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Abstract

Readers familiar with visual generation models know that FID has long been one
of the key evaluation metrics, with lower values typically indicating more realistic gen-
eration. A natural question arises: why not directly use FID as the loss function for
training generative models? Is it because FID is non-differentiable? Not at all—FID is
in fact differentiable, and in theory presents no issue as a loss function. However, prac-
tical difficulties in computation arise. Recently, the paper Representation Fréchet Loss
for Visual Generation has made attempts to overcome these challenges, successfully
applying FID to fine-tune generative models and significantly improving single-step
generation performance. This article briefly explores the underlying mathematics and
implementation techniques.

1 Generation Metrics

FID, short for “Fréchet Inception Distance”, can be understood in two parts: “Fréchet
Distance (FD)” and “Inception (I)”. Suppose we have two distributions p and ¢, representing
real and generated samples respectively. We encode input samples & via a pretrained
encoder ¢ into feature vectors z = ¢(x) € R?, and estimate their mean vectors Ky, g and
covariance matrices 3,,3,. Assuming the encoded features follow multivariate normal
distributions, we can measure their discrepancy using the Wasserstein-2 distance:
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where we define tr as the trace of a matrix. Substituting the estimated mean and covari-
ance from the encoded features into this equation gives the “Fréchet Distance (FD)”. For
details on the derivation of this formula, interested readers may refer to [KL Divergence,
Bhattacharyya Distance, and Wasserstein Distance between 1Two Multivariate Normal DisA

tributions,
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When the encoder ¢ is taken to be InceptionV3 (I), the resulting metric is called
“Fréchet Inception Distance”, or FID. This evaluation metric was first introduced in the
2017 paper [GANs Trained by a Two 1ime-Scale Update Rule Converge to a Local Nash
Equiltbrium, which in some sense belongs to the “ancient era” of generative modeling.

Nowadays, however, in both training and evaluation, InceptionV3 is not mandatory;
more advanced feature extractors such as SigL.IP can be used instead. Alternatively, one
may compute the Fréchet Distance using multiple distinct encoders and sum the results.
We collectively refer to such generalizations as “FD Loss”.

2 Related Work

Although FID appears complex, it involves no non-differentiable operations, making its
use as a loss function a natural idea. Several years ago, such attempts already existed, for
example, in Image Generation Via Minimizing Fréchet Distance in Discriminator Featurd
Space and [Backpropagating through Fréchet Inception Distance.

However, early attempts did not achieve impressive results. The fundamental reason
lies in batch size. Typical loss functions compute per-sample losses and then average them.
In contrast, FID computes means and covariances over the entire batch before evaluating
the nonlinear function in (I). Consequently, FID estimated with small batches is biased,
and this bias cannot be eliminated through prolonged training, only mitigated by increasing
the batch size—leading to prohibitively high training costs.

The phrases “nonlinear operations involving cross-sample statistics” and “requirement
for large batch size” may sound familiar. Indeed, contrastive learning in vision typically
shares these two characteristics. Due to nonlinear interactions across samples, gradient
accumulation cannot easily increase effective batch size—but this is not impossible to
solve. See for example [Can Gradient Accumulation Be Used in Contrastive Learning?d. As
we shall see, the solution to the batch size problem in FID is conceptually similar.

From another perspective—using pretrained models to extract features for loss construction—
there is also the related work on [Perceptual Losd. However, this serves as a reconstruction
loss for individual samples and is typically used in training models like VAEs. It does not
involve cross-sample statistical computations, and thus presents no computational difficul-
ties.

3 Gradient Computation

We now proceed step by step to derive the gradients and understand the challenges in
using FD as a loss. First, we need to compute the gradients. Since p represents the real
data distribution, the statistics u,, ¥, are fixed, and we only need to compute gradients
with respect to p,, 3.
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The gradient with respect to p,, is straightforward:

quf = quHup - “q”2 = 2(’l’q - up) (2)
The gradient with respect to 3, is:
Vs, F = Vs, (5, + 5, - 2SYPEE) - - 2vs, a(SPEE) ()

We use the second line of (), which is more complex but has an advantage: the matrix
S = 21/ 22 21/ 2 is symmetric positive definite, a property that enables simplification. Let

the elgen—decomp051tlon of S be UAU ", so 82 = UAY?UT. Then:
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For derivations of eigenvalue gradients, refer to [Derivatives of SVLD. The result resem-
bles the derivative of /x, namely ﬁ, which feels intuitive. However, this is not trivial
and generally fails if S is not symmetric positive definite. Finally, by the chain rule:
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Combining everything, we obtain:
Vs Wilp.q) = I - S2(SY°%, 51212512 -

This form may appear complex, but 211,/ 2 can be precomputed. It suffices to compute
the square root and inverse square root of the symmetric positive definite matrix S =
Z}D/ QZqE;,/ 2 which can be done using the eigh function, or via the Newton-Schulz iteration
method described in [Efficient Computation of Matriz Square Root and Inverse Square Root
and [Efficient Computation of Matrixz r-th Root and Inverse r-th Rool.

4 Large Batches

Introduce the notation:

Ky = [Zp]) Vp = E[sz;—], Zp = ¢(mp)7 Lp ~ P (8)
ry = [z4], Vy= E[zqz;}, zq = o(zy), Lq ~ g
Then:
Tp=Vo =ttty Tg=Vy—pgpy (9)
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Note that z = ¢(x) typically has thousands of dimensions (e.g., 2048 for InceptionV3), so
accurate estimation often requires tens of thousands of samples. The real distribution is
fixed and p,, 3, can be precomputed. However, the generated distribution changes dy-
namically, and computing accurate estimates every step with tens of thousands of samples
implies an enormous batch size, which is computationally prohibitive in many settings.

On the other hand, the gradient formula (@) also reveals the necessity of large batches.
With small batches, the estimated V', may not be full rank, so 3, may not be invertible,
making (E;/ 22(]211,/ 2)=1/2 undefined (due to division by zero). Therefore, using FD as
a loss imposes a requirement on the training batch size—this is likely the most critical
practical difficulty.

Given computational constraints, we aim to simulate large batch effects using small
batches, similar to the “contrastive learning + gradient accumulation” scenario.

5 Equivalent Loss

Suppose a batch size B is required for accurate estimation of p,, V. Instead, we pro-
cess k = B/b small batches of size b with intermediate results /1511), ‘7((11), ;1512), ‘722)7 vy
ﬁ((]k), V((]k), such that:
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We seek an equivalent total gradient equal to the sum of gradients over small batches,
achieving unbiased estimation. Differentiating both sides of ():
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This means we compute [l,éi), V((;) in small batches, average them to obtain an accurate
kg, Vg, then compute gradients using the loss:

Fo= F (g — B0 1]y + 80k, [V = VR + VR (12)

and sum the gradients. This yields gradients equivalent to using a batch size B. Here,
[-]s¢ denotes the stop-gradient operator. Alternatively, we can update parameters each step
with a smaller learning rate, achieving a similar effect.



6 Historical Averaging

The above approach is theoretically sound, but not smooth: k forward passes are needed
before computing accurate p,, V4, and then gradients are computed retroactively. The
bottleneck is the need for global statistics to compute unbiased local gradients.

A natural idea: can we approximate p,, V7 Given small learning rates, model pa-
rameters change slowly, so p,, V4 should also change slowly. After including a new batch,
the updated statistic is only a small adjustment to the previous one. We use exponential
moving averages (EMA):
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This maintains an effective averaging window of size O(1/(1 — f3)), effectively increasing
the statistical batch size by a factor of O(1/(1 — )). Thus, at each step we can compute
the gradient using the loss:

Fo=F | Bluf V], + (1= B)ad v+ 1 -pvY (14)
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Extra cost: storing p,, V4, which is minimal. This practice of “making up for small
batches with historical data” embodies the “streaming” idea in Streaming Power Iteration.
Additionally, the paper discusses a queue-based method that retains k historical batches,
computes gradients using (I[2) and removes the oldest batch. This method is simpler but
more memory-intensive than EMA and performs worse in practice.

7 Experimental Overview

The paper’s experiments focus on post-training of generative models, aiming to improve

one-step generation via FD Loss, or fine-tune multi-step models to one-step. When com-

bining multiple encoders to compute FD Loss, a loss normalization technique balances
losses of different scales:

L= 15

I 15

This technique was also discussed in |On Multi-Task Learning (I): The Name of the Loss.

The paper’s key achievement is pushing one-step generation performance (FID) to un-
precedented levels, surpassing both one-step and multi-step baselines. This result appears
near the performance ceiling. Some figures are shown below:
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Table 2: FD-loss repurposes multi-step Base Ours (post-trained with FD-loss)
JiT models to generate in one step. All I-step  50-step
post-trained models use 1 NFE. Setting: JiT-
L/16 [23], post-trained for 50 epochs. 1200
NFE = 50 steps x 2 (Heun) x 2 (CFG).

Inception MAE  SigLIP+MAE sigLipstncepsmae

e 4

setting NFE FID| ISt FDr% |
base model

JiT-L (50-step) 2001 259 2885 10.73
JiT-L (1-step) 1 29159 20 21475
models post-trained with FD-loss

FD-Incep. 077 2937 12.86

1
FD-MAE 1 6.52 2804 930
FD-SigLIP 1 510 3296 9.04
FD-SigLIP+MAE 1 467 3540 383
FD-SigLIP+Incep+MAE (SIM) 1 085 3195 329
Figure 5: Repurposing a multi-step model into a one-step generator with FD-loss. Samples from
the same noise input across the base model and different post-trained models. The naive one-step
base model fails to produce sensible images. After post-training, the 1-NFE models generate sensible
images, and the strongest variants are visually comparable or superior to the 50-step base model.

Figure 1: FD loss improves one-step generation performance

8 Summary

This article theoretically analyzes the challenges of using FID as a loss function for gener-
ative models and derives corresponding techniques to overcome them.



Table 4: System-level comparison on ImageNet 256 x 256. All metrics for all methods are computed
by us under a unified evaluation pipeline; numbers may differ slightly from the original papers. Our
FD-loss (shaded rows) improves already strong generators across geneartor families and model
scales. TCFG is applied only in a time sub-interval; we report the full-CFG upper bound for simplicity.
Uncurated qualitative samples are in Appendix E.

method NFE space #params FDr® | FID| ISt Prect Recallt
reference (real images)

50k validation images N/A N/A N/A 1.00 1.68 2322 0.5 0.66
discrete-space models

VAR-d30 10x2 discrete 2B 670 197 304.6 0.82 0.59
BAR-L [57] 256x2x4  discrete  1.1B 357 101 2819 0.77 0.68

latent-space models, multi-step
without semantic distillation

SiT-XL/2 [33] 250x2 latent 675M 844 212 2567 0.81 0.60
MAR-L [24] 256x2x100 latent 478M 6.68 1.80 2934 0.80 0.60
FlowAR-H [41] 50x2f latent 1.9B 6.13 1.68 2741 0.80 0.62
MAR-H [24] 256x2x100 latent 942M 5.61 1.56 299.5 0.80 0.62

MAR-L, DeTok [54 256x2x100 latent 478M 5.49 1.39 306.2 0.81 0.62
with semantic distillation

REG [51] 250 %21 latent 685M 464 154 3029 0.78 0.62
SiT-XL/2-REPA [58] 2502t latent 675M 5.45 142 306.1 0.80 0.65
LightningDiT [55] 2502 latent 675M 4.57 142 2943 0.80 0.64
DDT-XL [50] 2502 latent 675M 570 126 3093 0.79 0.66
REPA-E [22] 250% 2t latent 676M 3.04 117 2983 0.79 0.66
RAE-XL [59] 50x2t latent 839M 326 116 261.0 0.77 0.67
latent-space models, one-step
Drift-L (latent) [6] 1 latent 463M 1092 153 2572 0.79 0.63
iMF-XL [12] 1 latent 610M 8.39 1.82 2789 0.78 0.63
iMF-XL [12] 2 latent 610M 7.48 1.61 2891 0.79 0.63
+ FD-loss 1 latent 610M 245 076 3013 0.77 0.67
pixel-space models, multi-step
PixNerd-XL [49] 100%x2 pixel 1.0B 5.01 2.10 3188 0381 0.59
JT-L [23] 50x2x2t pixel 459M 1073  2.59 2885 0.79 0.59
+ FD-loss 1 pixel 459M 324 077 3173 077 0.66
JiT-H [23] 50%2x2t pixel 953M 766 197 296.0 0.78 0.63
+ FD-loss 1 pixel 953M 265 0.75 313.0 0.76 0.66
pixel-space models, one-step
Drift-L (pixel) [6] 1 pixel 465M 1051 143 3058 0.81 0.60
pMF-L [30] 1 pixel 410M 9.09 272 2617 081 0.56
+ FD-loss 1 pixel 410M 209 078 3092 0.76 0.67
pMF-H [30] 1 pixel 935M 6.87 229 2672 0.80 0.59
+ FD-loss 1 pixel 935M 1.89 077 3101 0.77 0.68

Figure 2: Comprehensive comparison of FD loss
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