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ABSTRACT

Model soups are strange and strangely effective combinations of parameters. They
take a model (the stock), fine-tune it into multiple models (the ingredients), and
then mix their parameters back into one model (the soup) to improve predictions.
While all known soups require supervised learning, and optimize the same loss on
labeled data, our recipes for Self-Soupervision generalize soups to self-supervised
learning (SSL). Our Self-Souping lets us flavor ingredients on new data sources,
e.g. from unlabeled data from a task for transfer or from a shift for robustness.
We show that Self-Souping on corrupted test data, then fine-tuning back on uncor-
rupted train data, boosts robustness by +3.5% (ImageNet-C) and +7% (LAION-
C). Self-Soupervision also unlocks countless SSL algorithms to cook the diverse
ingredients needed for more robust soups. We show for the first time that ingre-
dients can differ in their SSL training. We cook soups of these ingredients (e.g.
MAE, MoCoV3, and MMCR) by our Self-Seasoning, which mixes without labels.

1 INTRODUCTION: MORE SOUPS, LESS SUPERVISION

Model soups make several models (the ingredients) by independent fine-tunings initialized from a
single model (the stock), then merge them back into one model (the soup) by mixing parameters to
improve prediction accuracy (Wortsman et al., 2022). Each fine-tuning varies in its configuration
(e.g. optimization hyperparameters) and each mixing can be a simple average or more sophisticated
linear combination. In this way, soups convert more training time into more accuracy without more
inference time: the soup model needs only as much computation as the original model.

Model soups are surprisingly possible, in that mixing model parameters is absolutely not guaranteed
to result in a better model (or even an equally good model!). They are also surprisingly productive
with improvements across many settings: vision (Jain et al., 2023; Wortsman et al., 2022), language
(Ablin et al., 2025; Jang et al., 2023; Chronopoulou et al., 2023), text-to-image (Biggs et al., 2024),
federated learning (Chen et al., 2024), domain generalization (Ramé et al., 2023; Ramé et al., 2022),
and class imbalance (Aminbeidokhti et al., 2025). However all known soups have to train ingredients
by supervised learning—depriving our palettes of tasty new soups for many occasions.

We thus introduce Self-Soups, which are model soups made from ingredients that differ in
their independent self-supervised training runs. Self-Souping vastly expands the menu of pos-
sible soups by harnessing different losses to flavor ingredients from different distributions without
requiring labels (Fig. 1). We can “inter-train” models to make ingredients by self-supervised learning
(SSL), after pre-training but before fine-tuning to a task, to enable transfer and robustness by opti-
mizing more losses on more data. For example, we can inter-train on the test distribution to make
shift-aware ingredients that improve robustness. In our first experiment, we inter-train on corrupted
data (ImageNet-C (Hendrycks & Dietterich, 2019) and LAION-C (Li et al., 2025)), then fine-tune
back on the distribution for which labels are available (ImageNet training data (Russakovsky et al.,
2015)) to boost accuracy by +3.5 and +7%. In our second experiment, we mix ingredients that dif-
fer only in their SSL runs—made possible by Self-Soupervision. For each VTAB dataset, we run
self-supervised inter-trainings that differ in their self-supervised algorithms and algorithmic hyper-
parameters. We then mix these purely self-supervised ingredients by quickly “seasoning” (Croce
et al., 2023) them: choosing the mixture conditioned on few-shot labels. We even mix soups for a
task without training labels by a new and fully unsupervised variant that we call Self-Seasoning.
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Figure 1: Soups & Supervision. Soups fine-tune then mix models to improve predictions. The
original Model Soup (left) fine-tunes across hyperparameters for the task, while Model Ratatouilles
(center) first inter-trains on different labeled data then fine-tunes for the task. Both are supervised
and cannot harness unlabeled data. Our Self-Soupervision (right) inter-trains across different losses
and data to make more and better soups with and without labels. Our Self-Soups fine-tune then mix
into a supervised model for the task. θpt is the pre-trained stock for initialization, N is the number
of fine-tunings on data j, M is the number of inter-trainings on data i, and θ is the final model. We
color supervised and self-supervised training runs / components. “ingreds.” is short for ingredients.

2 BACKGROUND: SUPERVISED SOUPS

Initializing cooking with a stock. Soups require that the models for mixing (the ingredients) share
the same initial parameters for optimization (the stock).

Adding ingredients by fine-tuning. Each fine-tuning of the stock creates an ingredient for mixing
a soup. Multiple different fine-tunings are key for different ingredients: soups rely on differences
among the ingredient models for their gains. To vary their ingredients, Model Soups (Wortsman
et al., 2022) vary the optimization parameters, such as the learning rate and data augmentation.

Boosting ingredient diversity via inter-training. Model Ratatouille (Ramé et al., 2023) fine-tunes
in two stages, optimizing ingredients for longer, and increasing their diversity for domain gener-
alization. Ratatouille first initializes with a stock, then “inter-trains” on up to 5 auxiliary labeled
datasets independently, and finally fine-tunes these models on the target task for mixing.

3 METHOD: COOKING WITHOUT LABELS AND INSTANT SEASONING

We introduce Self-Soupervision, which creates ingredients (parameters to mix) by training from
a stock (parameters to initialize) without requiring labels at every stage. Our framework is broad;
any soup that is made using ingredients that differ in their SSL runs qualifies as a Self-Soup; thus,
there are endless possible instantiations of Self-Soupervision. For example, the choice of stock,
SSL algorithm and algorithmic hyperparameters, training data, training length/schedule, optimiza-
tion hyperparameters, additional training stages (e.g. fine-tuning), etc. Centrally, Self-Soupervision
allows for cooking soups on more data and from new sources—e.g. that are closer to the target
distribution—and using different losses—e.g. that are more aligned with the target task. Formally,
we define Self-Soupervision as:

θ=
1

N ·M

N∑
j

M∑
i

Train(

Yi not required︷ ︸︸ ︷
Train(θpt, Xi) , Xj , Yj) (1)

where θ are soup parameters, θpt are pre-trained / stock parameters, N is the number of fine-tunings
per inter-training, M is the number of inter-trainings, Xi/Xj are the inputs of the ith/jth dataset,
and Yj are the labels of the jth dataset. Supervised ingredients alone make standard soups. We
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Table 1: Self-Soupervision on the test distribution provides large gains: +3.5% on IN-C and
+7% on LAION-C. These soups mix in ingredients inter-trained by SSL on unlabeled test data.
In the disjoint setting, we use even-indexed test samples for inter-training on corruptions and odd-
indexed samples for testing on corruptions. In the joint setting, we use even-indexed test samples
for both inter-training and testing. “IN” is for ImageNet, “LA” is for LAION. Results % top-1 acc.

Reference (IN-Train)
Method IN-Val IN-C LA-C

Supervised Soup 79.05 30.91 22.05
Cont. SSL + Soup 79.23 31.24 21.61
Self-Soup 79.11 32.23 22.40

Test-set inter-training

Disjoint Joint
Method IN-Val IN-C LA-C IN-Val IN-C LA-C

Self-Soup (IN-C) 78.96 35.72 23.28 78.96 36.02 23.51
→ Best ingredient 78.91 31.41 19.55 78.91 31.70 19.57
Self-Soup (LA-C) 78.87 32.58 29.48 78.87 32.51 30.32
→ Best ingredient 78.87 28.25 23.38 78.87 28.09 23.84
Self-Soup (IN-C + LA-C) 78.81 34.43 26.39 78.81 34.55 26.83

introduce the self-supervised ingredients—which do not need labels—and which we can also use
alone (i.e., by dropping the supervised ingredients) to make soups without fine-tuning to a task.

Mixing by Instant Seasoning. Seasoning (Croce et al., 2023) searches for a mixture over a grid
of options by mixing each model, making predictions on a few-shot labeled dataset, and picking
the best. While effective, this only applies to fine-tuned ingredients: seasoning makes predic-
tions by mixing the classifiers. We instead mix purely self-supervised ingredients into a model for
representation—rather than classification—then compute its representation on training and testing
data for prediction by nearest neighbors. Our variant of seasoning mixes without classifier training
for the “instant” seasoning of soups across different tasks. Specifically, we randomly sample the M
mixture coefficients uniformly from the probability simplex.

Mixing by Self-Seasoning. We pair our new ingredients with a new and unsupervised way to
mix: Self-Seasoning. We optimize our M mixture coefficients by gradient descent to minimize the
entropy of predictions by nearest neighbors.

4 EXPERIMENTS

Table 2: Our Self-Soup cooked on ImageNet-
C keeps its robustness advantage after test-
time adaptation (TTA). We run soups prepared
on ImageNet-Train (from Tab. 1) on ImageNet-
C (odd indices) with and without TTA—and re-
peat for our Self-Soup on ImageNet-C (disjoint,
from Tab. 1). Results are % top-1 acc.

Method without
TTA

with
TTA

Supervised Soup on ImageNet-Train 30.95 32.66
Self-Soup on ImageNet-Train 32.25 34.00
Self-Soup on ImageNet-C 35.72 37.50

Setup: Inter-train on shifts then fine-tune on
ImageNet. We now allow for SSL inter-training
on shifted data. In this case, SSL enables ingredi-
ents to learn from the test distribution without la-
bels for robustness to it. We measure this on split
data for optimization and evaluation (Tab. 1). We
first inter-train 4 models (varying learning rates
{1e-5, 2e-5, 3e-5, 4e-5}) by MAE (He et al.,
2022) for 100K steps on unlabeled test samples
that are even-indexed. We fine-tune these mod-
els back on the ImageNet training set for 10
epochs—doing this 4 times (varying fine-tuning
learning rates {6e-5, 8e-5, 1e-4, 1.5e-4}). We re-
port for odd-indexed and even-indexed test sam-
ples to measure accuracy when inter-training and eval samples are disjoint and joint, respectively.

Results: Shift-aware ingredients deliver robustness. Self-Souping on the test distribution (but
not the test samples themselves) provides large gains: +3.5% on ImageNet-C and +7% on LAION-
C. Self-Souping on test samples themselves provides a small boost on top: +0.3% on ImageNet-C
and +0.8% on LAION-C. Despite the different types of corruptions present in ImageNet-C versus
LAION-C, there are benefits to inter-training on one set of corruptions to the other set. Self-Souping
over both test sets—i.e. where ingredients differ in their SSL inter-training data distributions and
fine-tuning runs—keeps most of the shift-specific gains.

Bonus: Why not adapt to the shift at test time? Another unsupervised way to adapt to a shift
is test-time adaptation (TTA), e.g. by minimizing prediction entropy (Wang* et al., 2021). We use
SAR (Niu et al., 2023) as a SOTA TTA method. Our Self-Soup on ImageNet-C without SAR still
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beats soups prepared on ImageNet-Train with SAR applied on ImageNet-C (Tab. 2). In this case,
our soup made from shift-aware ingredients that we updated on the test distribution (odd-indexed),
not test samples (even-indexed), outperforms models updated on test samples. This Self-Soup on
ImageNet-C gains more with adaptation by SAR (35.72 → 37.50), showing the two strategies add.

Table 3: Self-Seasoning (no training labels) is competitive with supervised seasoning (uses
training labels). Our Self-Seasoning finds mixture coefficients for our Self-Soups entirely with-
out labels. For the best ingredient and seasoning runs, we select based on mini-VTAB training
data—with labels. A uniform mix of our SSL ingredients provides a nice boost over the stock.
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Ingredient Self-Seasoning Coefficients
Stock 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
MAE: default config 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
MMCR: global-only 0.02 0 0 0.02 0.02 0.77 0.91 0 0 0.01 0.04 0 0 0 0 0 0 0 0 0 0
MMCR: global+local 0.78 0.98 0.99 0.8 0.81 0.07 0.09 0.87 0.98 0.99 0.95 0 0.99 0.98 0.77 0 0 0 0.74 0.77 0.76
MoCoV3: temp=0.1 0.14 0 0 0.17 0.16 0.03 0 0.07 0.02 0 0 0 0.01 0.01 0.19 0.15 0.99 0.97 0.21 0.13 0.15
MoCoV3: temp=1.0 0.06 0.01 0.01 0.01 0.02 0.13 0 0.05 0 0 0 0.99 0.01 0.01 0.03 0.85 0 0.03 0.04 0.1 0.09

Method Method Top-1 % Accuracies
Stock 28.6 30.6 7.0 18.5 14.2 7.5 4.8 18.7 74.5 68.5 31.5 73.2 26.4 27.1 22.3 7.1 12.5 20.3 48.5 11.3 24.7
Uniform Soup 69.7 66.8 20.3 49.3 48.3 57.5 19.5 42.2 80.7 88.5 57.6 74.3 27.4 27.7 30.3 3.8 6.9 33.1 51.8 10.5 23.1

Best Ingredient 87.6 78.6 34.4 60.4 76.6 71.0 26.3 78.9 80.8 95.2 74.2 73.2 33.7 32.4 34.4 6.0 14.3 36.5 53.6 11.1 23.8
Seasoning 87.6 80.9 37.6 58.7 76.0 70.8 27.3 79.0 81.5 94.9 73.7 74.8 34.6 33.8 35.7 11.6 17.9 37.4 50.1 11.1 23.5

Self-Seasoning (ours) 87.8 76.9 34.1 61.0 78.1 67.1 23.6 77.6 81.1 95.3 73.3 73.9 17.5 29.9 26.4 4.1 7.3 33.2 49.2 9.5 19.0

Setup: Self-Seasoning of SSL ingredients. We now mix soups without supervised fine-tuning
and evaluate by nearest neighbors (kNN). We make 6 ingredients per task with MAE, MMCR (×2)
(Yerxa et al., 2023), MoCoV3 (×2) (Chen et al., 2021), and the stock. For the 5 task-specific
ingredients, we train for 10K steps with a 4e-5 learning rate on the full training data for each VTAB
task. To find mixture coefficients we Self-Season our Self-Soup by minimizing kNN entropy on
the VTAB training data without labels (Zhai et al., 2020). We use k=16 for all tasks as it generally
performs well. To put our Self-Seasoning in context, we do supervised seasoning to find mixture
coefficients on the mini-VTAB’s training data with labels. We also compare to the stock, a uniform
mix of our ingredients, and the best ingredient based on kNN accuracy on the same labeled data.

Results: Self-Seasoning is competitive. Even without training labels for mixing, our Self-
Seasoning is the most accurate on 4/21 tasks. Overall, seasoning with training labels is most ef-
fective, and outperforms the best ingredient—on dSpr-Loc-X it is almost twice as accurate.

5 DISCUSSION

Related Work. Model stock (Jang et al., 2024) refines the mixing of soups with layer-wise re-
weighting using the angles between ingredient parameters—our method is compatible. Our inter-
trainings each optimize their own model with a single self-supervised loss. Multi-task SSL instead
jointly optimizes a shared model with multiple self-supervised losses (Doersch & Zisserman, 2017;
Bachmann et al., 2022). Our inter-training on shifts is related to unsupervised domain adaptation
(UDA): joint optimization on labeled “source” data and unlabeled “target” data (Saenko et al., 2010).

Limitations. Self-Soups enlarge the soup kitchen (SSL methods, hyperparameters, and data) with
our new recipes, but there are more to cook. Our largest gains (+7%) need unlabeled target/shifted
data, which may not be available. Other gains are modest (≲1%) yet useful, as they do not raise
inference costs. There are dozens of SSL algorithms absent from our study, but we choose from 3
different SSL families, so our findings may generalize within families.

Conclusion. We introduce Self-Soupervision, which generalizes model soups to SSL. Self-Souping
adds to the menu by harnessing different losses to flavor ingredients from different distributions
without requiring labels. Self-Souping is most helpful when facing distribution shifts—and espe-
cially, when unlabeled shifted data is available for preparing ingredients. We also introduce Self-
Seasoning, which learns ingredient mixtures for a task without training labels. We hope our recipes
earn a spot in your cookbook and inspire new ones.
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A APPENDIX

B VTAB REFERENCES.

For clarity and credit, we reference the original datasets that went into the VTAB collection: Cal-
tech101 (Fei-Fei et al., 2006), CIFAR-10/100 (Krizhevsky et al., 2009), DTD (Cimpoi et al., 2014),
Flowers102 (Nilsback & Zisserman, 2008), Pets (Parkhi et al., 2012), Sun397 (Xiao et al., 2010),
SVHN (Netzer et al., 2011), EuroSAT (Helber et al., 2019), Resisc45 (Cheng et al., 2017), Patch
Camelyon (Veeling et al., 2018), Retinopathy (Kaggle & EyePacs, 2015), Clevr (Johnson et al.,
2017), dSprites (Matthey et al., 2017), SmallNORB (LeCun et al., 2004), DMLab (Beattie et al.,
2016), and KITTI (Geiger et al., 2013).

C MORE TRAINING DETAILS.

All runs. We always use: 0.01 weight decay, the AdamW optimizer (Loshchilov & Hutter, 2019),
warmup for 10% of the steps and cooldown via cosine decay, and 3-Augment (Touvron et al., 2022)
for data augmentation.

All SSL inter-training runs. For MAE inter-training, we initialize the decoder with the pre-trained
MAE decoder. For MoCoV3 and MMCR inter-training, we use a simple 2-layer MLP as the pro-
jection head, we do not use an exponential moving average to compute target embeddings, and we
warmup the head for only 1% of the steps (chosen so the head learns more quickly than the back-
bone). We choose these settings to keep it simple and do not tune them. Before mixing or fine-tuning
the ingredients, we discard all algorithm-specific heads and only use the backbones/encoders.

All ImageNet fine-tuning runs. We fine-tune for 10 epochs on ImageNet-1K (following the original
Model Soups (Wortsman et al., 2022)). We sweep learning rates {6e-5, 8e-5, 1e-4, 1.5e-4} with a
128 batch size. We always use LPFT, which initializes fine-tuning from the linear probed solution
(Kumar et al., 2022).

Test-set inter-training. For model inter-training, we train for 100K steps with a 128 batch size
using the default MAE settings (i.e. 75% masking ratio and 8 decoder layers), and sweep learning
rates {1e-5, 2e-5, 3e-5, 4e-5}.

Test-time adaptation. We sweep base learning rates {1e-5, 3e-5, 5e-5, 8e-5, 1e-4, 3e-4, 1e-3, 3e-
3}. A 5e-5 base learning rate is best. We use a 128 batch size, which sets the actual learning rate:
lr = (base lr/64) · batch size
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D SEASONING.

For supervised seasoning, we try 1K random samples of mixture coefficients (Dirichlet distribution
with concentration = 1), and pick the best on kNN accuracy on the mini-VTAB training set for each
task. For the “best ingredient”, we also pick it based on kNN training accuracy for each task. For
Self-Seasoning, we train the mixture coefficients with AdamW for 100 epochs starting with a 0.1
learning rate and cosine-decay it to 0.01 with a 256 batch size (we did not tune this because it worked
well enough). We initialize all 6 parameters to 0 and apply a softmax so the coefficients sum to 1.
We use k=16 and a 0.07 temperature.

1 def knn_inbatch_neighbor_entropy(Z, k=16, T=0.07):
2 B = Z.shape[0]
3

4 # L2 normalize embeddings
5 Z = F.normalize(Z, dim=1, p=2) # [B, D]
6

7 # Compute pairwise cosine similarities
8 S = Z @ Z.T # [B, B]
9 S.fill_diagonal_(float("-inf")) # mask self

10

11 # Select top-k neighbors
12 S_topk, _ = S.topk(k, dim=1) # [B, k]
13

14 # Compute neighbor distribution
15 p = (S_topk / T).softmax(dim=1) # [B, k]
16

17 # Compute entropy
18 H = -(p * p.clamp(min=1e-12).log()).sum(dim=1)
19

20 return H.mean()
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