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Abstract

The recent emergence of new algorithms for permuting
models into functionally equivalent regions of the solution
space has shed some light on the complexity of error sur-
faces and some promising properties like mode connectivity.
However, finding the permutation that minimizes some ob-
jectives is challenging, and current optimization techniques
are not differentiable, which makes it difficult to integrate
into a gradient-based optimization, and often leads to sub-
optimal solutions. In this paper, we propose a Sinkhorn re-
basin network with the ability to obtain the transportation
plan that better suits a given objective. Unlike the cur-
rent state-of-art, our method is differentiable and, there-
fore, easy to adapt to any task within the deep learning do-
main. Furthermore, we show the advantage of our re-basin
method by proposing a new cost function that allows per-
forming incremental learning by exploiting the linear mode
connectivity property. The benefit of our method is com-
pared against similar approaches from the literature un-
der several conditions for both optimal transport and linear
mode connectivity. The effectiveness of our continual learn-
ing method based on re-basin is also shown for several com-
mon benchmark datasets, providing experimental results
that are competitive with the state-of-art. The source code
is provided at https://github.com/fagp/sinkhorn-rebasin.

1. Introduction
Despite the success of deep learning (DL) across many

application domains, the loss surfaces of neural networks
(NNs) are not well understood. Even for shallow NNs, the
number of saddle points and local optima can increase expo-
nentially with the number of parameters [4,13]. The permu-
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Figure 1. (a) Loss landscape for the polynomial approximation
task [27]. θA and θB are models found by SGD. LMC suggests
that re-basin the model θB would result in a functionally equiv-
alent model πP(θB), with no barrier on its linear interpolation
(1 − λ)θA + λπP(θB). (b) Comparison of the cost in the lin-
ear path along λ before and after re-basin using weight matching
(WM) [2] and our Sinkhorn. The dashed line in the figures corre-
sponds with the naive path, and the solid line is the path after the
proposed Sinkhorn re-basin. The blue line represents WM path.
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tation symmetry of neurons in each layer allows the same
function to be represented with many different parameter
values of the same network. Symmetries imposed by these
invariances help us to better understand the structure of the
loss landscape [6, 11, 13].

Previous studies establish that minima found by Stochas-
tic Gradient Descent (SGD) are not only connected in the
network parameter’s space by a path of non-increasing loss,
but also permutation symmetries may allow us to con-
nect those points linearly with no detriment to the loss
[9, 11–13, 15, 24]. This phenomenon is often referred to as
linear mode connectivity (LMC) [24]. For instance, Fig. 1a
shows a portion of the loss landscape for the polynomial
approximation task [27] using the method proposed by Li
et al. [16]. θA and θB are two minima found by SGD in
different basins with an energy barrier between the pair.
LMC suggests that if one considers permutation invariance,
we can teleport solutions into a single basin where there is
almost no loss barrier between different solutions [2, 11].
In literature, this mechanism is called re-basin [2]. How-
ever, efficiently searching for permutation symmetries that
bring all solutions to one basin is a challenging problem
[11]. Three main approaches for matching units between
two NNs have been explored in the literature [2]. Some
studies propose a data-dependent algorithm that associates
units across two NNs by matching their activations [2, 26].
Since activation-based matching is data dependent, it helps
to adjust permutations to certain desired kinds of classes or
domains [26]. Instead of associating units by their activa-
tions, one could align the weights of the model itself [2,26],
which is independent of the dataset, and therefore the com-
putational cost is much lower. Finally, the third approach
is to iteratively adjust the permutation of weights. In par-
ticular, Ainsworth et al. [2] have proposed alternating be-
tween models alignment and barrier minimization using a
Straight-Through Estimator. Unfortunately, the proposed
approaches so far are either non-differentiable [2, 11, 26] or
computationally expensive [2], making the solution difficult
to be extended to other applications, with a different objec-
tive. For instance, adapting those methods for incremental
learning by including the algorithm for weight matching be-
tween two models trained on different domains is not trivial
because of the difficulties in optimizing new objectives.

In this work, inspired by [21], we relax the permutation
matrix with the Sinkhorn operator [1], and use it to solve
the re-basin problem in a differentiable fashion. To avoid
the high cost for computing gradients in the proposal of
Mena et al. [21], we use the implicit differentiation algo-
rithm proposed in [10], which has been shown to be more
cost-effective. Our re-basin formulation allows defining any
differentiable objective as a loss function.

A direct application of re-basin is the merger of diverse
models without significantly degrading their performance

[2, 5, 12, 13, 28]. Applications like federate learning [2],
ensembling [12], or model initialization [5] exploit such a
merger by selecting a model in the line connecting the mod-
els to be combined. To show the effectiveness of our ap-
proach, we propose a new continual learning algorithm that
combines models trained on different domains. Our con-
tinual learning algorithm differs from previous state-of-art
approaches [22] because it directly estimates a model at the
intersection of previous and new knowledge, by exploiting
the LMC property observed in SGD-based solutions.

Our main contribution can be summarized as follows:
(1) Solving the re-basin for optimal transportation using
implicit Sinkhorn differentiation, enabling better differen-
tiable solutions that can be integrated on any loss.
(2) A powerful way to use our re-basin method based on the
Sinkhorn operator for incremental learning by considering
it as a model merging problem and leveraging LMC.
(3) An extensive set of experiments that validate our method
for: (i) finding the optimal permutation to transform a
model to another one equivalent; (ii) linear mode connec-
tivity, to linearly connect two models such that their loss
is almost identical along the entire connecting line in the
weights space; and (iii) learning new domains and tasks in-
crementally while not forgetting the previous ones.

2. Related work
Re-basin. Recently, in the NN community, re-basin has
been demonstrating useful properties. The main goal of
such re-basin approaches is to obtain functionally equiva-
lent models in a different region of the weight space fol-
lowing some pre-defined objective. Permutation symme-
tries are a well-known example of transformations that al-
lows performing re-basin. In particular, Entezari et al. [11]
show that the invariances of NNs using random permuta-
tions on SGD solutions are likely to have almost zero barri-
ers, and therefore the randomness in terms of permutations
does not impact the quality of the final training result of the
model. A simulated annealing-based algorithm was pro-
posed for doing a re-basin with an elevated computational
cost, making it impractical to use, especially for bigger
models. Ainsworth et al. [2] proposed three new re-basin
algorithms that rely on solving linear assignment problems
to find permutation matrices that satisfy their encoded ob-
jective. The methods showed to perform well, especially
in achieving linear mode connectivity. On the downside,
new objectives are difficult to plug into their framework.
Their solution uses greedy algorithms that do not guaran-
tee finding the optimal solution, as shown in our experi-
ments. Using a similar approach, Benzing et al. [5] found
strong evidence that two random initialization of a NN after
permutation can lead to a good performance, showing that
the random initialization is already in the same loss valley
during the initialization. Finally, [3] uses the concepts of
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Wasserstein barycenter and Gromov-Wasserstein barycen-
ter, offering a NN model fusion framework with insights
about linear mode connectivity of SGD solutions. Even
though the previous works presented solutions to perform
re-basin by solving linear assignment problems, their ap-
proach fails to generalize well for other objectives. Using
gradient descent-based algorithms seems to be a more suit-
able approach.

Mode connectivity. Mode connectivity is the task of find-
ing low-barrier paths connecting models within the weight
space. In their work, Garipov et al. [13] found that the lo-
cal optima of deep learning models are connected by sim-
ple curves. The fast geometric ensembling method was
proposed as an application for their proposal. Almost at
the same time, [9] proposed a nudged elastic band-based
method to construct continuous paths between minima of
NN architectures. Finally, Frankle et al. [12] studied the
sensitivity of different levels of SGD noise on NNs. These
pioneering works are the basis for applications of mode con-
nectivity, like [2, 22] and ours.

Incremental learning. Continual or incremental learning
(IL) allows adapting models incrementally based on new
training data without forgetting previous knowledge. Catas-
trophic forgetting [19,25] occurs when a previously trained
model that is fine-tuned on a new task loses information
learned to perform well on previous datasets. To address
this issue, Kirkpatrick et al. [14] proposes elastic weight
consolidation (EWC), which reduces catastrophic forget-
ting by regularizing NN parameters with respect to the im-
portance of the weights concerning the previous and actual
tasks. Chaudhry et al. [8] proposed using a small number
of samples for replay. Their experience replay (ER) helps to
perform IL such that the performance on classification tasks
is improved, even with a tiny episodic memory. Closer to
our work, [22] proposes an LMC-based method with replay.
Its solution is called mode connectivity SGD (MC-SGD),
which relies on the assumption that there is always an ex-
isting solution that solves all seen tasks incrementally, and
they are connected by a low-barrier and linear path. Fur-
thermore, MC-SGD utilizes a replay buffer to remember
previous tasks for IL. Its efficiency relies on exploring the
linear path of low loss to constrain learning, thereby out-
performing competitors like EWC when less data is avail-
able. However, such an approach has a high computational
cost since it requires training independent models for the
new task and merging them as a separate step with the
model for previous knowledge. Also, the method has been
shown to be difficult to reproduce or adapt to new bench-
marks [20]. A compelling scenario for continual learning is
using a linear mode connectivity path to keep learning and
adapt the model without forgetting the previous knowledge.
The trade-off between flatness of the LMC path and direc-
tion to adapt the loss can be tuned in a way that brings more

stability or plasticity depending on the target final solution.

3. Re-basin via the Sinkhorn operator
Let fθ(.) be a parameterized mapping where θ rep-

resents a vector of parameters within the solution space
Θ ⊂ Rd, where d is the number of parameters in θ. In
the deep learning context, f can be seen as a NN archi-
tecture, and fθ is a model with weights θ. Here, we re-
fer to θ as a model for simplicity. Consequently, the cost
(or error) of a model for a given task can be defined as
C(θ) = 1

|T|
∑

(x,y)∈T L(fθ(x), y), where (x, y) ∈ T are
input and expect output in the training set T, and L is an
appropriate supervised loss function.

A function f is invariant to a transformation if and only
if the obtained transformed function is functionally equiva-
lent to the original mapping. Note that such invariances can
also be found between two functions within the family of
parametric functions {fθ}θ∈Θ. The permutation of neurons
is a well-known example of such transformations applied
to NNs that allow obtaining functionally equivalent models,
i.e., fθA(x) = fθB (x),∀x. These invariant models are ob-
tained via the permutation transformation or re-basin func-
tion, here defined as π : Θ → Θ, which shifts a model to a
symmetric region of the loss landscape, C(θ) = C(πP(θ)).
In this work P = (P1, ..., Ph) is a transportation plan with
Pi contained in the transportation polytope,

Π = {P ∈ Rm×n+ |P1m = 1n, P
T1n = 1m}, (1)

where 1d = (1, ..., 1)d. Without loss of generality, let
fθ(x) = (`h ◦ ... ◦ `1)(x) be a NN defined as the com-
position of h layers such that `i(z) = σ(Wiz + bi). Here,
the weights Wi and biases bi are the parameters of the net-
work, θ = {Wi, bi}hi=1, and σ is a non-linear activation
function. Then, the re-based model πP(θ) can be written as
the functionally equivalent mapping:

`′i(z) = σ(PiWiP
T
i−1z + Pibi), (2)

where Pi ∈ Π is a valid permutation matrix, and Ph =
PT0 = I is the identity matrix.

With regards to permutation invariance, Entezari et al.
[11] conjectured that re-based SGD solutions are likely
to have a low barrier within their linear interpolation
B(θA, θB) ≈ 0, where B(.) is defined as:

B(θA, θB) = sup
λ

[ [C((1− λ)θA + λθB)]−

[(1− λ)C(θA) + λC(θB)] ], (3)

and λ ∈ (0, 1). This phenomenon is known as LMC [12],
and it is a particular case of the widely studied mode con-
nectivity [9, 13]. Notably, Ainsworth et al. [2] proposed
three approaches that ratify the conjecture in [11] by finding
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a re-based model πP(θB) with LMC to a target model θA.
Fig. 1 depicts the goal of such re-basin approaches. This
figure shows two solutions for the task, θA and θB , found
through SGD. As shown in Fig. 1b, the naive path between
θA and θB has higher values of the barrier within the line
(1−λ)θA+λθB , λ ∈ (0, 1). On the other hand, and consis-
tently with the results in [2,11], our re-based model πP(θB)
achieves LMC by successfully finding a transportation plan
P that shifts model θB to the same basin of model θA.

Although the seminal work by Ainsworth et al. [2] pro-
posed a highly efficient approach for finding a permutation
that minimizes the distances between models, their non-
differentiable approach provides solutions that are difficult
to be extended to other applications with a different objec-
tive. Specifically, their algorithms use a formulation based
on the linear assignment problem (LAP) to find suitable per-
mutations, meaning any new objective needs to be cast as a
LAP which is a hard task in itself.

This work proposes a differentiable approach to perform
a re-basin that defines any differentiable objective as a loss
function. Here, we relax the rigid constraint of having a
binary permutation matrix P , and consequently add an en-
tropy regularizer h(P ) = −

∑
P (logP ) to the original

LAP as proposed by [21]. The final equation is then defined
as:

Sτ (X) = arg max
P∈Π

〈P,X〉F + τh(P ), (4)

where is τ a factor that weights the strengths of the entropy
regularization term.

The formulation in Eq. (4) is known as the Sinkhorn op-
erator and can be efficiently approximated by:

S(0)
τ (X) = exp

(
X

τ

)
,

S(t+1)
τ (X) = Tc(Tr(S(t)

τ (X))). (5)

where X ∈ Rm×n is a soft version of the permutation ma-
trix, Tc(X) = X�(1m1

T
mX) and Tr(X) = X�(X1n1

T
n )

are respectively the re-normalization of columns and rows
of X , and � is the element-wise division. In their work,
Mena et al. [21] proved that Eq. (5) converges to Eq. (4)
when t→∞. However, in practice, only a finite number of
iterations are needed to produce a suitable approximation.

Although the Sinkhorn operator is reasonably easy to
implement within the NN layers, a significant drawback
arises when considering the efficiency of its differentiation.
We use the implicit differentiation algorithm proposed by
Eisenberger et al. [10] to mitigate such an increase in the
computational cost. Their method significantly increases
the efficiency and also stability of the training process. The
marginals of the generic formulation in [10] are defined as
a = 1m/m and b = 1n/n to match the re-basin task.

Finally, our proposed Sinkhorn re-basin re-writes the
original re-basin mapping in Eq. (2) as:

`′i(z) = σ(Sτ (Pi)WiSτ (PTi−1)z + Sτ (Pi)bi). (6)

where Pi ∈ Rm×n is a differentiable permutation matrix.
To show the ability of our proposed Sinkhorn re-basin to

minimize any differentiable objective, we provide three ex-
amples of cost functions that are minimized without chang-
ing the formulation in Eq. (6). These cost functions are
used in the SGD framework to compute the gradient of the
weights in our Sinkhorn re-basin network, and finally up-
date the permutation matrices to minimize the objective.
First, for a data-free objective like Weights Matching [2],
we directly minimize the squared L2 distance defined as:

CL2(P; θA, θB) = ||θA − πP(θB)||2. (7)

Given the ability of our method to use differentiable ob-
jectives, we introduce two other data-driven cost functions.
Inspired by the Straight-Through Estimator in [2], we pro-
pose a differentiable midpoint cost function to minimize the
barrier,

CMid(P; θA, θB) = C
(
θA + πP(θB)

2

)
. (8)

Since minimizing the midpoint can lead to a multimodal
cost path, i.e., lower cost value for λ = 0.5, and higher cost
values elsewhere, we propose a cost function that minimizes
the cost at random points within the line:

CRnd(P; θA, θB) = C ((1− λ)θA + λπP(θB)) , (9)

with λ uniformly sampled at each iteration, λ ∼ U(0, 1).

4. Re-basin incremental learning
A critical application of re-basin approaches is the abil-

ity to merge models without a significant performance re-
duction. Such merging is usually done by selecting a model
in their connecting line. Applications like federate learn-
ing [2], ensembling [12], or model initialization [5] have
been explored recently for merging models trained on the
same task. Here we consider merging based on re-basin by
proposing a new incremental learning approach that com-
bines models trained on different domains or classes. Our
proposed approach relies on a stability-plasticity hyper-
parameter α, allowing the user to choose the balance be-
tween forgetting and incorporating new knowledge.

Let θ0 be an initial model trained over dataset T0, and
T = {T1,T2, ...} be a stream of data, where Ti =
{(xij , yij)|xij ∈ Xi, yij ∈ Yi}, 1 ≤ i ≤ Ni, is a super-
vised dataset with input Xi, output Yi, and Ni data points.
Note that the sets Ti are also known in incremental learn-
ing literature as tasks, but these are not limited to task in-
cremental learning scenarios, and also include domain and
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Figure 2. Graphical representation of the intersection of low cur-
vature regions of the loss landscape for task Ti (red) and Ti+1

(blue). The goal of our method is to find a re-basin πPi(θi) that
transverses the multitask region using LMC. The final model θi+1

(Eq. (12)) is found in the surroundings of the line by adding a
learnable residual δi.

class incremental learning. Incremental or continual learn-
ing seeks to incorporate the new knowledge Ti+1 into the
model θi without forgetting how to perform correctly in pre-
vious datasets T0, ...,Ti. To this end, the continual learning
community has proposed approaches that exploit the fact
that multitask low curvature regions usually appear at the
intersection of low curvature regions for individual tasks
[14, 22] (see Fig. 2 for a visual reference). In particular,
the Mirzadeh et al. [22] approach uses a two steps training,
where the model θi+1 is first trained over dataset Ti+1, and
then a mode connectivity-based merging finds the model
with low loss value on both new and previous knowledge.

In contrast with [22], our approach directly estimates a
model at the intersection of previous and new knowledge
by exploiting our differentiable method to obtain the LMC
observed in SGD-based solutions. Similarly to approaches
introduced in the last section, our method looks for a re-
basin of the given model that minimizes a given objective.
For continual learning purposes, a new cost function is in-
troduced such that, like in Eq. (8), the cost of the model in
the middle of the line (1 − λ)θi + λπPi

(θi), λ ∈ (0, 1), is
minimized for dataset Ti+1 (see Fig. 2). In such a contin-
ual learning scenario, the middle point is the furthest model
in the line from high stability points θi and πPi(θi), noting
that the endpoints are solutions for previous tasks, but not
for the new one. The smooth nature of the loss landscape
implies that neighboring models have similar costs for all
tasks, thus it is important to select the farthest model from
the extremes. However, constraining the solution space to
models within the line yields a solution that performs well
on the previous task, but does not allow optimal perfor-
mance on the new task, thus affecting the training plasticity.
Similarly to Kirkpatrick et al. [14], we find well-behaved
models for Ti+1 in the neighborhood of our optimization

target. This is done by adding a regularization term that
minimizes the l2 norm of the residual vector δi. Finally, the
proposed cost is calculated as:

CCL(δi,Pi; θi) = C
(
θi + πPi

(θi)

2
+ δi

)
+β||δi||2. (10)

During the learning phase, the underlying optimization
problem finds:

δ∗i ,P∗i = arg min
δi,Pi

CCL(δi,Pi; θi), (11)

where δ∗i and P∗i are found at the same time. Note that
the cost in Eq. (10) can be computed over any knowledge
dataset. This work uses a replay method by taking the aver-
age of Eq. (10) for current and previous datasets.

Combining a model with a balance between previous and
new knowledge should be obtained after minimizing the
cost in Eq. (10). Here, the incremented model at episode
i+ 1 is defined as:

θi+1 = (1− α)θi + απPi(θi) + δi, (12)

where α is a hyper-parameter controlling the balance be-
tween plasticity and stability. Note that values of α near 0.5
favor higher plasticity, while values around 0.0 and 1.0 give
more importance to previous knowledge.

5. Experimental results and analysis
The experimental procedure for comparing re-basin ap-

proaches follows the same one used by Ainsworth et al. [2],
while the continual learning experiments follow the stan-
dard experimental procedure in incremental learning litera-
ture [22]. For all experiments, the mean and standard de-
viation of results is reported and obtained over independent
runs with different seeds. We used the original implemen-
tation provided by the authors in all cases. The effect of re-
basin is studied for both classification and regression tasks.
Mnist and Cifar10 datasets were used for image classifica-
tion, while the polynomial approximation problems from
[27] were used for regression. Feedforward NNs with 2 to
8 layers were explored as backbone architectures. In all our
experiments, t = 20 and τ = 1.0 were used, as proposed
in [21] for the Sinkhorn operator. Furthermore, the corre-
sponding performance measures and hyper-parameters are
summarized in each subsection. Additional details on the
experimental methodology, e.g., dataset, protocol, and per-
formance measures, as well as other experimental settings,
i.e., convolutional architectures, are provided in the supple-
mentary materials.

5.1. Finding the optimal transport

In this experiment, we measure the ability of both
Weights Matching (WM) [2] and our Sinkhorn re-basin to
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P0 P̂0 from WM P̂0 (Ours) P1 P̂1 from WM P̂1 (Ours)

Figure 3. Estimated permutation matrices via weight matching (WM) [2] and the proposed Sinkhorn re-basin. Pi refers to the expected
10 × 10 permutation matrix with ones represented in black and zeros in white. The estimated permutations matrix P̂i shows matching
permutations as blue squares and miss-matchings in red and yellow. The permutation matrices Pi ∈ R10×10 correspond with transportation
plans of layer i, with each layer containing 10 neurons. These matrices correspond with actual permutation matrices from the experiment
with random initialization and 2 hidden layers.

find the optimal permutation. Similar to our CL2, the WM
method minimizes the distance between the re-based and
target models by solving a LAP. The cost function used
for our re-basin is the squared L2 distance between models
(Eq. (7)). Note that the objectives are not data-driven, and
therefore we only measure the ability of each algorithm to
reach the global minima without any context. Each method
received a model and a randomly permuted version of it to
find the permutation matrices that originated the target re-
basin.

For our purposes, 9 datasets are created, each one
containing 50 models and a random re-basin, Ti =
{(θij , πP(θij)) | Pk ∼ U(Π),∀Pk ∈ P}, where 1 ≤
j ≤ 50 is the index of the model within dataset Ti and
1 ≤ k ≤ h is the number of hidden layers in the NN.
Note that we select random permutation matrices follow-
ing a uniform distribution, U(Π). NNs with two, four, and
eight hidden layers were used as base architecture. Addi-
tionally, we tested three types of initializations – random
initialization with weights following a normal distribution
N (0, 1), hereafter called Rnd, and models trained in a third
and first-degree polynomial approximation problem, named
Pol3 and Pol1 respectively. The 9 data set configurations lie
within the combination {Rnd, Pol3, Pol1}×{2 hidden, 4
hidden, 8 hidden}.

The Sinkhorn re-basin model was updated using the
Adam optimizer with an initial learning rate of 0.1, and
for a maximum of 5 iterations, using early stopping in case
of convergence. Tab. 1 summarizes the L1 norm between
weights after re-basin, |πP̂(θ) − πP(θ)|, where P̂ and P
are the estimated and optimal transportation plan, respec-
tively. As expected, our proposal always finds the optimal
permutation thanks to its ability to simultaneously look at
all permutation matrices. In contrast, the WM results fall
short for some scenarios. It is worth mentioning that these
results match the ones obtained by Ainsworth et al. in [2].
In general, the WM algorithm seems to be affected by ran-
dom initialization, while increasing the network’s capacity

improves its ability to reach the global minimum. We hy-
pothesize that this is an effect of using a greedy algorithm
that optimizes the objective for different layers at each it-
eration. A deeper inspection of the estimated permutation
matrices shows that WM reaches local minima close to the
expected re-basin, with only a few misplaced permutations
(see Fig. 3). A more challenging alignment scenario and
convergence analysis are shown in supplementary material.

5.2. Linear mode connectivity

We measure the ability of our method to find linear con-
nectivity between SGD modes after re-basin one of them.
For this experiment, four datasets are employed – first
and third-degree polynomial regression tasks [27], along
with the classical classification benchmarks, Mnist and Ci-
far10. Our experiment follows a similar setup to the one
described by [2], i.e., two networks were trained over the
same dataset, and we performed the re-basin of one of them,
hoping to reach the same basin as the unchanged model.
The experiment was repeated 50 times for every dataset, and
each method saw the same two networks. To measure the
ability of the different approaches to find LMC, we use the
Barrier [12] (Eq. (3)) and Area Under the Curve (AUC) over

Method Init 2 hidden ↓ 4 hidden ↓ 8 hidden ↓
WM [2] Rnd 6.05±9.17 4.12±6.58 0.50±1.55
CL2 (Ours) 0.00±0.00 0.00±0.00 0.00±0.00

WM [2] Pol3 0.57±2.84 0.07±0.46 0.01±0.10
CL2 (Ours) 0.00±0.00 0.00±0.00 0.00±0.00

WM [2] Pol1 0.27±0.94 0.00±0.00 0.00±0.00
CL2 (Ours) 0.00±0.00 0.00±0.00 0.00±0.00

Table 1. L1 distance between the estimated and expected re-basin
with different network initializations and depths. Distances are
scaled ×103.
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First degree polynomial Third degree polynomial Mnist Cifar10
Method AUC ↓ Barrier ↓ AUC ↓ Barrier ↓ AUC ↓ Barrier ↓ AUC ↓ Barrier ↓
Naive 0.31±0.38 0.62±0.71 0.25±0.15 0.58±0.33 0.34±0.08 1.07±0.21 0.73±0.12 1.23±0.18
WM [2] 0.16±0.15 0.32±0.28 0.19±0.26 0.41±0.57 0.01±0.00 0.03±0.01 0.13±0.02 0.27±0.04
CL2 (Ours) 0.05±0.06 0.10±0.12 0.05±0.06 0.12±0.12 0.01±0.00 0.02±0.00 0.09±0.02 0.19±0.03

STE [2] 0.11±0.10 0.23±0.22 0.09±0.07 0.24±0.23 0.01±0.00 0.01±0.01 0.08±0.01 0.15±0.02
CMid (Ours) 0.03±0.02 0.07±0.05 0.05±0.04 0.17±0.17 0.00±0.00 0.00±0.00 0.02±0.01 0.05±0.01
CRnd (Ours) 0.01±0.01 0.03±0.02 0.01±0.01 0.03±0.03 0.00±0.00 0.01±0.00 0.02±0.01 0.06±0.01

Table 2. AUC and loss Barrier results of linear mode connectivity for regression datasets (first and third-degree polynomial approximation),
and classification datasets (Mnist and Cifar10). The WM method and our Sinkhorn with CL2 belong to the data-free category, while STE,
Sinkhorn with CMid and CRnd are data-driven.

Naive
WM
STE
CL2
CMid
CRnd

λλλ

Accuracy MnistLoss MnistLoss third degree polynomial

Accuracy Cifar10Loss Cifar10Loss first degree polynomial

Figure 4. Example of linear mode connectivity achieved by WM [2], STE [2], and our Sinkhorn re-basin with CL2, CMid, and CRnd costs
for a NN with two hidden layers. Accuracy and loss are shown for the Mnist and Cifar10 classification, while only the L2 loss is shown for
the regression tasks. For Mnist, we include an amplified version of the loss and accuracy for better comparison.

the estimated cost curve within the linear path. Both mea-
sures achieve the best performance when a method provides
a low value, with a lower bound of 0.

We compare our approach with different objectives –
L2 (Eq. (7)), Middle point (Eq. (8)), and Random point
(Eq. (9)) with the recently introduced WM and Straight-
Through Estimator (STE) [2]. Tab. 2 summarizes the per-
formance of the methods for each dataset. All experiments
used a NN with two hidden layers. The table shows that
our methods outperform state-of-art methods with (the first
three rows) and without considering the data (last three
rows) during the re-basin. Specifically, our CL2 method
exceeded WM for both AUC and Barrier measures for all
datasets, except Mnist, where no significant differences

were observed. Our other proposals outperform the state-
of-art STE approach for AUC and Barrier in the data-driven
category. In particular, our CRnd loss showed the best re-
sults, comparable to our CMid for more challenging sce-
narios like Cifar10. Note that STE and our CMid have the
same objective, and their difference in performance lies in
the solver. Additionally, our CL2, CMid, and CRnd share the
same architecture but with various loss functions, and their
discrepancy in performance lies in the objective. As a gen-
eral point, all methods significantly improve the naive path.

We show the obtained loss and accuracy curves over the
linear path before doing a re-basin (naive) and after apply-
ing WM, STE, and Sinkhorn with CL2, CMid, and CRnd
methods in Fig. 4. Please note that our method can also
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Rotated Mnist Split Cifar100
Method Accuracy ↑ Forgetting ↓ Accuracy ↑ Forgetting ↓
Finetune 46.28±1.01 0.52±0.01 35.41±0.95 0.49±0.01
EWC [14] 59.92±1.71 0.34±0.02 50.50±1.33 0.24±0.02
LwF [17] 61.86±3.66 0.29±0.06 41.43±4.06 0.51±0.01
A-GEM [7] 68.47±0.90 0.28±0.01 44.42±1.46 0.36±0.01
Rebasin /w replay (Ours) 78.14±0.50 0.12±0.01 51.34±0.74 0.07±0.02

Joint training 90.84±4.30 0.00 60.48±0.54 0.00

Table 3. Performance of our proposed and state-of-art methods on the continual learning benchmark datasets over 20 episodes.

perform re-basin of convolutional architectures with resid-
ual connections, as shown in supplementary materials.

5.3. Incremental learning application

This experiment seeks to compare our method with other
well-known continual learning approaches from the liter-
ature. Since our proposal can fit the regularization tech-
niques that use replay, we compare it with different algo-
rithms within this category. In particular, we compared 3
regularization-based approaches – elastic weight consolida-
tion (EWC) [14], learning without forgetting (LwF) [17],
and average gradient episodic memory (A-GEM) [7]. The
average accuracy was calculated to measure the overall per-
formance of model θi in the first episodes Tj . In addition,
the forgetting measure averages the forgetting in terms of
accuracy for each domain or task in the episode.

Given the variety of libraries and implementations, we
limited our comparison to reproducible methods that could
be used in the Avalanche environment [18]. All measure-
ments, benchmarks, networks, and algorithms, including
our own, were implemented using the framework. While
we attempted to incorporate other recent approaches like
MC-SGD [22] and Stable SGD [23] into Avalanche, a high
discrepancy was observed w.r.t. their reported results and,
therefore, we did not include them into our study. Difficul-
ties in adapting MC-SGD to new conditions have also been
observed by other authors [20].

We focused our experiments on low episodic mem-
ory scenarios, using only five examples per class for both
benchmarks in methods that rely on memory replay (A-
GEM and our method). We used a NN with one hidden
layer and 256 neurons for the Rotated Mnist benchmark.
For the Split Cifar100 benchmark, a multi-head ResNet18
was used following the settings in [22, 23]. In this experi-
ment, we only apply the re-basin to linear layers.

Tab. 3 shows methods’ accuracy and forgetting perfor-
mance on the benchmarks Rotated Mnist and Split Cifar-
100 datasets using 20 episodes. Our method outperforms
the others and still performs better or comparable to those
reported in [23]. The reader should pay special attention

to the low values of forgetting achieved using our re-basin
approach. This is a consequence of setting the value of
α = 0.8 when fusing the models (Eq. (12)). A-GEM is
ranked second in accuracy and forgetting for Rotated Mnist.
LwF showed a similar forgetting to A-GEM in this bench-
mark. On Split Cifar100, EWC ranked second for both mea-
sures. Despite having similar accuracy to our approach, the
high forgetting value suggests stability issues. In general,
the method showed to be robust to the values α and β. We
included the corresponding ablation in supplementary ma-
terials.

6. Conclusion
This work proposes a new method based on the Sinkhorn

operator to estimate permutation matrices that make two
neural network models equivalent. With respect to pre-
vious work, such as weight matching, our method is (i)
more flexible because it is differentiable and can be applied
with any loss, (ii) estimates the permutations for all layers
at the same time, avoiding getting stuck in local minima,
(iii) more accurate, as shown in our experimental evalu-
ation on well-known benchmarks. First, our experiments
yielded perfect results when our approach was evaluated to
produce the optimal permutation between a model and its
artificially permuted transformation. We have also used our
approach for linear mode connectivity, showing better con-
nectivity (lower loss barrier) than weight matching. Finally,
we showed that our efficient and differentiable approach for
re-basin can easily be applied to the challenging task of con-
tinual learning, producing results comparable to, or better
than state-of-art approaches. As a limitation to our work,
we observed from our experiments and analysis of the lit-
erature that linear assignment problems solved with greedy
Hungarian-based approaches are generally more efficient in
terms of memory than the Sinkhorn operator.
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