive learning regularization organizes a well-
structured ImageFlowNet latent space, by encouraging prox-
imity of representations from images within the same longi-
tudinal series, following the SimSiam formulation [16].

9 Trajectory smoothness regularization leverages a theo-
rem in convex optimization (Lemma 2.2 in [17]) to enforce
smoothness of trajectories by regularizing the norm of the
field. Notably, this achieves Lipschitz continuity, satisfying a
crucial assumption for our theoretical results.
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0 Image reconstruction objective is achieved by a MSE
loss, attending to low-level features on the pixel level.

@ Visual feature regularization guides the network to
produce images that resemble the ground truth on high-level
features judged by an encoder pretrained on ImageNet [15].
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3. Results

Theoretical Results Future Image Forecasting Performance (continued)

Table 1: Image forecasting performance: metric(x;,Z;). ; = F(x;,t;,t5), Vi < J.
TExtrapolation methods use the entire history. “++” means using the 3 regularizations in Eqn (5).

1. Equivalent Expressiveness of our ODE and standard ODE.

Proposition IV.1. Let fy be a continuous function that satisfies the Lipschitz

: . . S T — Dataset Metric  Linear’ Cubic SplineJr T-UNet T-Diffusion ImageFlowNetope ~ ImageFlowNetopg++  ImageFlowNetspe ~ ImageFlowNetspe++
con.tmuzty ana'. linear growth condztzons.. Also, let the initial stat(f y(to) = Yo 301 31] (40] 341 (ours) (ours) (ours) (ours)
J atl‘sﬁ) the ﬁn ite second moment r cqutn en? ent. SL.lp p .Os € ~ (to) is the lat_en t Retinal PSNR 1  20.22+0.00 19.79+ 0.00 22.06+ 0.33 22.29+ 0.33 22.63+0.26 22.74+ 0.25 22.3240.29 22.89+ 0.28
representation learned by ImageFlowNet in the initial state corresponding Images SSIM+ 0.535+0000 0.505+0000  0.635+0015 0.624+0016 0.646+0012  0.647+ 0013 0.651+ 0015  0.651+ 0.012
; s all MAE ] 0.163+0.000 0.177+ 0.000 0.1264+0.005 0.1224+0.004 0.119+ 0.004 0.118+ 0.004 0.124+ 0.005 0.115+ 0.004
fo to. Then, our neurfll ODE;S are at least as expressive _ as the original cases MSE ] 0.050+0.000 0.060-+ 0.000 0.029+ 0002  0.027+ 0002 0.024-+ 0.001 0.024 -+ 0.001 0.027 + 0.002 0.023-+ 0.001
neural ODEs, and their solutions capture the same dynamics. 1 DSC1+ 0.833+0000 0.756+0000  0.872+0012 0.867+0014 0.874+ 0.012 0.873+ 0.011 0.885- 0.011 0.883+ 0.012
HD| 51.64+0.00 54.30+ 0.00 44.59+ 4.66 44.41+ 4.74 42.68+ 432 47.104 4.89 48.14+ 4.87 45.14+ 4.89
. . . minor PSNR 1+ 21.36+ 0.00 21.08+ 0.00 22.56+ 0.55 22.99+ 0.55 23.23+0.34 23.44+ 033 23.28+ 0.36 23.63+ 0.43
2. Connection between ImageFIowN et and dynam iIc optimal transport. atrophy SSIM1 0.599+0000 0.586+0000  0.662+0023 0.657+0024 0.682+0018  0.685+0.018 0.693- 0018 0.687-+ 0.019
growth MAE | 0.141+0000 0.147+ 0.000 0.121+ 0007 0.114+0007 0.110+ 0.005 0.108- 0.004 0.109+ 0.005 0.106-- 0.005
P iti IV2. | 7 : F e 2D orid 2 MSE | 0.038+0.000 0.042+ 0.000 0.027+0.003 0.024+0.002 0.021+ 0.002 0.020-- 0.002 0.021+ 0.002 0.020- 0.002
roposition IV.2. If we consider an image as a distribution over a 8ria, DSC?T 0.900+ 0000 0.874+0000  0.949+ 0004 0.949+ 0004 0.936-+ 0.009 0.939- 0.007 0.948+ 0.005 0.948+ 0.006
ImageFlowNet is equivalently solving a dynamic optimal transport problem, HD| 38.15+000  41.67+0.00 3574+ 567  29.40+477  34.59+ 6.20 39.86-+ 6.40 31.66+ 521 36.98-+ 6.04
as it meets 3 essential criteria: (1) matching the density, (2) smoothing the major PSNR 1 19.02-+ 0.00 18.41+ 0.00 21.40+033  21.68+032  21.94+ 034 22.01+ 033 22.01+ 0.30 22.10-+ 0.31
d - d (3 T y Sh th T atrophy SSIM 1 0.468-+0.000 0.420-+ 0.000 0.607+0.017 0.588+0.017 0.607+ 0.014 0.606+ 0.014 0.607+ 0.014 0.613+-0.013
ynamics, an ( ) minimizing ine transport cost, where iné groun istance growth MAE| 0.186+0.000 0.210+ 0.000 0.1354+0.006 0.131+0006 0.129+ 0.006 0.1294 0.006 0.128 0.005 0.126-+ 0.005
is the Euclidean distance in the latent joint embedding space. 3 MSE | 0.063+0.000 0.080+ 0.000 0.032+0.003 0.030+ 0002 0.028+ 0.002 0.028+ 0.002 0.027 -+ 0.002 0.027 -+ 0.002
DSC1 0.762+0.000 0.631+ 0.000 0.784+0.016 0.779+0.019 0.807+ 0.014 0.803+ 0.012 0.817+ 0016 0.814+ 0.017
HD|] 65.97+0.00 67.73+ 0.00 61.43+ 7.26 60.36+ 7.37 51.28+7.13 54.79+ 7.19 65.65+ 7.17 53.81+7.49
Brain PSNR 1+ 30.07+0.00 29.56+ 0.00 31.55+0.20 31.57+ 023 32.01+0.19 32.344 0.20 32.40+ 0.20 32.41+ 0.20
I MS SSIMT  0.895+ 0000 0.888-+ 0.000 0.909+0.003 0.907+0.003 0.914+ 0.002 0.915-+ 0.002 0.913+ 0.002 0.915-+ 0.002
FUtU re I ma'qe ForecaStl n'q Performance Images MAE | 0.028+0.000 0.030+ 0.000 0.0244+-0.000 0.024+0.001  0.023+ 0.000 0.021+ 0.000 0.021 -+ 0.000 0.021 + 0.000
4 MSE | 0.004+ 0000 0.005+ 0.000 0.004+ 0.000  0.004+0.000  0.003- 0.000 0.003-+ 0.000 0.003 -+ 0.000 0.003 -+ 0.000
Ground Truth Input Linear Cubic Spline  T-UNet T-Diffusion  imageFlowNetoos ImageFlowNetooe++ ImageFlowNetsoe lmageFIo;Netsnsﬂ DSC1 0.739+0.000 0.682+ 0.000 0.774+ 0007 0.771+0.007 0.775%+ 0.007 0.777+ 0.007 0.777+ 0.007 0.774+ 0.007
S S TR (. SO U . s A D - HD| 22.73+000  26.23+0.00 22.00+130 20.91+123  22.38+ 1.8 21724116 2221+ 1.27 21.28+ 1.27
& S : T : ST ELT BT Brain PSNR1T 35324000  33.60+000 35734013 35494017  35.86+0.12 35.90- 0.14 35774012 35.79+0.15
Image [ o GBM SSIM 1T 0.929+0.000 0.895+ 0.000 0.935+0.001  0.940+ 0001  0.940+ 0.001 0.943-- 0.001 0.937+ 0.001 0.939+ 0.001
Images MAE| 0.017+0.000 0.024-+ 0.000 0.015+0.000  0.014+ 0000  0.014-+ 0.000 0.014 -+ 0.000 0.015+ 0.000 0.015+ 0.000
- ot 100 U 0o v rome oo 042510025 5 MSE ] 0.002+0.000 0.005+ 0.000 0.001+ 0000  0.002+ 0000  0.001-+ 0.000 0.001 -+ 0.000 0.001 -+ 0.000 0.001 -+ 0.000
| 2 3 ' a g = i a8 DSC1 0.300+0.000 0.287+ 0.000 0.258+0.018 0.253+0.017 0.302+ 0.019 0.266+ 0.018 0.2864 0.019 0.2874 0.017
Residual HD | 170.44+000 165.62-+ 0.00 195.52+ 769 189.61+7.64 198.19+7.78 185.14+ 7.69 196.37+ 7.74 181.66+ 7.66
Map
1,4,5 Rank | 6.3:16 7.3+20 4.9+ 14 4.6+ 19 2.9+ 19 2.3+ 16 3.4+20 2150 5
— 1,2,3,4,5 Rank] 6.5+13 7.6+ 15 4.9 15 4.5+ 13 3.1+16 2. 7007 3.0+18 2.0+ 12
Disease
Region ‘
Latent Space Reqularization Test-Time Optimization
PSNR/SSIM 30.98/0.914 30.38/0.911 25.19/0.878 31.34/0.913 30.94/0.914 31.61/0.913 33.81/0.913 31.29/0.909 33.93/0.915 . . . . .
— ’ ' Using the entire history to locally fine-tune the vector field
- Ba8aagagaaan - e apim
ol 7] - Table 2: Effect of test-time optimization.
MAE / MSE 0.024 /0.003 0.028 / 0.003 0.057/0.012 0.025 / 0.003 0.025 /0.003 0.023 /0.003 0.019/0.002 0.025 /0.003 0.019/0.002 AR RN\ : ‘,' 00 | ' | :" a y : o ' % 08 Iterations Learning Rate PSNRT SSIMT MAE| MSE| DSCT HDJ
Residual T 5 Ay /) RV T RN S > N/A N/A 2231 0643  0.123  0.027 0827 51.07
esiaua < 1 ) N b o P E o0 ot [\ ‘ " | : =7 SNy
Map »= <) < - AR IR . RO i W 1 SO 1 1074 22 52 0.646 0.120 0.025 0.829 48.97
g SR RN NGO B 1 105 2236  0.643 0.122 0.027 0827 51.02
DSC / HD 0.803/8.00 0.494 / 28.86 0.311/35.36 0.823/8.00 0.803 / 8.00 0.846 / 7.00 0.844/3.16 0.813/6.00 0.854/3.16 Bl ™S ? M-; i o o 0081 i h”"/;; \\/// \:)\-'\jfx'\'“\ 1 10~ 22.51 0.643 0.123 0.027 0.827 51.07
<Gos o ofa obr oiz 10 10~4 20.63 0.605 0.157 0.042 0.749 64.79
Disease '_ . ‘ , . _ ' _ ﬁ 10 10—° 22.59 0.646 0.119 0.025 0.829 49.92
reglan 10 10 22.36 0.644 0.122 0.027 0.827 51.01
Figure 4: Joint representation space and the effect of contrastive learning regularization. Red dots are 100 10_: 19.63 0571 0.177 0.056 0.726 70.12
PSNR/ SSIM 30.98/0.914 29.20/0.865 32.60/0.899 31.34/0.909 29.72/0.889 31.88/0.914 33.80/0.909 32.81/0.911 31.37/0.903 the Observed dlsease States and arrows ConneCt adjacent tranSItlonS. Nonnallzed time IS COlor COded. 100 10:6 20.92 0.614 0'152 0.040 0.759 58'76
T (A) Without regularization (A, = 0). (B) With contrastive learning regularization (A, = 0.01). 100 10 22.61 0.646 0.119 0.025 0.829 49.74
MAE / MSE 0.026 / 0.004 0.023/0.003 0.022/0.003 0.026 / 0.004 0.021/0.003 0.019/0.002 0.021/0.002 0.022/0.003 Ab I atl O n Stu d I eS
. Table 3: Flow field formulation.
Residual PSNR? SSIMt MAE|, MSE| DSC? HDJ . o _ o . oL
Map foml) 2242 0643 0123 0027 0872 4838 Table 5: Visual feature regularization. Table 6: Contrastive regularization. Table 7: Smoothness regularization.
DSC / HD 0.136 / 45.54 0.006 / 47.54 0.000/ 63.19 0.127 / 45.88 0.138 / 45.54 0.093 / 42.95 0.103/51.97 ) . 0 2263 0.646 0.119 0.024 0874 42.68 0 22.63 0.646 0.119 0.024 0874 42.68 0 22.63 0.646 0.119 0.024 0874 42.68
Table 4: Latent representation. 0.001 22.65 0.658 0118 0.024 0872 4427 0001 2263 0646 0.119 0025 0872 4623  0.001 2238 0649 0123 0027 0870 4691
Disease PSNRt SSIMp MAE| MSE| DSCt HDI 0.01  22.64 0650 0.120 0.025 0.872 45.89 0.01 22,65 0.652 0.118 0.024 0875 42.18 0.01 22,65 0648 0.119 0024 0870 4571
Region e e B Wl D1 60 1o 4 0.1 2257  0.647 0120 0.025 0.869 50.69 0.1 2238 0651 0.121 0025 0871 4530 0.1 2270  0.657 0.118 0.024 0.878 47.44
all unique layers 2263 0646 0119 0024 0874 42.68 1 22.54  0.634 0.124 0.027 0867 48.13 1 2225 0644 0.121 0.025 0.868 46.85 1 2269 0.655 0.118 0.024 0.875 45.16




