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A. Additional Experiments

A.1. Path Straightness

We measure path straightness using Eq. (18) from [13], with 10K samples (conditions sampled from the validation sets) and
25 steps in Tab. Al. Specifically, we measure

Et a0y [KVo.o(ti 1(X0))K? Kk 1(X0) XoK?]; (A1)

where ;(Xg) denotes the numerical integration result when integrating Xo from 0 to t following the flow field represented by
Vg... Our method consistently achieves straighter paths than FM. Although OT has even straighter paths, the end points of
these paths do not accurately model the target distribution, indicated by the higher FID.

CIFAR ImageNet32 ImageNet256
Straightness ¢ FID | Straightness | FID | Straightness | FID |
FM 110.83 0.20 5.64 13395 034 7.17 4803.0 79.8 3.90
oT 73.54 024 6.82 9771 023 7.85 4088.6 37.5 7.48

C?0T (ours) 84.99 026 5.64 12254 0.34 7.07 46252 545 3.70

Table Al. Path straightness and FID of FM, OT, and C?0T.

A.2. Class-to-Image

We supplement our existing CIFAR-10 class-to-image experiments (??) with additional class-to-image results on ImageNet32.
Results in Tab. A2 are consistent with existing findings.

ImageNet 32 32 Class-Conditioned Generation
Method Euler-2 Euler-5 Euler-10 Euler-25 Euler-50 Euler-100 Adaptive

FM 116.296 22.224 9.530  5.892  5.334 5.116 4.993
oT 71.700 20.703 11.385  8.065 7.492 7.303 7.316
C?0T (ours) 81.480 18.285 8.661 5.607  5.201 5.055 5.035

Table A2. Class-to-image performance comparisons on ImageNet-32.

A.3. Predicting Conditions from Coupled Prior

We note that OT degrades less significantly in high-dim as it skews the prior less (but still does), since mini-batch OT becomes
noisy in high-dim. To quantify, we train a condition-classifier with the coupled prior (Xp) as input (e.g., in Fig. 2 of the main
paper, a classifier can perfectly predict the condition based on Xg) on CIFAR with varying resolutions and number of dims. We
collect 100K couplings for training, and divide them into an 80:20 train/test split. Tab. A3 shows the results: as the number of
dimensions increases, the classifier becomes less accurate (less prior skew) for OT. Both FM and C20T lead to unbiased prior,
so the classifier performs at random guess accuracy (10%).

Method 2 2 4 4 8 8 16 16 32 32
FM 10.0% 03 99% 0.1 10.0% 03 99% 02 98% 0.1
oT 29.7% 04 273% 03 244% 04 22.6% 03 20.1% 0.3

C20T (ours) 10.0% 03 10.0% 0.3 10.0% 03 99% 02 9.9% 0.2

Table A3. Test-set classification accuracy of predicting the conditioning class when given the coupled input noise in the CIFAR-10 dataset.

A.4. Extended Results with Different OT Batch Sizes

We compare OT batch size scaling of OT and C2OT in Table A4. The results are consistent with our findings in 22 — OT has
better FID with few steps but does not align well with the input condition (worse CE), and increasing OT batch size improves
few-step performance and slightly harms many-step performance.



Method (OT batch size) Euler-2 Euler-5 Euler-10 Euler-25 Euler-50 Euler-100 Adaptive NFE |
OT (128) 64.3051+0.593 18.033+0.566 10.659+0.354 6.75340.26 5.32640.157 4.63910.084 4.142+0.015 125.6+0.5
OT (640) 59.5061+0.976 18.710+0.673 11.588+£0.475 7.55540.301 5.99740.222 5.23240.175 4.624+0.122 126.1+£1.1
OT (1280) 57.656+1.075 18.206+£2.063 11.284+£1.707 7.45241.116 6.03640.696 5.37410.408 4.895+0.044 125.1£6.5
OT (2560) 56.1861+0.876 17.976+£1.752 11.084+£1.682 7.381+1.078 6.0684+0.633 5.4734+0.325 5.071+0.074 125.8+7.1
3 OT (5120) 54.9661+0.212 19.399+0.194 12.563+0.112 8.498+0.056 6.86940.038 6.0421+0.042 5.352+0.074 128.0£3.0
= C20T (128) 74.5171+0.075 18.281+£0.443  9.704£0.326 5.53640.193 4.07740.135 3.39140.101 2.880+0.059 124.0+£2.5
C20T (640) 64.84940.474 17.5724£0.263  9.770£0.195 5.63440.112 4.1504-0.083 3.44610.068 2.905+0.047 127.2+0.3
C20T (1280) 61.8501+0.373 17.325+£0.407 9.706+£0.321 5.668+0.206 4.20040.147 3.4954+0.102 2.951+0.048 124.1£0.9
C20T (2560) 59.3614+0.324 17.213+£0.297 9.795+£0.200 5.71240.149 4.21340.102 3.49610.068 2.9424+0.030 125.5+0.7
C?0T (5120) 56.0111+0.556 17.046+0.185 9.904+£0.205 5.83040.126 4.29140.079 3.53640.054 2.945+0.022 128.7+0.7
OT (128) 2.52540.015 0.619£0.016 0.4254+0.006 0.368+£0.004 0.3614+0.004 0.363£0.006 0.3714+0.006 125.6+0.5
OT (640) 2.38640.048 0.6724+0.018 0.470£0.011 0.405£0.008 0.39340.006 0.39240.007 0.398+0.008 126.1+£1.1
OT (1280) 2.34840.057 0.6901+0.030 0.487+0.015 0.427+0.009 0.42240.005 0.42540.003 0.435+0.007 125.1£6.5
OT (2560) 2.29840.031 0.7024+0.020 0.505+0.010 0.443+0.006 0.43640.008 0.438+0.011 0.447+0.014 125.8+7.1
— OT (5120) 2.27740.029 0.7424+0.006 0.537+£0.012 0.464+0.009 0.45340.008 0.45340.007 0.4611+0.006 128.0+3.0
8 C20T (128) 2.63640.033 0.485+0.007 0.3174£0.004 0.270£0.004 0.26540.001 0.2664-0.002 0.2714+0.004 124.0+2.5
C20T (640) 2.27040.021 0.47740.012 0.321£0.005 0.276£0.008 0.27240.004 0.2734-0.005 0.280+0.005 127.2+0.3
C20T (1280) 2.16640.032 0.4754+0.010 0.324+0.008 0.279£0.003 0.27340.004 0.2744-0.003 0.281+0.003 124.1£0.9
C20T (2560) 2.04940.005 0.468+0.005 0.321£0.003 0.278+0.006 0.27240.007 0.27240.007 0.27740.008 125.5+0.7
C20T (5120) 1.91040.037 0.4631+0.006 0.3274£0.008 0.282+0.005 0.27840.005 0.27940.004 0.284+0.004 128.7+0.7

Table A4. Performance of OT and C?OT in CIFAR-10 when trained with different OT batch sizes.

A.S. Extended Results with Different Target Ratios

We list additional results on ImageNet-32 and ImageNet-256 in Table A5: ry,, = 0:01 generally strikes a good balance, but we

note that it might not be optimal for all datasets.

ImageNet 32 32 Caption-Conditioned Generation

Mar Euler-2 Euler-5 Euler-10 Euler-25 Euler-50 Euler-100 Adaptive
0.005 104.386 22.254 10.939 7.015  6.022 5.576 5.284
0.01 102.380 21.965 10.897 7.069 6.084 5.638 5.350
0.1 82.456 20.820 11.035 7.438 6.501 6.080 5.843
ImageNet 256 256 Caption-Conditioned Generation
0.005 201.906 30.159 9.852 5.114 3.795 3.373 3.377
0.01 201.010 30.578 10.032 5.075  3.702 3.335 3.290
0.1  199.009 37.014 13.293 6.277  4.608 4.268 4.570

Table A5. Results with different ri,.

A.6. Reference Condition Adherence Metrics

We measure condition adherence in Section 4 via two condition adherence metrics. On CIFAR-10, we compute the average
cross-entropy of the logits predicted by a pretrained classifier' on the generated images against the ground-truth conditioning
labels. On ImageNet, we compute the average cosine distance between the CLIP embeddings extracted from the generated
images versus the conditioning captions, using SigLip-2 [15]°. For reference, we compute these metrics on the validation set
using ground-truth images and present the results in Table A6.

B. Extended Plots

Figures A1 and A2 extend Figures 5 and 6 of the main paper to include all data points.

'https://github.com/chenyaofo/pytorch-cifar-models, commit d1c8699b911da7d412979600c84d2a4fe3728473, ResNet56
2ViT-SO400M-16-SigLIP2-256


https://github.com/chenyaofo/pytorch-cifar-models

Dataset CE()
CIFAR-10 0.0005
Dataset CLIP (™)

ImageNet 32 32 0.1119
ImageNet 256 256  0.1363

Table A6. Reference condition adherence metrics on ground-truth images.
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C. Data Coupling in 8 Gaussians moons

Figure A3 extends Figure 1 with an additional row that shows coupling during training. Clearly, OT samples form a biased
distribution at training time in conditional generation as discussed. Since we cannot sample from this biased distribution at
test-time, we obtain a gap between training and testing. This gap degrades the performance of OT.

D. Implementation Details

D.1. Two-Dimensional Data

Data. Following the implementation of Tong et §l.4], we generate the “moons” data using tbechdyn library [12],
and the “8 Gaussians” usingrchcfm  [14].

Network. We employ a simple multi-layer perceptron (MLP) network for this dataset. Initially, the two-dimensional input (x

and y coordinates) and the ow timestep (a scalar uniformly sampled f@pfd) are projected into the hidden dimension using
individual linear layers. When an input condition is provided, it is similarly projected into the hidden dimension. Discrete
conditions are encoded as -1 or +1, while continuous conditions are represented by the x-coordinate of the target data point.
After projection, all input features are summed and processed through a network comprising three MLP modules. Each MLP
module consists of two linear layers, where the rst layer uses an expansion ratio of 4, and is followed by a GELU activation
function [5]. We use a residual connection to incorporate the output of each MLP block. Finally, another linear layer projects
the features to two dimensions to produce the output velocity. The hidden dimension is set to 128.
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