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Abstract

In this paper, we explore diffusion denoised examples as
augmentations to train image classifiers. In particular, we
diffuse the train examples to a randomly sampled diffusion
time (i.e., apply Gaussian perturbation) and then apply a
single diffusion denoising step to generate an augmented
train example. We provide an analysis of training classifiers
with such diffusion denoised examples through comparisons
with classifiers trained exclusively with (i) standard aug-
mentations such as horizontal flips and crops and (ii) novel
augmentations such as AugMix and DeepAugment. We show
that classifiers trained with diffusion denoised examples are
more robust than the classifiers trained using standard aug-
mentations without sacrificing clean test accuracy. Further-
more, we demonstrate that diffusion-denoised augmentations
are also useful as test-time augmentations and this allows us
to introduce a simple and efficient image-adaptation method
that is competitive with DDA.

1. Introduction

Image classifiers are inaccurate when presented with samples
that do not lie within the train distribution. Previous works
have demonstrated that image classifiers are surprisingly
sensitive to a wide variety of distributional shifts leading to
severely inaccurate predictions. Examples include: (a) syn-
thetic corruptions and perturbations (e.g., Imagenet-C [12],
Imagenet-P [12], Imagenet—c [20]), (b) natural and alterna-
tive renditions of in-distribution classes such as paintings,
sculptures, embrodiery, etc (e.g., Imagenet-R [14]), (c) natu-
rally occuring adversarial examples (e.g., Imagenet-A [15]),
(d) stylistic alterations (e.g., Imagenet-S [10]). Collectively,
these are referred to as out-of-distribution datasets.

Recent research towards improving robustness of classi-
fiers are focused on improved training techniques or test-time
adaptation. For example, AugMix[13], DeepAugment[14],
PixMix [16] and Prime [21] present novel augmentation
techniques that improve classifier robustness. On the other
hand, test-time adaptation algorithms adapt model param-
eters on a batch of test images (optionally, a single image)
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based on a self-supervised learning objective (e.g., masked
auto-encoder [8], rotation prediction [28], contrastive learn-
ing [5, 19]) or entropy minimization (e.g., TENT [29],
MEMO [33], SAR [23]).

Leveraging the recent advances in diffusion genera-
tive models, Diffusion Domain Adaptation (DDA) [9] and
Diffusion-TTA [25] propose test-time adaptation techniques
for robust classification. Specifically, DDA utilizes an uncon-
ditional diffusion model to transfer an input test image into
the source distribution while Diffusion-TTA utilizes a condi-
tional diffusion model to optimize the classifier weights over
a denoising loss-objective. By adapting the image instead
of the model, DDA demonstrates robustness across a variety
of evaluation settings (e.g., batch-sizes, batch composition,
non-stationary label shifts) unlike the model-adaptation al-
gorithms [9, 34].

In this work, we explore the application of diffusion mod-
els in training robust classifiers. Specifically, we propose
to train the classifier with one-step diffusion denoised im-
ages generated from Gaussian perturbed train examples —
in other words, we consider denoised examples as augmen-
tations of the original train image. We demonstrate that
classifiers finetuned on such denoised examples offer im-
proved robustness when compared with the last checkpoint.
Furthermore, we extend this to test-time and demonstrate
performance comparable to or exceeding DDA using an en-
semble prediction over test-time diffusion denoised images —
more importantly, our method is ~ 10x faster than DDA in
terms of wallclock time. In summary, our contributions are
as follows:

* We combine diffusion denoised augmentations with lead-
ing augmentation techniques such as AugMix and Deep-
Augment and demonstrate improved robustness on cov-
airate shifts at no cost to test accuracy.

* We qualitatively analyse diffusion denoised images and
provide hypotheses explaining the empirical observations.

* We extend the idea of diffusion denoised augmentations
to test time to further improve the classifier robustness.



2. Background

The stochastic diffusion framework [27] consists of two key
components: 1) the forward-diffusion (i.e., data to noise)
stochastic process, and 2) a learnable score-function that can
then be used for the reverse-diffusion (i.e., noise to data)
stochastic process.

The forward diffusion stochastic process {x;}ic(o,7]
starts at data, X, and ends at noise, x7. We let p;(x) denote
the probability density of x at time t, so, e.g., po(x) is the
distribution of the data, and py(x) is the distribution of the
noise. The diffusion is structured so that p(x) is indepen-
dent of the starting point at ¢ = 0. This process is defined
with a stochastic-differential-equation (SDE):

dx = f(x,t)dt + g(t) dw, (1)

where w denotes a standard Wiener process, f(x,t) is a drift
coefficient, and g(t) is a diffusion coefficient. The drift and
diffusion coefficients are usually manually specified such the
solution to the SDE with initial value x; is a time-varying
Gaussian distribution p;(x|x¢) whose mean p(xq,t) and
standard deviation o () can be exactly computed.

To sample from po(x) starting with samples from pp(x),
we have to solve the reverse diffusion SDE [1]:

dx = [f(x,t) — g(t)*Vxlogpi(x)] dt + g(t) dW, (2)

where dw is a standard Wiener process when time flows
from T to 0, and dt is an infinitesimal negative timestep.
In practice, the score function Vy log p;(x) is estimated by
a neural network sy(x,t), parameterized by 6, trained to
optimize a weighted sum of denoising score-matching losses
[27].

Denoised Examples. Given (xg,y) ~ po(x) and x ~
pi(x[x0) = N(x | p(x0,t), o2(t)I), we can compute the
denoised image X; using the pretrained score network sg as:

% = x + 0 (t)sa(x,t) 3)

Intuitively, X, is an expectation over all possible images
m; = pu(Xo,t) that are likely to have been perturbed with
N(0, o2(t)I) to generate x and the denoised example %X;
can be written as

x; = E[my|x] = / m; py(my|x)dm, (@)

We note that the mean does not change with diffusion time ¢
in variance-exploding SDEs while the mean decays to zero
with diffusion time for variance-preserving SDEs (DDPMs).

3. Denoised Examples as Augmentations
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Figure 1. Denoised Examples: Given xq, we show X for different
values of diffusion time ¢ arranged chronologically.

In this section, we detail the training procedure of classifiers
with denoised examples as augmentations. Previous studies
have mainly focused on the use of such denoised examples
as approximations of clean images at inference-time to im-
prove classifier robustness (e.g., [3]) and do not consider
denoised examples for training classifiers perhaps because
clean images are readily available in the training dataset. We
also qualitatively analyse the denoised examples to provide
a visual understanding of the generated augmentations.

To generate denoised training examples, we diffuse xg
to a uniformly sampled time ¢ ~ ¢/(0,T") and then, denoise
it using the trained score network sg (Eq. 3). We illustrate
some denoised examples of a CIFAR10 image in Figure 1.

To train a classifier on regular augmented examples, we
optimize £(py(A(x0)),y) where A(-) generates a random
augmentation of xy and £ is generally the cross-entropy loss.
We consider the following augmentation methods to define
A(-) in this work: (i) BASE: Horizontal Flip/Crop Augmen-
tations, (ii) AugMix (AM), (iii) DeepAugment (DA) and (iv)
DeepAugment+AugMix (DAM). In the case of AugMix, the
augmented examples are used to compute a Jenson-Shannon
divergence in addition to the cross-entropy loss on regu-
larly augmented examples. When additionally considering
diffusion denoised augmentations, we optimize:

Lol = By x[—1og pe (y%¢)] + L(pe(A(x%0)),y)  (5)

where, t ~ U(0,T), x ~ p:(x|x0), (X0,y) ~ po(x) and
X; is obtained using score-network (Eq. 3). We note that
we do not apply the novel augmentations to the denoised
images when computing the cross-entropy loss since the
joint training should implicitly generalize to augmentations
applied to denoised examples.

We can interpret training on denoised examples as a
type of Vicinal Risk Minimization (VRM) wherein the cost-
function is optimized on the vicinal distribution of training
samples to improve generalization. For example, Chapelle
et al. [4] use Gaussian perturbed examples (x) as the vicinal
distribution while MixUp [32] uses a convex sum of two
random inputs (and their labels) as a vicinal distribution. A
denoised example X; is a convex sum over m; where each
m; is weighted by its likelihood of generating x (p;(my;|x))
and can be considered to be vicinal to those examples m;



that have a non-trivial likelihood p;(m;|x). The distribu-
tion p;(m;|x) is concentrated around examples perceptually
similar to u(Xo, t) when x is closer to xq (i.e., smaller o (¢))
and becomes more entropic as the noise scale increases: in
Figure 1, we can observe the superposition of candidate dog
images with increasing diffusion time ¢.

Qualitative Analysis and Manifold Theory. When gen-
erating augmentations, it is important to ensure that the
resulting augmentations lie on the image manifold. Recent
studies [6, 24] on theoretical properties of denoised exam-
ples suggest that denoised examples can be considered to
be on the data manifold under certain assumptions lending
theoretical support to the idea of using denoised examples
as augmentations. In addition, it is also important to pre-
serve the class-labels upon augmentation as this can lead to
manifold intrusion [11] and lead to underfitting and lower
classification accuracies. Diffusion denoised augmentations
generated from significantly perturbed train examples can
introduce label-noise into the training since the label of the
original image may not necessarily match that of the de-
noised image — for example, some of the diffusion denoised
augmentations of the dog in Figure 2 resemble architectural
buildings. In the specific case of diffusion denoised aug-
mentations, however, the augmentations are visually distinct
from the original image potentially allowing for the model
to learn to be robust to noisy labels by adjusting its confi-
dence accordingly. For example, Figure 3 shows an example
augmentation that causes manifold intrusion and also does
not have any visual cues that allow the model to distinguish
between the original image and augmented image.

We confirm this empirically showing no degradation in
classification accuracy and instead observe improved robust-
ness to distribution shifts. We hypothesize that the diffusion
denoised examples that are farther from the input image are
crucial in improving classifier robustness — specifically, aug-
mentations from larger ¢ introduce significant changes to the
input image (and possibly, the class label) requiring the clas-
sifier to observe details in input image to carefully estimate
the class-membership probabilities of xy based on X;. For
example, the diffusion denoised augmentations at ¢ = 999
have minimal resemblance of the original image and we ex-
pect that the class-probabilities should be distributed evenly
across the 1k classes. We evaluate the average prediction
entropy as a function of the diffusion time in Figure 4 and
surprisingly find that classifiers trained on state-of-the-art
augmentation methods do not predict uniform class prob-
abilities for diffusion denoised augmentations obtained at
t = 999 while the classifiers fine-tuned with diffusion de-
noised images behave as expected.

Denoised Examples as Test-time Augmentations.
When presented with test examples containing unknown
distribution shifts, DDA [9] shows that we can project the
test examples into the source distribution by first applying

a forward diffusion step followed by iterative sampling. In-
spired by DDA, we extend the idea of one-step diffusion
denoised examples as augmentations to generate test-time
augmentations of a test-example. Specifically, given a test
example, we generate one-step diffusion denoised examples
for various values of diffusion times ¢ and utilize the average
predictions [18] across all the augmentations to assign the
class-label. We demonstrate that this technique is competi-
tive with DDA and offers significant improvement in terms
of running time as it does not involve iterative sampling.

4. Experiments

We primarily conduct our experiments on Imagenet using
the Improved-DDPM [7, 22] diffusion model. In particular,
we use the unconditional model open-sourced by Dhari-
wal and Nichol [7] as the score-network for Imagenet (256
X 256) to generate both training and test-time augmen-
tations. In all of our experiments, we use a ResNet-50
backbone as the Imagenet classifier. We evaluate the ad-
vantages of diffusion-denoised examples as train augmen-
tations when combined with the following augmentation-
techniques: (i) BASE: Horizontal Flip/Crop Augmentations,
(i1) AugMix (AM), (iii) DeepAugment (DA) and (iv) Deep-
Augment+AugMix (DAM). To distinguish between models
trained exclusively with the above-mentioned augmentations,
we use the suffix ”+Diff” to denote classifiers trained addi-
tionally with diffusion-denoised examples as augmentations.
We finetune the pretrained checkpoints for 5 epochs with
diffusion-denoised augmentations; we also utilize the orig-
inal augmentations used in pretraining in order to retain
the distinct generalization benefits offered by the respective
augmentations. We evaluate the pretrained models and the
models finetuned with additional diffusion denoised augmen-
tations in the following evaluation modes:

1. DDA: We apply the DDA algorithm to transfer a test-
example with unknown distribution shift into the source
distribution.

2. DDA (SE): We consider both the original test example
and DDA -adapted test-example by averaging the poste-
rior probabilities following the self-ensemble (SE) strat-
egy proposed in [9].

3. Denoised-Ensemble (DE): We generate diffusion-
denoised augmentations of a given test-example and then
utilize the posterior probabilities averaged across the test-
time augmentations. We generate 9 test-time augmenta-
tions using one-step diffusion denoising applied to im-
ages diffused to t € {0, 50, ...,450}. We follow DDA to
determine the upper limit of the diffusion time ¢ = 450.

4. Default: In the default mode, we directly evaluate the
model on the test examples.

We summarize the results across all evaluation modes in

Tab. 1 for Imagenet-C (severity=5) and the uncorrupted Ima-

genet test dataset. We also plot the effect of diffusion-time
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Figure 2. We show some sample diffusion denoised augmentations of samples xo taken from Imagenet-train. In particular, we display
8 random augmentations for each image between ¢t = 350 and ¢ = 700 in steps of size 50. Augmentations generated for ¢ < 350 are
closer to the input image while the augmentations for ¢ > 700 are farther from the input image. We observe that the diffusion denoised
augmentations with larger values of ¢ do not preserve the class label introducing noise in the training procedure. However, we find that this
does not lead to empirical degradation of classification accuracy but instead leads to improved robustness to corruptions.

Manifold Intrusion from Color Augmentation

Original Color Augmented

Figure 3. Example of Manifold Intrusion from Appendix C of
Hendrycks et al. [13]. While diffusion denoised augmentations
may alter class labels (Figure 2), the denoised images are visually
distinguishable from the original images allowing the model to also
learn from noisy labels without inducing manifold intrusion. On
the other hand, here is an example of manifold intrusion where the
augmented image does not contain any visual cues that enable the
model to be robust to noisy labels.

on the denoised-ensemble performance in Figure 5. We
summarize our observations as follows:

 For Imagenet-C, models trained with diffusion denoised
examples improve over models trained without these aug-
mentations across all evaluation modes. In the evaluations

Maximum Entropy

DA
—=- DA+Diff

—=—- DAM-+Diff

0 200 400 600 800

Figure 4. Average Prediction Entropy vs Diffusion Time. We
compare between models trained on different augmentations by
evaluating their prediction entropy over diffusion denoised im-
ages. We observe that the models trained with additional diffusion
denoised augmentations (DA+Diff, AM+Diff and DAM+Diff) cor-
rectly yield predictions with higher entropies (lower confidence) for
images containing imperceptible details (i.e. larger t). Surprisingly,
the classifiers trained without diffusion denoised augmentations
(DA, AM and DAM) do not also assign random-uniform label dis-
tribution for diffusion denoised images at t = 999, which have no
class-related information by construction.



Table 1. We summarize the results for each combination of Train-
augmentations and evaluation modes on Imagenet-C (severity=5).
AM, DA, and DAM are short for AugMix, DeepAugment and
DeepAugment + AugMix respectively. When diffusion denoised
examples are additionally used to train the classifiers, we denote it
with the suffix ”+Diff”. DDA refers to the evaluation on Denois-
ing Diffusion Adapted samples of Imagenet-C. DE refers to the
Denoised-Ensemble evaluation of the models. Def. denotes direct
evaluation over Imagenet-C samples. In DDA (SE), we average the
prediction probabilities obtained using the original image and DDA
image. We find that diffusion denoised augmentations are effective
as both train-time augmentations and test-time augmentations.

(a) Imagenet-C (severity=5)

Inference Mode

Train DDA
Augmentations DDA (SE) DE Def.
AM 33.18 36.55 34.08 26.72 | 32.63
AM+Diff 34.52 3848 3844 29.44 | 35.22
BASE 2835 3062 272 17.87 | 26.01
BASE+Diff  32.1 34.13 30.66 20.44 | 29.33
DA 3541 39.05 37.01 3192 | 35.85
DA+Diff 37.59 4135 40.65 33.74 | 38.33
DAM 4035 4481 41.85 39.52 | 41.63
DAM+Diff  41.77 46.18 4448 41.05 | 43.37

Avg 3541 3890 36.80 30.09 | 35.30
Avg(Diff) 36.50 40.04 38.56 31.17 | 36.56
Avg(NonDiff) 3432 3776 35.04 29.01 | 34.03

(b) Imagenet-Test

Avg

Inference Mode

Train DDA
Augmentations DDA (SE) DE Def.
AM 6222 7598 73.89 77.45 | 72.39
AM+Diff 63.33 76.07 75.57 77.20 | 73.04
BASE 58.09 7438 71.20 76.10 | 69.94
BASE+Diff 62.83 7393 73.65 76.00 | 71.60
DA 63.63 7539 74.07 76.52 | 72.40
DA+Diff 65.33 7557 75.17 76.40 | 73.12
DAM 6553 7441 7334 75.69 | 72.24
DAM+Diff  66.74 74.60 7435 75.50 | 72.80

Avg 6346 75.04 7391 76.36 | 72.19
Avg(Diff) 64.56 75.04 74.69 76.28 | 72.64
Avg(NonDiff) 6237 75.04 73.13 76.44 | 71.74

Avg

over the uncorrupted test examples, the models trained
with diffusion denoised examples preserve the accuracies
of the original models.

* On average, Denoised Ensemble yields improved detection
rates as compared to direct evaluation on DDA images.

* Denoised Ensemble applied to models trained with diffu-
sion denoised images is better on average than DDA-SE
applied to models trained without diffusion augmenta-

Table 2. We evaluate the models on Imagenet-R and Imagenet-S in
the Default and DE evaluation modes. We find that the results on
these datasets follow the same trend as observed for Imagenet-C.

Imagenet-S Imagenet-R

Avg

Lrain Def. DE Def. DE

Augmentations

AM 1090 15.15 40.83 42.56 | 27.36
AM+Diff 11.10 15.79 4093 43.22 | 27.76
BASE 7.13 11.76 36.15 38.75 | 23.45
BASE+Diff 7.78 12.17 37.19 41.00 | 24.54
DA 1353 16.48 42.00 43.58 | 28.90
DA+Diff 13.80 17.50 42.65 44.77 | 29.68
DAM 1893 1944 46.72 46.44 | 32.88
DAM+Diff 19.31 19.88 47.08 47.38 | 33.41
Avg 1281 16.02 41.69 43.46 | 28.50
Avg(Diff) 13.00 1634 4196 44.09 | 28.85
Avg(NonDiff) 12.62 1571 41.43 42.83 | 28.15

Table 3. DDA vs DE in terms of wallclock times: We use 40GB
A40 GPU for determining the running time. For each method, we
determine the maximum usable batch-size and report the average
wallclock time for processing a single example.

Method  Wallclock Time (s)

DE 0.5
DDA 4.75

tion: for example, the non-diffusion finetuned models are
37.76% accurate on Imagenet-C in DDA-SE evaluation
whereas the diffusion finetuned models are 38.56% ac-
curate in DE evaluation. This demonstrates that we can
get improved robustness by first fine-tuning the classifier
over diffusion augmented images and then average pre-
dictions across diffusion denoised augmentations of a test
sample to obtain competitive performance with DDA at a
substantially faster (~ 10x) wallclock time (Tab. 3).

We also evaluate our method on Imagenet-R and
Imagenet-S as shown in Tab. 2. Although the improvements
over Imagenet-R and Imagenet-S from training over diffu-
sion denoised augmentations are only slight, we observe
some notable improvements when evaluating under the DE
inference mode. Overall, the results in Tab. 2 follow the
same trends as observed in Tab. 1.

5. Related Works

In this section, we discuss some related works in addition to
the ones discussed in the introduction.
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Figure 5. Denoised-Ensemble: Imagenet-C Accuracy vs Diffu-
sion Time. For each diffusion time ¢ € {0, 50, ...,400,450}, we
plot the accuracy when considering all diffusion denoised augmen-
tations generated up to ¢. For example, we consider 5 diffusion
denoised augmentations of each test example to compute the accu-
racy corresponding to t = 200. We observe that classifiers trained
with additional diffusion denoised augmentations not only perform
better on average at ¢ = 0 but can also predict more accurately
when ensembling over diffusion denoised augmentations.

Synthetic Training Images. Synthetic Images from Dif-
fusion Models have been explored to train classifiers: for
example, Azizi et al. [2] fine-tune large text-to-image diffu-
sion models to generate extra data while You et al. [31] use
a three stage training process to train semi-supervised classi-
fier wherein they generate pseudo images — generated with a
diffusion model trained over pseudo-labels derived from first
round of semi-supervised classifier training with strong aug-
mentations — to improve standard semi-supervised training.
Yamaguchi and Fukuda [30] evaluate classifiers trained on
diffusion images generated from iterative diffusion sampling;

in their analysis of reverse diffusion times, they expose some
limitations of using synthetic images from diffusion models
to train classifiers. In contrast, we train a classifier on one-
step diffusion denoised images generated from the entire
range of diffusion times and demonstrate improvements on
robustness at no cost to original test accuracy.

Test Time Augmentations. Test time augmentations em-
ploy data augmentations at test time to improve classification
accuracy [18]. In practice, some augmentations are selected
to generate test time augmentations and the classifier-outputs
over all augmentations are averaged to make the prediction.
However, there are improved methods beyond simple av-
eraging to generate outputs from test-time augmentations:
for example, Kim et al. [17] and Shanmugam et al. [26]
propose learning-based solutions for augmentation selection
and aggregation respectively. We utilise diffusion denoised
augmentations as test time augmentations and use simple av-
erage over outputs to improve robustness to covariate shifts.
In future work, improved test time aggregation techniques
could be explored to improve the performance.
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7. Conclusion

In this work, we explore diffusion denoised images as aug-
mentations to train classifiers. When combined with leading
data augmentation techniques, we find that diffusion de-
noised examples confer additional robustness to covariate
shifts without affecting accuracy on clean examples. We
qualitatively examine diffusion denoised augmentations and
identify factors likely responsible for improved robustness
at identical test accuracies. Furthermore, we extend diffu-
sion denoised augmentations to test time and introduce a
simple averaging technique to further improve robustness to
covariate shifts.
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Table 4. ImageNet-C (severity=5) accuracy for each corruption type. Relative Improvements when additionally using diffusion denoised
augmentations are computed with respect to the corresponding pretrained checkpoints and averaged across all corruption types.

Noise Blur Weather Digital

Inference Train Gauss. Shot Impul. | Defoc. Glass Motion Zoom | Snow Frost Fog Brit. | Contr. Elastic Pixel JPEG | Avg. Rel.
Mode. Aug. Imp.

AM | 50.66 5222 50.8 | 18.18 25.14 18.78 24.27 22771 33.05 535 40.54|11.14 40.66 54.15 50.1 |33.18
AM+Diff | 51.2 52.78 51.51 21 27.8 2246 27.84 2335 3439 7.55 40.75|11.14 40.890 5522 49.96|34.52 7.63
BASE | 4597 47.62 46.73 | 12.87 1798 12.77 20.27 [17.92 27.56 5.11 3544 | 591 36.1 4791 45.06|28.35
BASE+Diff | 4891 49.99 49.57 | 18.39 24.15 17.47 2548|1949 3137 831 39.39| 7.09 38.79 53.87 49.28| 32.1 20.17
DA | 51.48 5337 51.15 | 24.11 30.07 18.07 23.22|2531 3546 10.69 44.11|12.33 41.26 58.68 51.82|35.41
DA+Diff | 52.26 53.94 51.96 | 28.66 32.41 22.6 27.56|25.78 37.21 13.82 47.23|14.890 41.72 60.72 53.04|37.59 9.7
DAM| 53.5 5554 54.86 | 31.33 3744 2889 28.49|30.75 39.67 12.85 49.04|21.24 45.04 61.62 54.99 |40.35
DAM+Diff | 54.29 55.82 55.44 | 33.12 3791 33.13 31.58|30.96 41.04 1521 50.85|23.33 44.72 6293 56.19|41.77 5.01

AM | 49.61 5124 50.1 | 20.65 23.05 24.43 32.81(25.75 36.25 20.06 54.14| 14.14 39.15 54.66 52.22|36.55
AM+DIff | 51.3 5229 51.55 | 2445 26.84 29.21 36.55| 265 37.39 2646 53.59| 154 38.67 55.06 51.98|38.48 7.94
BASE | 4485 45.59 45.17 | 1433 162 1423 239412054 304 19.54 51.65| 6.61 33.19 46.47 46.54|30.62
BASE+Diff | 48.51 49.3 4897 | 21.52 22.61 20.31 30.88|20.87 32.81 23.77 50.64| 7.17 3474 51.32 48.49(34.13 16.21
DA | 5335 5471 5332|2572 282 20.13 26.37|30.57 40.05 28.79 59.39| 1391 39.82 59.09 52.34|39.05
DA+Diff | 53.84 553 5394 | 30.57 30.05 2524 30.57|31.32 41.49 3552 60.82|19.33 39.53 60.35 52.41|41.35 9.48
DAM | 54.17 56.33 5521 | 33.59 34.12 3629 34.89 3582 45.12 3552 60.9 |27.84 4333 6299 56 |44.81
DAM+Diff | 54.6 57.06 55.85 | 3574 355 40.09 37.22|36.34 45.96 38.72 61.88|30.91 42.59 63.41 56.85|46.18 3.75

AM| 3288 363 3297 | 21.33 30.71 2559 3259|2478 39.16 17.25 55.03| 6.87 43.37 54.61 57.73|34.08
AM+Diff | 37.16 40.49 37.11 | 28.74 36.58 34.59 40.27 |26.33 40.97 27.76 56.1 | 9.79 43.82 57.75 59.14|38.44 18.36
BASE | 26.88 28.92 26.99 | 12.11 19.62 16.06 25.01 [19.52 32.22 1528 49.72| 1.44 36.55 4545 5225|272
BASE+Diff | 30.65 34 31.74 | 19.27 25.78 2149 31.24|19.13 33.64 14.63 51.03 1 38.88 5141 56 |30.66 12.99
DA | 4453 47 4628 | 21.21 30.03 2223 29.52|28.47 40.27 2423 57.09| 4.14 435 57.11 59.51|37.01
DA+Diff | 45.12 4742 468 | 28.66 35776 289 36.21 |29.64 43.02 33.86 59.57|10.94 43.97 5882 61.14|40.65 2241
DAM | 46.63 49.23 46.88 | 28.87 374 32.61 36.16|33.47 4443 28.72 59.79 | 15.09 46.47 60.82 61.22|41.85
DAM+Diff | 47.74 5029 47.94 | 33.68 40.45 37.72 39.72|34.76 4594 36.09 60.72| 21.2 46.36 62.28 62.29 |44.48 9.06

AM | 1501 18.37 16.64 | 21.48 13.69 24.88 33.66|21.54 27.13 2291 57.91|13.09 25.16 42.33 46.99|26.72
AM+Diff | 19.66 22.52 20.68 | 26 17.43 30.41 37.59|22.82 28.41 28.98 56.88 | 15.72 24.43 43.17 46.83|29.44 14.28
BASE| 568 649 645 | 1504 824 1329 22.86|1559 2043 2221 55.64| 423 1431 23 34.54|17.87
BASE+Diff | 829 926 947 | 2336 1443 1947 30.84|13.86 1991 26.75 53.29| 4.1 16.06 24.14 33.45|20.44 24.03
DA | 39.6 40.78 4191 | 2547 15.74 19.02 24.58 |27.41 33.58 32.03 62.62| 9.55 23.69 45.41 37.47|31.92
DA+Diff | 40.31 41.41 42.69 | 3091 17.07 2324 2836| 28 3509 374 63.1 | 1598 23.09 44.75 34.71|33.74 10.19
DAM | 39.61 4275 42.13 | 3447 2295 36.57 3558 |34.05 39.85 38.74 63.95| 25.6 29.62 56.45 50.51|39.52
DAM+Diff | 41.09 44.11 433 | 36.68 25.61 40.08 37.26 |34.97 40.52 40.97 64.34|29.63 28.78 57.17 51.21|41.05 4.56
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