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Abstract

Tangent Model Composition (TMC) is a method to com-
bine component models independently fine-tuned around
a pre-trained point. Component models are tangent vec-
tors to the pre-trained model that can be added, scaled,
or subtracted to support incremental learning, ensembling,
or unlearning. Component models are composed at infer-
ence time via scalar combination, reducing the cost of en-
sembling to that of a single model. TMC improves accu-
racy by 4.2% compared to ensembling non-linearly fine-
tuned models at a 2.5× to 10× reduction of inference cost,
growing linearly with the number of component models.
Each component model can be forgotten at zero cost, with
no residual effect on the resulting inference. When used
for continual fine-tuning, TMC is not constrained by se-
quential bias and can be executed in parallel on federated
data. TMC outperforms recently published continual fine-
tuning methods almost uniformly on each setting – task-
incremental, class-incremental, and data-incremental – on
a total of 13 experiments across 3 benchmark datasets, de-
spite not using any replay buffer. TMC is designed for com-
posing models that are local to a pre-trained embedding,
but could be extended to more general settings. The code
is available at: https://github.com/tianyu139/
tangent-model-composition

1. Introduction
Compositionality has long been considered central to

cognition [5], possibly a reflection of compositionality in
neural activity [50]. After decades of unsuccessful attempts
to design compositional representations, deep neural net-
works trained on language data are beginning to exhibit
emergent compositionality at scale, by capturing the com-
positional structure of the data. These models are now be-
ing used for visual inference, which has rekindled interest
in the study of compositionality of visual representations.
But beyond the data, any compositional structure that may
be latent in the model is not directly accessible: One cannot
simply “compose” weights or inner activations and expect

meaningful outcomes. The computational architecture of
Transformers [52] has been leveraged extensively to co-opt
the compositional structure of data through prompts or to-
kens [29, 55], but still the activations of trained models do
not appear to be meaningfully composable. Composition-
ality of neural activity would allow one to combine activa-
tions from different models to capture novel concepts, or
incorporate knowledge from different data without having
to re-train or fine-tune the core models. This would enable
open-universe classification and, more generally, combina-
torial expansion of the hypothesis space. Continual learning
could be performed simply by composing models trained on
different data.

In this paper, we explore the simplest form of compo-
sitionality, that is linear combination. We leverage recent
results on the linearization of deep neural networks around
a pre-trained point, that can be trained by solving a con-
vex optimization problem and yet perform on-par with non-
linear fine-tuning [1]. This suggests that the tangent space
at pre-trained models may be used to linearly compose neu-
ral activations, or equivalently compose different models
trained or fine-tuned on different datasets and/or for differ-
ent tasks.

We show that different models obtained from the lin-
earization around a pre-trained point can be composed,
combined, rescaled, and forgotten (“unlearning”), simply
by scalar combinations. This fact can be used to perform
ensembling at the inference cost of a single model (Sec. 3).
It can also be used for continual fine-tuning, with each com-
ponent model trained independently and in parallel, if nec-
essary on federated data that can therefore be easily forgot-
ten if needed.

Linear combination is not viable for general concept
composition nor arbitrary multi-task learning. In Sec. 5, we
discuss limitations of our approach, which can only mean-
ingfully compose models that are “local” to a pre-trained
embedding. If there are models trained on tasks that are far
in representation space, or even antagonistic, they are likely
to live on different tangent planes, making linear combi-
nation inappropriate. One such example, described in the
appendix, concerns models trained on real images (Ima-
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Figure 1. Composition of Fine-tuned Models: Purple indicates final models used for inference, yellow indicates specialist models fine-
tuned on individual tasks. The paragon (a) is a model trained jointly on all tasks. However, in continual learning, different tasks are
instantiated at different times, an re-training on their union is impractical. Ensembling (b) combines the output of different models trained
separately on each task. Weight averaging (c) yields a “model soup” of fine-tuned non-linear models, which improves inference time;
Tanget Model Composition (d) linearly composes models fine-tuned on the tangent space of a pre-trained model.

geNet) and clip art or sketches (DomainNet). Nonetheless,
in more common settings, TMC is competitive with general
forms of ensembling such as averaging activations or log-
its of non-linearly fine-tuned models, and with more gen-
eral forms of continual learning, including methods that use
a replay buffer. For broader task coverage, one could use
TMC to construct a tangent bundle of models around differ-
ent pre-trained points, akin to a “tangent model zoo.” This
concept is not too dissimilar from the architecture of some
Foundation Models with a shared backbone and multiple
distinct “heavy heads” [54], but far more compact, modu-
lar, efficient, interpretable, and easy to work with.

In the next section we place our contributions in the con-
text of prior art, and in the following one we describe our
method in more detail. Sec. 4 summarizes empirical evi-
dence in support of our approach, and finally Sec. 5 dis-
cusses its main limitations.

2. Related work
Compositionality: Compositionality has been studied

for decades as a means to expand the representative power
of trained models, but has received increasing impetus in
recent years thanks to large Transformer-based models that
can be used with adaptable prompts. Prompt-tuning [29]
has become commonplace to adapt large pre-trained models
for specific downstream tasks. Composition of prompts has
also been explored in [56, 55] for continual learning. More

general composition of parameters of trained deep networks
has been explored for various purposes such as improving
optimization and generalization, as we describe next.

Deep network linearization: Deep networks are lin-
earized using the first-order Taylor expansion around a pre-
trained weight [1, 18, 35, 49, 32]. [1] finetunes linearized
networks modified to use Leaky-ReLU with gradient pre-
conditioning to achieve similar performances to non-linear
fine-tuning. We note that TMC is not just a matter of apply-
ing linearized networks to different datasets and averaging,
since different scales would lead to imbalance as we de-
scribe in Sec. 3.3. Furthermore, unlike [1, 49], we do not
require Leaky-ReLU nor gradient pre-conditioning.

Averaging model weights: Weight averaging has been
used in deep learning to improve generalization [25, 17],
improve pre-training [12, 34], perform distributed fine-
tuning [57], and increase robustness against distribution
shift [59]. [25] averages points along the trajectory of SGD
to find flatter minima, [53] averages “late-phase weights”
obtained from the later stages of SGD. [24] uses weight in-
terpolation for model patching, and [58] averages weights
of models fine-tuned using different hyperparameters from
pre-trained models to improve generalization.

While weight averaging techniques for deep networks
are related to ensembles [14, 19], in our case the two coin-
cide since we operate in representation spaces that are lin-
ear in the parameters. We leverage this property to train on
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disjoint subsets of data, and show that they can outperform
existing weight averaging and ensembling techniques.

Continual learning/fine-tuning: Continual learning
[37] aims to adapt models to new tasks and data without
degrading performance in previously trained tasks. Con-
tinual fine-tuning [49, 6] additionally requires minimal for-
getting of a pre-training objective to ensure all tasks can
benefit from it. Existing approaches can be broadly clas-
sified into parameter isolation, regularization, architecture,
and replay-based.

Parameter isolation methods [32, 3, 47] operate in the
network architecture space by allocating each task a dif-
ferent set of parameters, using techniques such as network
pruning [33] to reduce additional memory requirements.

Regularization-based methods [30, 2, 26, 36, 28] incor-
porate additional terms into the training objective to prevent
catastrophic forgetting. [26] penalizes the distance between
weights of the previous and current task, and [45] penalizes
changes in weights using Hessian approximations.

Experience replay methods [44, 4, 32, 11, 43, 49, 7,
8, 26, 56, 6, 10, 9] assume the availability of a memory
buffer to store samples from previous tasks. [49, 6] ap-
plies experience replay to continual fine-tuning. [49] shows
that linearized models combined with replay and regulariza-
tion alleviates catastrophic forgetting when fine-tuned, and
[6] combines dark experience replay and an attention-based
regularization loss to prevent catastrophic forgetting of the
pre-training features, by encouraging similarity of features
at each layer to the original pre-trained network. While
replay methods have achieved state-of-the-art performance
compared to non-replay ones, they require a sufficiently
large memory buffer to store previously seen examplars.

A further line of work tackles exemplar-free class incre-
mental learning (EFCIL) using regularization [60], distilla-
tion [22], and class-prototypes [61, 62, 40] to incrementally
integrate new classes into a fixed-sized network without the
memory costs of a replay buffer.

We show that composition of tangent models trained on
individual tasks is a viable method for replay-free contin-
ual fine-tuning, and can even outperform recently published
replay-based methods. As a side benefit, our method also
yields fully parallel training across tasks, and enables zero-
cost unlearning.

3. Method
In continual learning, models are trained on a sequence

of tasks indexed by t = 1, . . . , T , with the goal of per-
forming well on all, under three main scenarios [51]:
(1) Task-incremental, where the task identity t (Task-ID)
is known during inference, (2) Data/Domain-incremental,
where Task-ID is not provided during inference, and (3) the
most challenging Class-incremental, where Task-ID is un-
known during inference and in addition the classes repre-

Table 1. A Comparison of Composition Methods: On average
across 25 experiments, Tangent Model Ensembling (TME) im-
proves accuracy by 5.1% over standard ensembling of non-linear
fine-tuned models at a 2× increase of inference cost. Tangent
Model Composition (TMC) also improved accuracy, by 4.2%,
while reducing inference cost by 2.5× to 10× in our experiments,
and growing linearly with the number of models in the ensemble.
Best results for single and multi model inference are indicated in
bold and italic respectively. Joint training paragon accuracy (Orig-
inal Model/Tangent Model): Caltech-256 - 89.17%/86.77%, MIT-
67 - 77.29%/77.74%, OxfordPets - 92.68%/93.68%.

Dataset Tasks Soup Ens-L Ens-SM TMC TME

Inference/Memory Cost: O(1) O(T ) O(T ) O(1) O(T )

C-Caltech-256
(Class-IL)

5 84.00 82.80 83.09 84.82 85.53
10 80.10 76.85 79.76 82.37 82.58
20 74.86 66.76 75.47 78.66 79.30

C-MIT-67
(Class-IL)

5 59.48 56.79 58.68 69.43 71.72
10 49.30 42.36 50.52 64.53 65.72
20 28.51 23.61 35.62 48.98 54.93

C-OxfordPets
(Class-IL)

5 80.71 81.14 81.86 84.42 85.04
10 71.35 69.71 77.31 77.75 79.97

D-Caltech-256
(Data-IL)

5 85.96 86.27 86.59 84.86 85.13
10 83.48 84.05 84.80 83.64 84.16
20 79.64 80.72 83.17 81.99 82.94

D-MIT-67
(Data-IL)

5 66.00 66.54 67.21 74.88 75.45
10 58.88 59.20 60.47 72.41 73.41
20 50.10 51.99 55.20 70.22 72.11

D-OxfordPets
(Data-IL)

5 90.22 90.83 91.02 93.17 93.21
10 87.66 88.42 88.88 92.48 92.72
20 85.57 85.97 86.58 91.28 91.77

C-Caltech-256
(Task-IL)

5 94.01 94.72 94.84 94.33 94.76
10 95.00 95.87 96.04 96.03 96.23
20 95.56 96.53 96.84 97.22 97.38

C-MIT-67
(Task-IL)

5 83.36 86.24 86.37 91.27 91.79
10 87.19 90.42 90.97 94.45 95.03
20 88.41 93.73 93.88 97.71 98.09

C-OxfordPets
(Task-IL)

5 97.27 97.27 97.35 98.57 98.74
10 97.59 97.92 97.98 99.05 99.13

sented in each task are disjoint.

We assume the setting of continual fine-tuning of a pre-
trained model. Naive fine-tuning causes catastrophic forget-
ting of prior tasks, including the one on which pre-training
occurred, as the number of tasks increases [6]. Thus, only
early tasks benefit from pre-training. Therefore, it is im-
portant for continual fine-tuning to ensure that all tasks can
benefit from information acquired during pre-training.

We introduce a unified method to tackle the main scenar-
ios (1)-(3) by composing separately-trained tangent compo-
nent models. We show that each task takes full advantage
of pre-training, and catastrophic forgetting of prior tasks is
averted since information from each previous task is en-
coded separately and only fused for inference.
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3.1. Model Linearization

The effectiveness of model aggregation in weight space
hinges on whether the models lie in within the same small-
loss training basin of convergence. It is known that weights
of different models fine-tuned on the same dataset can be
connected by linear paths with constant loss (“linear mode
connectivity”) [16], but this does not generally occur for
models fine-tuned on disjoint tasks/datasets, which is the
case of interest to us. Therefore, we convexify the loss land-
scape locally by approximating the function represented by
a deep (non-linear) network with its first-order Taylor ap-
proximation around the pre-trained weights. For any deep
network f and initial weights w ∈ Rm, we denote with
H(w) the set of all such models tangent to fw given by:

H(w) = {hδ(·) ≜ fw(·) +∇wfw(·) · δ}. (1)

Since the tangent model hδ is linear in the parameters δ,
training it with standard losses such as mean-squared er-
ror (MSE) or empirical cross-entropy yields a convex loss
landscape. In order to compose models, leveraging Jensen’s
inequality, we are guaranteed that for any dataset D:

L(D,

T∑
i

hθiδi) ≤
∑
i

θiL(D, hδi),
∑
i

θi = 1. (2)

In other words, the loss resulting from a convex combina-
tion of tangent models in weight space will always be lower
than or equal to the convex combination of their individual
losses. This is particularly useful when combining models
trained to some constant (possibly zero) loss, since it en-
sures that the composed model will have loss lower or equal
to the loss of the component models.

While tangent models might seem computationally ex-
pensive to train, we note that the Jacobian vector product
∇wfw(·) · δ can be computed in a single forward pass as
shown by [39, 35, 1]. This reduces the computational cost
to that of a forward pass through the original network. Also
note that while the tangent model has twice the degrees of
freedom of the original model, fixing the pre-trained model
at w results in only a convex optimization in the remaining
parameters, as many as the original model.

In the context of fine-tuning, w is initialized by pre-
training on large datasets such as ImageNet [13]. In the
rest of this paper, we use the short-form notation H and h
for H(w) and hδ respectively.

3.2. Tangent Model Composition for Replay-free
Continual Fine-tuning

Ensembling is an effective strategy for combining weak
learners into a strong model [14]. For any finite F ⊆ A,
where A is a set of functions, and λ = {λi}|F |

i=1 a set of

20 30 40 50 60 70 80
Accuracy / %

TME (CE)

TMC (CE)

TME (MSE)

TMC (MSE)

TME (RSL)

TMC (RSL)

Figure 2. Accuracy plot over models trained on C-Caltech-256,
C-MIT-67, and C-Oxford Pets, split into 10 tasks each. Soft-max
ensembling (TME) consistently yields the best results compared
to logit ensembling (TMC) for each loss function. Composition of
component models trained with the Rescaled Square Loss (RSL)
outperforms those trained with empirical cross-entropy (CE) or
MSE loss, trading off only 1.2% accuracy against TME to reduce
inference time and memory requirement from O(T ) to O(1).

weights, the logit ensemble operation is given by

Ensemble(F, λ) =

|F |∑
i=1

λifi(·) (3)

In the context of continual learning, a simple yet effective
approach is to simply train a new model on each task t, and
ensemble the outputs at inference time. Unfortunately, this
has the obvious shortcoming that both storage requirements
and inference time grows along with the number of tasks.

However, consider the case where A = H. Then for any
finite H ⊆ H and associated weights λ, we can write

Ensemble(H,λ) =

|H|∑
i=1

λihi(·) (4)

= fw(·) +
|H|∑
i=1

∇wfw(·) · λiδi (5)

= h∑
λiδi

(·) (6)

In other words, since H defines a vector space with addition
and scalar multiplication based on δ, any linear combination
(or ensemble) of models in H is equivalent to a single model
in H derived simply by the linear combination over δ. This
reduces the inference time for any ensemble of T tangent
models from O(T ) to O(1).

In continual learning, it is also important for storage
space to not scale with T , since the number of tasks can be
arbitrarily large. However, since tasks arrive sequentially
in the continual learning framework, we can further reduce
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Table 2. Class-Incremental Learning: Comparison against existing methods using an ImageNet pre-trained ResNet-50. TMC is almost
uniformly better than all replay-based and replay-free methods tested, outperforming the best replay-free (RF) method by 14.48% and even
the best replay-based method [6] by 1.53%.

Method / Buffer C-Caltech-256 C-MIT-67

Tasks 5 10 20 5 10 20

ER [46] / 300 70.14±0.22 65.75±0.92 65.490.60 54.61±0.41 49.57±1.46 45.331.73

LWF [30] / None 34.55±0.18 22.76±0.17 14.37±0.14 25.14±0.57 13.30±0.49 6.41±0.17

oEWC [48] / None 28.71±1.31 16.32±4.37 15.59±3.83 14.18±0.77 7.12±0.49 4.33±0.16

DER++ [7] / 300 80.50±0.26 77.84±1.02 74.46±0.21 64.56±0.55 59.73 ±1.02 50.28±1.27

Co2L [10] / 300 20.71±2.89 17.13±2.53 14.620.61 19.64±12.93 21.21±0.50 17.78±1.33

ER-ACE [9] / 300 78.47±1.25 73.85±0.53 70.87±1.38 64.94±0.50 60.25±0.26 52.48±0.29

TWF (RF) [6] / None 77.95±0.52 70.67±0.72 62.79±0.82 56.58±0.62 45.03 ±0.78 28.91±0.92

TWF [6] / 300 81.34±0.91 77.03±0.53 72.44±0.42 68.33±0.46 64.21 ±0.65 56.29±0.68

TMC / None 84.82 ±0.03 82.37 ±0.08 78.66 ±0.13 69.43±0.21 64.53±0.28 48.98 ±0.13

the memory capacity required for storage of models from
O(T ), to O(1) by using a simple autoregressive model: We
train on the first task t1 to produce model h̃1 = h1. Then,
for any subsequent task t > 1, we train a new model h̃t, and
compose it with ht−1 to give ht = λ(t,1)h̃t +λ(t,2)ht−1 :=

hδ′ where δ′ =
λ(t,1)δ̃t+λ(t,2)δt−1

λ(t,1)+λ(t,2)
. Since we only require

model ht−1 to produce ht, all prior models up to and in-
cluding ht−1 can be discarded upon constructing ht, hence
reducing memory requirement from O(T ) to O(1), equal
to the size of a single model. In contrast to methods that
expands the model at each task, or require a memory buffer
of examples from previous tasks, this method does not incur
additional storage requirements, nor assume availability of
an extra replay buffer for storing past exemplars (i.e. our
method is replay-free).
Remark 1 (Free Parallelization): Additionally, for any
given convex loss function L, the optimization objective

min
δ∈Rm

∑
(x,y)∈D

L(hδ(x), y) (7)

is convex and thus converges to a global optimum. This
implies that each model h̃t can be trained from a standard
initialization as opposed to from ht−1. Hence, if multiple
tasks arrive at the same time, such as when training in a fed-
erated manner, training can be parallelized across tasks and
composed in a zero-cost, zero-shot manner to yield equiva-
lent results (assuming equivalence of global optima) to se-
quential training and composition. To the best of our knowl-
edge, apart from [41] which simply stores samples in a re-
play buffer and trains on them at test time, no other work in
continual learning can be parallelized across tasks.
Remark 2 (Free Forgetting/Unlearning): If we relax
memory constraints to store models from each task, un-
learning any specific task t (e.g., private data associated
with specific samples) is straightforward and can be done
in a zero-cost, zero-shot manner. Since subtraction is well-
defined in the vector space H, any task i can be unlearned

from the model hT trained on T tasks by simply subtracting
the weights associated to h̃i:

hT\i = hT − λi,1

T∏
j=i+1

λ(j,2)h̃i (8)

Remark 3 (Unified Continual Fine-tuning): Our method
does not assume any specific task splits, and is hence gen-
eralizable across all three forms of continual fine-tuning:
task-incremental, class-incremental, and data-incremental.

3.3. Scale Standarization

Training with the cross-entropy loss does not ensure that
the weights are comparable in scale. We can study the im-
plications of this for composition on H through the lens
of logits ensembling. While logits ensembling has been
shown to be effective [58], Fig. 2 shows that ensembling the
normalized soft-max outputs (Tangent Model Ensembling,
TME) is uniformly better than logit ensembling/weight av-
eraging via TMC across various loss functions. However,
TME cannot be represented by a linear combination of per-
turbations δi and hence incurs O(T ) model storage costs
and O(T ) inference time.

Instead, we propose to induce a waterbed effect similar
to soft-max ensembling using standardization. In particular,
we train using the Rescaled Square Loss (RSL) [23]:

Ls(x, y) =
1

K

(
α(̇[f(x)]y − β)2 +

K∑
i=1,i̸=y

([f(x)]i)
2
)
(9)

where α, β are hyper-parameters. This is the regular MSE
loss when α = β = 1. Larger values of β reduce soft-max
entropy in the output by scaling positive output class signals
while keeping negative ones close to zero.

We use β to control the interaction between component
models. For example, when tasks are highly dissimilar,
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Table 3. Data-Incremental Learning on D-MIT-67, 4 tasks using
ResNet-18. For fair comparison, we run our method under the
settings proposed by [49]. TMC outperforms the best replay-free
method [30] by 4.61%, and the best replay-based method [49] by
1.27%, while supporting parallel training across tasks (PL). If we
sacrifice parallelization by initializing each model at task t with
ht−1 (TMC-Seq), we further improve over TMC by 0.28%.

Method PL? Replay Buffer Accuracy

SGD ✗ None 63.48
LwF[30] ✗ None 67.21
MAS[2] ✗ None 62.49
OSLA[45] ✗ None 64.08
EWC [26] ✗ 500 63.68
DLCFT[49] ✗ 500 70.55
TMC ✓ None 71.82
TMC-Seq ✗ None 72.10

Joint (Linear) - - 73.61
Joint (Paragon) - - 74.40

such as in task- and class-incremental continual learning,
we use larger values of β to reduce interference of compo-
nent models trained on other tasks upon composition. On
the other hand, when tasks are highly synergistic such as in
data-incremental learning, lower values of β can be used to
encourage interaction in the final composed model.

4. Experiments

We describe comparison baselines in Sec. 4.1, and our
main results in Sec. 4.2, with additional studies in Sec. 4.3.

Our method is replay-free. As such, its computational
cost is at most half of what it would be if it used a replay
buffer since replay-based methods typically sample separate
batches of equal size from both the current task and replay
buffer at each iteration [7, 6, 10, 46, 9]. Nonetheless, we
compare our method to both replay-based and replay-free
methods in our baselines. While replay-based methods have
thus far outperformed replay-free ones, ours is uniformly
more accurate than replay-based methods tested, in addition
to replay-free ones.

We evaluate our method on Caltech-256 [20], MIT-
67 [42], and OxfordPets [38]. For continual fine-tuning,
we further split each training dataset into multiple disjoint
subsets, each representing a single task, for fair comparison
across experiments. We prefix sequential datasets split into
tasks with disjoint labels (for task- and class-incremental
learning) with C-, and random splits using a standardized
random seed (for data-incremental learning) with D-. We
set α = 1, β = 25 for the former, α = 1, β = 5 for the
latter, and α = 1, β = 5 for TME. Results in all tables and
figures are averaged across 3 runs.
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Figure 3. Ablation on β averaged across (Top:) C-Caltech-256,
C-MIT-67, and C-OxfordPets and (Bottom:) D-Caltech-256, D-
MIT-67, and D-OxfordPets, split into 10 disjoint tasks. For class-
incremental datasets, larger values of β result in better generaliza-
tion of the final composed model. For data-incremental datasets
where tasks are synergistic, larger values of β instead harm the ac-
curacy of both the component models and the composed model.

4.1. Composition Baselines

In each of the following sections, we compare against
the following baselines for model aggregation:

Logits Ensemble (Ens-L): Averaging the output logits of
non-linear component models.

Softmax Ensemble (Ens-SM): Averaging the softmax out-
put of non-linear component models.

Weight composition of non-linear models (Soup): Av-
eraging the weights of non-linear component models. This
method is inspired by Model Soups [58] where weights of
various non-linear models trained on the same task but with
different hyper-parameters and augmentations are averaged
to improve generalization at no additional inference cost.

4.2. Main Results

We show that TMC outperforms existing methods in all
three continual fine-tuning settings [51], from hardest to
easiest: Class-Incremental (Sec. 4.2.1), Data-Incremental
(Sec. 4.2.2), and Task-Incremental (Sec. 4.2.3).
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Table 4. Task-Incremental Learning: Comparison against existing methods using ImageNet pre-trained ResNet-50. We almost uniformly
outperform all replay-based and replay-free methods that we compare against. In particular, we improve over the best replay-free (RF)
method by 2.46%, and the best replay-based method by 1.38% [6].

Method / Buffer C-Caltech-256 C-MIT-67

Tasks 5 10 20 5 10 20

ER [46] / 300 92.11±0.26 94.33±0.48 95.76±0.13 85.84±0.09 90.59±0.51 95.13±0.27

LWF [30] / None 93.73±0.12 95.31±0.08 96.29±0.05 87.55±0.20 90.82±0.04 95.68±0.58

oEWC [48] / None 83.97±0.71 76.20±16.07 91.49±0.30 67.31±3.22 68.45±4.93 84.74±1.96

DER++ [7] / 300 93.79±0.13 94.92±0.11 95.87±0.17 86.83±0.26 91.63 ±0.75 94.54±0.62

Co2L [10] / 300 34.51±3.05 39.62±1.70 45.94±1.47 39.32±20.47 64.40±1.31 51.50±2.21

ER-ACE [9] / 300 93.11±0.12 94.63±0.06 95.86±0.10 87.13±0.16 90.96±0.28 94.92±0.60

TWF (RF) [6] / None 94.45±0.05 95.64±0.06 96.36±0.12 86.76±0.25 88.27 ±0.54 94.74±0.35

TWF [6] / 300 94.38±0.08 95.74±0.17 96.59±0.07 88.22±0.41 92.13 ±0.26 95.67±0.46

TMC / None 94.33 ±0.03 96.03 ±0.02 97.22 ±0.03 91.27±0.21 94.45±0.13 97.71 ±0.13

4.2.1 Class-Incremental Learning

In class-incremental learning, datasets are partitioned so
that label spaces of each task are disjoint.

Comparison against Composition Baselines: We com-
pare against model composition baselines in Table 1. While
TME yields the best generalization performance, this comes
at a cost of O(T ) inference time. On the other hand, TMC
achieves an O(1) inference time with only a 1.73% trade-off
in generalization accuracy on average, while outperform-
ing weight averaging, logit ensembling, and even soft-max
ensembling of non-linear models by an average of 7.83%,
11.37%, and 6.08% respectively, even though the latter two
both require O(T ) inference time.

Comparison against existing methods: In Table 2, we
compare against recent continual fine-tuning methods in-
cluding both replay-free and replay-based methods. Here,
replay-free methods [30, 48] perform poorly in the class-
incremental setting relative to stronger replay-based meth-
ods [46, 9, 7, 6]. However, we show that not only do we
improve over the best replay-free method by 14.48%, but
also over the best replay-based method by 1.53% [6], cor-
responding to a 17.59% relative error reduction towards the
paragon performance of joint training (Table 1).

Comparison against EFCIL methods: In Table 5, we
compare against EFCIL methods on C-TinyImageNet [27].
The original EFCIL methods are evaluated under a differ-
ent setting (denoted †), where the zeroth task contains 50%
of the dataset. Hence, we further modified two of the best
performing EFCIL methods, SSRE [62] and FeTrIL [40] to
use the pre-trained ImageNet initialization, and run them
under our setting of uniformly sharded data. TMC not only
outperforms all methods ran under our harder setting, by an
average of 15.3% over the next best method [40], but even
yields equal or better performance when compared to all
methods ran under †.

4.2.2 Data-Incremental Learning

Also referred to as domain-incremental learning, this setting
assumes that tasks are split in a non-stratified manner, where
each task has the same output space [51, 49].
Comparison against Composition Baselines: In Table 1,
we compare against model composition baselines. Similar
to the class-incremental setting, TME outperforms TMC by
an average of 0.66% at a cost of O(T ) inference time. TMC
uses O(1) inference time and outperforms non-linear com-
position, logit ensemble, and even soft-max ensemble by an
average of 7.04%, 6.32%, and 5.21% respectively.
Comparison against existing methods: In Table 3, we
benchmark our model against results obtained by [49] on a
pre-trained ResNet-18 model using the D-MIT-67 dataset
split into 4 disjoint subsets. We improve over the best
replay-free method [30] by 4.61%, and the best replay-
based method [49] by 1.27%, corresponding to a 64%
and 33% relative error reduction towards the joint train-
ing paragon respectively. TMC-Seq, which uses sequential
initialization by initializing each component model h̃t with
ht−1 instead of h0, further improves over TMC by 0.28%
but at the cost of parallelizability.

4.2.3 Task-Incremental Learning

In task-incremental learning, the output spaces of differ-
ent tasks are disjoint, but the source task of each sample
is known at inference time. Thus, we can restrict the model
predictions to that of the given task during evaluation.
Comparison against Composition Baselines: Due to the
disjoint output spaces of each task, ensembling outputs of
specialist component models trained on individual tasks and
restricting them to a target task essentially only considers
the predictions of the specialist model trained on the tar-
get task (since, in general, specialist models are not effec-
tive discriminants for tasks other than those they are traiend
on). Hence, the independence of output spaces renders en-
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Table 5. Comparison against EFCIL methods using either ImageNet pre-trained ResNet-50, or under the original EFCIL setting where the
zeroth task contains 50% of the dataset (denoted †). All experiments are ran on C-TinyImageNet. Italics denote the best method under †,
and bold denotes the best method under our harder setting. Under the former, TMC performs equally or better than all methods. Under the
latter, TMC outperforms the best method by an average of 15.3%.

Tasks PASS† [61] IL2A† [60] SSRE† [62] FeTrIL† [40] SSRE[62] FeTrIL[40] TMC

5 49.6 47.3 50.4 54.8 33.7 44.1 57.6
10 47.3 44.7 48.9 53.1 25.6 36.1 53.1

sembles of specialist models highly effective. In contrast,
composing non-linear models in weight space does not en-
sure minimal interference across different tasks. Indeed, we
show in Table 1 that TME yields the best results, while the
non-linear composition approach yields the worst in task-
incremental learning. On the other hand, due to the equiv-
alence of TMC to (logit) ensembling of linearized models,
TMC outperforms not only weight averaging, but also logit
and soft-max ensembles of non-linear models, by 3.78%,
1.83%, and 1.79% respectively.
Comparison against existing methods: Since each com-
ponent model is trained only on task t, by design, there is
no interference from other tasks when training h̃t. As such,
the final composed model is equivalent to a specialist model
when restricted to any task. However, in other state of the
art continual learning methods such as those involving re-
play or loss regularization, this separation among trained
for each task is violated. Hence, under the task-incremental
setting, we show in Table 4 that TMC achieves the best per-
formance across both replay-free and replay-based methods
even without using any memory buffer, beating the next best
method by 2.46% and 1.38% respectively [6].

4.3. Further studies

We present additional studies on the Rescaled Square
Loss (Sec. 4.3.1), and compare against TMC-Seq to show
that our method yields an effective and highly parallelizable
training scheme for continual fine-tuning (Sec. 4.3.2).

4.3.1 Rescaled Square Loss

In Sec. 3.3, we showed that β can be used to control the
amount of interaction between tasks. In Fig. 3, we em-
pirically show that in the class-incremental setting where
tasks are highly dissimilar, larger values of β result in a bet-
ter generalist model. On the other hand, under the data-
incremental setting where tasks are more similar, informa-
tion from other tasks can benefit the learning of any given
task. Here, larger values of β instead harm generalization
due to lowering the accuracy of each component model.

4.3.2 Convexity and Parallelizability

Given a sequence of tasks 1 . . . T and a pre-trained model
h0, there are at least two natural ways to learn the compo-
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Figure 4. Accuracy of composed models, where component mod-
els are initialized with h0 (TMC) and ht−1(TMC-Seq). In the
data-incremental setting (D), TMC-Seq outperforms TMC, while
in the class-incremental setting (C), TMC performs significantly
better. All results are averaged across D/C-Caltech-256, D/C-MIT-
67, D/C-OxfordPets (we exclude C-OxfordPets in the 20-task set-
ting since it does not contain enough classes).

nent model h̃t: (1) Train h̃t with ht−1 as initialization, and
(2) Train h̃t with h0 as initialization. The first option (TMC-
Seq) is most common among continual learning methods
which impose regularization in the weights between the cur-
rent and previous tasks or optimize using memory buffers
consisting of examples obtained from previous tasks. As
such, these methods are restricted to a sequential learning
framework, and hence cannot be parallelized across tasks.
In Sec. 3, we showed that, thanks to the convexity of the
loss landscape, both options (1) and (2) are equivalent under
our framework when we assume comparable generalization
performance among global optima.

In practice, for massively over-parameterized networks,
such assumptions do not hold. However, we show em-
pirically in Fig. 4 that under the data-incremental setting,
compared to TMC-Seq, TMC only incurs a small loss in
generalization performance to enable massive paralleliza-
tion across tasks. This can potentially provide orders of
magnitude speed-ups compared to existing continual learn-
ing methods. Moreover, under the class-incremental set-
ting, TMC greatly outperforms TMC-Seq, showing that the
pre-trained initialization yields solutions of better general-
ization than ht−1. We attribute this to the fact that the hy-
pothesis space of models which are globally optimal for
the training data is vast and yields varying generalization.
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Thus, regardless of the loss landscape convexity, conver-
gence to each point in this space depends on the “direction
of approach”. Hence, initialization at ht−1 introduces a bias
towards the previous tasks. Due to the high level of dissim-
ilarity between tasks in the class-incremental setting, this
bias harms the final model generalization performance.

5. Discussion
Our approach enables incremental learning under the as-

sumption that increment tasks are “close” to the pre-trained
model. We ensure proximity by training increment mod-
els independently on the tangent plane of the pre-trained
model. The advantage is that pre-trained tasks are not for-
gotten, and increment tasks can be learned independently,
in parallel, and easily forgotten if needed.

Of course, this approach does not address the problem
of incremental learning in full generality, when increment
tasks can be arbitrary and arbitrarily unrelated. Nonethe-
less, we have shown that our method is competitive with
existing methods in some of the most challenging settings,
for instance when the hypothesis spaces of component tasks
are disjoint. On the positive side, despite not requiring a re-
play buffer, our method outperforms replay-based ones un-
der the assumptions in which we operate.

A limitation of our approach is that it requires comput-
ing the linear span of pre-trained models, which can be
challenging. However, for common deep network architec-
tures such as the ResNet [21] or Transformer [52, 15] fam-
ily, the Jacobian-Vector product can be efficiently evaluated
[39, 35, 1, 31], reducing the computational complexity of
training the tangent model to that of the same magnitude as
a linear classifier on network activations. Hence, inference
time for the linearized network is at most double that of the
original model.

Another limitation of our approach is assuming a first-
order expansion around a pre-trained objective can well ap-
proximate the fine-tuned model. Such assumptions hold
poorly when the pre-training and downstream tasks are
highly unrelated. Nevertheless, an ImageNet [13] pre-
trained model already yields a sufficiently good local ap-
proximation for various real-world datasets [1, 31].

While we mainly explored linear compositionality in the
context of continual learning, we note that this framework
can be easily generalized. We discussed possible applica-
tions towards federated learning and forgetting, since our
method naturally yields a parallel training framework that
fully compartmentalizes information obtained each task.
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