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FlowPalm: Optical Flow Driven Non-Rigid Deformation for
Geometrically Diverse Palmprint Generation

Supplementary Material

CVPR
#
001 This supplementary material includes:
002 ¢ detailed algorithms of FlowPalm;
003 * data selection for generative training;
004 ¢ additional ablation studies;
005 « analysis of different numbers of synthetic identities;
006 * results on additional recognition backbones.

Algorithm 1: Deformation Prior Construction
Input: D,y : real palmprint dataset, RAFT:
optical flow estimator, R(-): recognition
model, 74, 7.: thresholds
Output: £: deformation library

L+ 0;
for each identity y in Dpaim do
Sample a palmprint pair (I, I;) from identity y;
F+RAFT(I,, I,);
Compute flow smoothness D (F);
if D(F) <7, then

L= W(I, F):;

C(F)<cos(R(I;), R(I;));

if C(F) > . then

L Add Fto £;

rgturn L

Algorithm 2: Training with Conditional Dropout

Input: z(: real palmprint, T,.;: texture extractor,
Ddrop: dropout probability

while not converged do

Sample a mini-batch {z(} from the training set;

C+ Tewt (l‘ 0 ) 5

Sample noise e ~N (0, T), timestep t ~U (1,T);

Zl?t<—\/C_Y_tIBO +\/1 — Qu €

With prob. pgyop set C'=0;

é(-Gg(l’t, C, t),

Laapm < [l€ — €[I3;

Update 6 by descending Vg Lagpm;

007 1. Algorithmic Overview

008 Algorithms 1-3 summarize the three core components of
009 FlowPalm. Algorithm 1 builds a deformation prior by col-
010 lecting optical flows between real palmprints and filter-

011 ing them with smoothness and identity-consistency criteria,

Algorithm 3: FlowPalm Three-Stage Sampling

Input: C': crease map, L: deformation library,
€ trained diffusion model, 7T': total steps
Output: x,: generated palmprint

Sample F~L, xp~N(0,1);
Stage I: Deformed Structure;
Cp+W(C,F); // Warp crease with F
for t = T down to t* do
| @1 ¢ ep(@s, Oy 1)
Zclean € (xt* — V91— oy €a($t*, Cun t*))/\/ Qg
Stage II: Texture Generation;
Sample £ ~N(0,1);
bwTwarp(&, F); // Warp noise with F
Ty 4=/ Qg Telean + V1 — Qg Ews
for t = t* down to 0.25T do
| @1 4ep(wr, Oy t);

Stage III: Unconditional Refinement;
Set C «();
for t = 0.25T down to 0 do
L Ti—1 <_69(xt7 C’ t);
return x

(b) MPD [11]

(a) XJTU [7] (c) TCD [10]

() IITD [5]

(d) CASIA [2] (f) PolyU [9]

Figure 1. Sample images from six benchmark palmprint datasets
used in our experiments.

forming a library of realistic non-rigid deformation. Algo-
rithm 2 trains a diffusion model with conditional dropout, so
that it can operate both with texture conditions and without
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Figure 2. Visualization of quality feature correlations and their marginal distributions.

Configs ‘ Score Distributions ‘ Verification Datasets
Metric Clean Stage-II Fréchet Inter-cls Intra-cls Ave.
Step  Time Distance| DistanceT Distance] XJTU  MPD  TCD  CASIA  NITD  PolyU

x - 0.1408 0.9558 0.6412 78.09 79.65 97.62 78.87 8749 98.54 | 86.71

v 0.1T 0.1514 0.9503 0.5894 91.89 9046 9924  86.80 92.16 99.52 | 93.34

TAR@FAR v 0.3T 0.1525 0.9545 0.4232 9454 9370 9950  96.00 9490 = 99.69 | 96.39
=le-3 1T (%) v 0.5T 0.1503 0.9559 0.3766 95.82 94.84 99.62 9560  96.11 99.64 | 96.94
v 0.77 0.1507 0.9551 0.3447 94.81 9239 9949 9593 9533 99.53 | 96.25

v 0.97 0.1507 0.9550 0.3201 93.09 90.05 9955 9740 9530 99.53 | 95.82

X - 0.1408 0.9558 0.6412 63.71 6493 9325 61.00 78.80 9534 | 76.17

v 0.1T 0.1514 0.9503 0.5894 80.50 79.77 98.14 6940 87.72 98.65 | 85.70

TAR@FAR v 0.3T 0.1525 0.9545 0.4232 8445 8597 9897 8840 91.11 99.07 | 91.33
=le-4 T (%) v 0.5T 0.1503 0.9559 0.3766 88.51 88.04 99.21 83.73 | 93.79 98.57 | 91.98
v 0.77 0.1507 0.9551 0.3447 85.06 84.13 9896 9240 9229 9745 | 91.72

v 0.97 0.1507 0.9550 0.3201 82.32  78.66 9895 9133  91.02 98.90 | 90.20

Table 1. Additional ablation on the clean step and Stage-II start time. The clean step indicates whether a clean denoising step is performed

as the end step in Stage L.

conditions (for unconditional refinement). Algorithm 3 then
defines a three-stage sampling procedure: Stage I shapes a
deformed but identity-consistent ridge structure, Stage Il in-
jects deformation-consistent textures via warped noise, and
Stage III performs unconditional refinement to remove arti-
facts and better match real palmprint statistics.

2. Training Data for Generative Model

As illustrated in Figure 1, the six benchmark datasets ex-
hibit diverse imaging conditions and quality levels. To ob-
tain high quality inputs for training the generative model,
we apply a quality filtering strategy. For each ROI, we com-
pute four scalar features: sharpness, local contrast, high-
frequency energy, and texture complexity. Their correla-
tions and marginal distributions are shown in Figure 2, from
which we derive a 10th-percentile threshold for each feature
on real data. An image is regarded as high quality if at least

three of the four features exceed their respective thresholds
(i.e., at most one feature falls below the 10% quantile); oth-
erwise it is assigned to the low-quality set. The high-quality
subset is then used as the main training data for our genera-
tive model.

3. Additional Ablation Studies

Table 1 examines how the clean step in Stage I and the
starting time of Stage II affect both distribution metrics and
downstream verification performance. We compare a base-
line without the clean step against several configurations
that enable it while varying the Stage-II start time. The re-
sults show that introducing the clean step significantly im-
proves intra-class similarity. Starting Stage II earlier fur-
ther increases intra-class similarity but simultaneously re-
duces intra-class diversity. Setting the Stage-II start time to
around 0.57" achieves the best overall performance.
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‘ Training Data ‘ IDs ‘

Verification Datasets ‘ Ave

Metric

\ \ | XITU MPD TCD CASIA 1ITD PolyU |
| RealData | - | 88.05 9471 9819 6893 9543 9930 | 90.77
TARGEAR 500 | 8428 8389 9879 8593 9307 99.22 | 90.86
e | Fowpalm | 1000 | L0 90.76 99.46 9480 9356 9958 | 9436
=le3 7 (%) o 2000 | 9582 9484 9962 9560 | 9611 99.64 | 96.94
4000 | 9641 9594 9981 9720 9556 99.62 | 97.42
8000 | 98.06 98.00 9992 9773 9539 9958 | 98.11
| RealData | - | 7692 84.13 9598 3853 9147 9854 | 80.93
500 | 6694 7465 9671 7200 8889 9827 | 8291
IR | Eiowpam | 1000 | 7556 8101 9870 8807 89.19 9841 | 8849
=le-4 (%) o 2,000 | 8851 8804 9921 8373 9379 9857 | 91.98
an 4000 | 90.67 8950 9950 9127 9307 9911 | 93.85
8000 | 93.95 9335 99.69 9420 9304 9876 | 95.50

Table 2. Verification performance on six benchmark datasets under different numbers of training identities. All models are trained with

RandAugment-based augmentation [1].

Backbone ‘ Metric ‘ Method ‘

Verification Datasets

‘ Avg.

Venue
\ \ \ | XITU MPD TCD CASIA 1ITD PolyU |

RPG-Palm [8] | ICCV’23 | 39.76 57.65 87.02 4587 91.08 95.14 | 69.42

tAR@FAR | FPCEPalm[3] | AAAT'24 | 3827 5585 78.64 4613 9013 7394 | 63.83
“le3t (%) | Diff-Pam[4] | CVPR'2S | 6441 79.14 9558 = 7560 9458 9458 | 83.98
PFIG-Palm [12] | TIP25 | 66.88 77.75 9595 67.73 93.83 97.65 | 83.30

FlowPalm (Ours) - 90.87 90.02 98.93 92.13  96.44 99.08 | 94.58

ResNet18

RPG-Palm [8] | ICCV'23 | 23.63 4357 7542 2853 8559 87.77 | 57.42

tAR@EAR | FPCEPam[3] | AAAI24 | 2391 4204 6690 2800 8461 59.85 | 50.89
“led 1(q) | DiffPam[4] | CVPR2S | 4529 6408 8998 5047 9036 87.90 | 72.85
PFIG-Palm[12] | TIP25 | 3278 6271 9032 50.60 89.48 93.68 | 69.93

FlowPalm (Ours) - 81.11 80.58 97.54 86.13 9428 98.15 | 89.63

RPG-Palm [8] | ICCV'23 | 4322 5698 8822 61.80 9111 9416 | 72.58

TAR@FAR | FCEPam[3] | AAAI'24 | 4504 61.81 8148 4467 8987 80.56 | 67.39
“le-31(q) | DiffPam[4] | CVPR2S | 6164 8156 97.00 7267 9530 96.84 | 84.17
PFIG-Palm [12] | TIP25 | 6720 7897 9690 6207 9350 98.05 | 82.78

FlowPalm (Ours) - 9270 9232 9943 9387  96.80 99.48 | 95.77

ResNet50

RPG-Palm [8] | ICCV’23 | 2572 41.92 7820 4487 8530 86.53 | 60.42

tAR@FAR | FPCEPalm[3] | AAAI24 | 2809 50.17 7052 2967 8402 7010 | 5543
“le-d 1 () | DiffPam[4] | CVPR2S | 3046 6846 9317 5780 9242 9253 | 73.97
PFIG-Palm [12] | TIP’25 | 4198 6423 9136 4480 8876 9440 | 70.92

FlowPalm (Ours) - 84.01 8340 98.51 8740 9490 98.64 | 91.14

Table 3. Quantitative comparison of different generation methods across additional recognition backbones. All models are trained using

RandAugment-based augmentation [1].

4. Effect of the Number of Synthetic Identities

Table 2 analyzes how the number of training identities in-
fluences verification performance when using FlowPalm-
generated data. We compare a model trained on real data
with models trained solely on FlowPalm data, where the
number of synthetic identities is gradually increased from

500 to 8,000. Notably, using FlowPalm data with only 500
synthetic identities already yields an average performance
that surpasses the real-data baseline. As the number of
synthetic identities increases, the TAR at both FAR=10"3
and FAR=10"* consistently improves, demonstrating that
FlowPalm scales effectively to large identity sets.
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5. Additional Recognition Backbones

To verify that the benefits of FlowPalm are not re-
stricted to a specific recognition architecture, Table 3 re-
ports additional results on two widely used backbones,
ResNet18 and ResNet50. For both TAR@FAR=10"3
and TAR@FAR=10"*, FlowPalm consistently achieves the
highest average performance across all six datasets on both
backbones.

6. Limitations

Although FlowPalm achieves strong performance, it still
has an inherent limitation. The deformation priors in our
framework are obtained from optical flows estimated be-
tween real palmprint pairs. While these flows do not contain
identity-specific information and are only used to model
general non-rigid patterns, this reliance on real data may
still restrict scalability.

In future work, we plan to investigate synthetic defor-
mation priors, for example by learning a generative model
capable of producing plausible flow fields or by comput-
ing deformations on 3D simulated hand models [6]. Such
directions would further improve privacy and the general
applicability of FlowPalm.
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