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Abstract—To teach robots complex manipulation tasks, it
is now common practice to fine-tune a pre-trained vision-
language-action model (VLA) on task-specific data. However,
since this recipe updates existing representations, it is unsuitable
for long-term operation in the real world, where robots must
continually adapt to new tasks and environments while retain-
ing the knowledge they have already acquired. Existing con-
tinual learning methods for robotics commonly require storing
previous data (exemplars), struggle with long task sequences,
or rely on task identifiers for deployment. To address these
limitations, we propose CLARE, a general, parameter-efficient
framework for exemplar-free continual learning with VLAs.
CLARE introduces lightweight modular adapters into selected
feedforward layers and autonomously expands the model only
where necessary when learning a new task, guided by layer-wise
feature similarity. During deployment, an autoencoder-based
routing mechanism dynamically activates the most relevant
adapters without requiring task labels. Through extensive ex-
periments on the LIBERO benchmark and five real-world tasks,
we show that CLARE achieves high performance on new tasks
without catastrophic forgetting of earlier tasks, significantly
outperforming even exemplar-based methods. Code, data and
videos are available at tum-Isy.github.io/clare.

I. INTRODUCTION

Robots deployed in homes, hospitals, or warehouses must
operate for long periods while facing ever-changing con-
ditions and task demands. In such settings, robots must
continually acquire new skills without sacrificing previously
acquired capabilities. This long-term adaptability, known as
continual or lifelong learning [1], remains an open challenge
in robotics [2]-[4].

Recent advances in vision-language-action models (VLASs)
have demonstrated strong performance on complex, long-
horizon tasks by integrating perception, language understand-
ing, and action generation [5]-[8]. Pre-training on internet-
scale data and robot demonstrations [9] provides VLAs with
broad priors that enable some degree of generalization. How-
ever, state-of-the-art VLAs cannot adapt reliably to unseen
tasks without fine-tuning on task-specific data [6], [7]. In
a continual learning setting, naive iterative fine-tuning leads
to significant degradation of semantic grounding and policy
performance on old tasks — catastrophic forgetting [10].

Experience replay (ER) [11] can mitigate forgetting but
requires storing previous data, which may be unavailable due
to storage or privacy constraints, and increases computational
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Fig. 1: CLARE autonomously and continually injects lightweight adapters
into selected layers of a pretrained vision-language-action model (VLA).
During inference, the most relevant adapters are activated based on feature
similarity, captured by learned discriminators. By fine-tuning only the newly
added parameters at each stage, we can acquire new task-specific knowledge
without catastrophic forgetting of previously learned skills.

overhead. Modular and expandable architectures [12]—[14]
allocate new capacity for each task rather than overwrit-
ing shared representations, but often require oracle task
identifiers unavailable in open-world deployment. To close
this gap, we introduce CLARE, a general framework that
enables VLAs to continually incorporate new task-specific
knowledge without exemplars, task labels, or pre-defined
expansion rules. CLARE injects lightweight adapters into
selected modules of the pretrained model and expands only
when feature statistics indicate substantial novelty, as vi-
sualized in Figure 1. At deployment, an autoencoder-based
routing mechanism dynamically selects among the adapters,
enabling autonomous task-agnostic inference.
In summary, our main contributions are:

o A lightweight, modular framework enabling VLAs to
learn new tasks without catastrophic forgetting.


https://tum-lsy.github.io/clare

Algorithm 1 Continual learning for VLAs with CLARE.

Require: Pretrained base VLA, set of expandable layers &,
expansion threshold .

1: for all tasks 7,, do

2 for all layers / € £ do > Dynamic Expansion
3 Compute z-scores z, for all discriminators D).
4: Add new discriminator D}’

5: if n =1 or 2z} >~ for all j then

6 . Add new adapter AY*; link By(Dy) = Af*.
7 else

8  Link D7 to most relevant existing adapter.
9: if no layers expanded then

10:  Expand the shallowest layer ¢; € £.

11: Train new adapters via flow matching loss (1).

12: | Train new discriminators via reconstruction loss (5).

o An autonomous routing mechanism activating the most
suitable adapters during inference using feature similar-
ity, without task identifiers.

« A dynamic expansion strategy that increases parameter
count by only about 2% per task.

« Extensive experiments in simulation and the real world
demonstrating that CLARE significantly outperforms
continual learning baselines.

II. RELATED WORK

VLAs [5]-[8] pre-trained on large-scale data [9] exhibit
strong performance but limited zero-shot generalization to
new tasks, making task-specific fine-tuning necessary [6].
In continual learning, ER-based approaches [11], [15] retain
past examples to prevent forgetting, while regularization
methods [16], [17] constrain important weights. Architectural
methods [12], [13], [18] inject new parameters for novel
tasks, avoiding forgetting at the cost of growing model size.
For continual learning in robotics, LOTUS [19] constructs a
growing skill library with ER-based routing, while SDP [20]
injects task-specific experts but requires oracle task IDs.
DMPEL [14] builds an expert library with router replay, and
MLR [21] replays latent embeddings. In contrast, CLARE
requires no stored data, task labels, or pre-defined expansion
rules.

III. PROBLEM SETUP

We consider a robot that must sequentially learn
tasks {7, }_;, where 7,, = (p3,1,,) is characterized by an
initial state distribution and a natural language instruction.
We assume a base policy 7 pre-trained on large-scale data
with parameters 6. At stage n, given expert demonstra-
tions D,, = {(o},a?),l,}L_,, we aim to train 7, that per-
forms well on both 7, and all previous tasks 71, ..., 7,_1,
without access to prior data Dy,...,D,_1.

IV. METHODOLOGY
A. Base Policy

We train the policy using flow matching [22], where the
policy at stage n learns a vector field vg, that transports
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Fig. 2: Model architecture of our base VLA policy. Pre-trained vision
and language encoders produce tokens that are projected and fed into
a transformer backbone. Dashed blocks indicate potential locations for
CLARE adapters; our experiments show that adapters in the observation
encoding modules yield the best performance (Table I).

action chunk samples from Gaussian noise to the target
distribution:

,C(Hn) = ES’(AI’O)’A(J [H'Ug" (AS, o, S) — (Al —AO)HQ} .

(D

Our method is architecture-agnostic; we adopt a decoder-
only diffusion transformer (DiT-Dec) [23] with pre-trained
DINOVvV2 [24] and CLIP [25] encoders as our base VLA, as
visualized in Figure 2. Adapters can be inserted at the linear
projection layer and within the transformer decoder layers.

B. Modularized Adapters

We define a set of expandable modules £ = {{1,..., 4, }
and inject lightweight encoder-decoder adapters as side
branches. The output of the i-th adapter in layer ¢ is

Aj(x) =

where W, € R%xr Wiomn ¢ R™*de_ and r < d,. During
inference, the routing mechanism activates one adapter A
per layer, adding its output to the pretrained module output:

W, "ReLU (W), 2)

M@(:Bg) = M;re(il:e) + A;(:Bg) 3)

Only the newly added adapters are trained on D,,; the rest
of the model is frozen.

C. Autonomous Routing

We pair each expandable layer with an expanding set
of autoencoder discriminators Dy = {D}, D7,...} (see Fig-
ure 3). Each discriminator D; is linked to a corresponding
adapter through a mapping B, : D; — A,. The reconstruc-
tion error of discriminator D; is
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Fig. 3: CLARE sequentially adds adapters and discriminators as side
branches. Top: During inference, the routing mechanism activates only the
adapter linked to the discriminator with the lowest reconstruction error.
Bottom: During dynamic expansion, if all z-scores exceed threshold v, a
new adapter and discriminator are added. Otherwise, only a discriminator
is added, linked to the most relevant existing adapter.

and the discriminator at stage n is trained via
Liccon(D) = Eaynp, [€) ()] (5)

During inference, the adapter linked to the discriminator with
the smallest reconstruction error is activated:

A (xy) = Bg(D{), Jj© = argmin eg(wg). (6)
j

This design requires no task labels and scales to a continually
increasing set of adapters.

D. Dynamic Expansion

We expand a layer ¢ at stage n only if its features deviate
substantially from all previous tasks. To compare discrimi-
nators trained on different data, we normalize reconstruction
losses using running statistics, computing z-scores

j 1 ej(@e) — 1
Nxe) = y o et 7
Zg (:Bé) |Dn| €D O'z ( )
Ty n

If all zg > v, a new adapter is added to layer ¢; otherwise,
only an auxiliary discriminator is added and linked to the
most relevant existing adapter. This dynamic expansion re-
sults in a memory-efficient, sub-linear increase in adapter
parameters.

V. EVALUATION

We focus on the following research questions: Q1: Which
layers are best suited for expansion? Q2: How well can
CLARE learn new and retain old tasks? Q3: Can dynamic
expansion reuse relevant skills from previous tasks? Q4:
What is the computational complexity of CLARE?

(a) 1. BowL (b) 2. STACK (c) 3. MOKA (d)
DRAWER

4. (e) 5. LEGO

Fig. 4: Our five real-world manipulation tasks involve objects of different
shapes, weights, and dynamics, as well as different motion patterns.

Backbone Expandable layers AUC 1 FWT 1t NBT |
. Linear projection 75.1%E13 75,0+14 19304
DiT-Dec Decoder 41824 455838 70%17
Encoder 654127 66,5122  17%!12

DiT-EncDec  Decoder 290122 30943 30%34
Enc. & Dec. 66.6103  658+04 1,507

TABLE I: Ablation on LIBERO-Long. Adding adapters to the observation
encoding modules is crucial to achieve strong performance (Q1).

A. Experimental Setup

1) Tasks: We conduct simulation experiments on the
LIBERO benchmark [26], pre-training on 90 tasks from
LIBERO-90 and evaluating continual learning on 10 se-
quentially arriving tasks each from LIBERO-Long, LIBERO-
Goal, and LIBERO-Spatial. We also conduct hardware ex-
periments with an FR3 manipulator across five tasks shown
in Figure 4: BOWL (place bowl on plate), STACK (stack
bowls), MOKA (place heavy Moka pot), DRAWER (close a
stiff drawer), and LEGO (place Lego block and close drawer).

2) Metrics: We use area under the success rate curve
(AUC), forward transfer (FWT), and negative backward
transfer (NBT) to assess continual learning [26], [27]. AUC
measures overall performance, FWT quantifies the ability to
learn new tasks, and NBT measures forgetting (lower being
better).

3) Baselines: We compare against SeqFFT [26], Se-
qLoRA [28], PackNet [29], ER [11], LOTUS [19], DM-
PEL [14], and MLR [21].

B. Simulation Results

Table I shows that expanding the observation encoding
modules (linear projection for DiT-Dec, encoder for DiT-
EncDec) significantly outperforms expanding decoder layers,
answering Q1. This indicates that task-specific modulations
of the decoder’s action priors are the most effective location
for storing new knowledge.

Table II summarizes the baseline comparison. CLARE
achieves the highest AUC across all three LIBERO suites,
outperforming the best baseline (ER) by 10-14 percentage
points on LIBERO-Long and by up to 10 points on other
suites. Compared to SeqFFT and ER, which fine-tune the full
model, CLARE achieves comparable FWT, indicating it can
store new task-specific knowledge in far fewer parameters.
Moreover, CLARE achieves near-zero NBT, demonstrating



LIBERO-Long

LIBERO-Goal LIBERO-Spatial

Method AUCY FWT1 NBT| AUCT FWTt NBT| AUCt FWT1 NBT |
SeqFFT 22.4+03 M:}:l.o 74.7EL1 67109 &:}:0.2 95.3E14 977106 947+03 9q 6+09
SeqLoRA 214%10 73118 71 6F16 26,1E03 90.1E16 90.8E!7 273%13 90 1E2! g92E!l3
PackNet 48102 372%10 41312 105E03 go3+l0 g7 0Ell geEOl 54 7E05 g 3£07
ER §Q§i02 76.6Lt09 22718 76 0E09 94,4107 25 1£05 zzéiﬂg glziLO 20.9£20
LOTUS 52.9FL6 581402 72430 56010 610430 300110 NA NA NA
DMPEL 58.0130 550%40 7 0ELO Milo 68.020 0.0t10 70.0%30 4,020 @ilﬂ
MLR NA NA NA  772%18 800%2° 69%09  NA NA NA
CLARE (ours) 75.1%!3 750%!14 19+04 g9 3+l gg7+ls 3+l g74+23 ggo+!9 (9+06

TABLE II: Baseline comparison across three LIBERO suites. CLARE achieves the highest overall performance (AUC) and demonstrates strong capability
to acquire new skills without forgetting (Q2, Q3). “NA” indicates not available.
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Fig. 5: Continual learning of 40 tasks on LIBERO-40. CLARE scales to this
long task sequence, while ER exhibits significant performance degradation.
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Fig. 6: Impact of dynamic expansion threshold v on LIBERO-Long.
Increasing ~ reduces the number of added adapters but slightly reduces
FWT. The consistently low NBT shows the policy does not forget even
with less expansion (Q3).

it avoids catastrophic forgetting without relying on exemplar
data or oracle task identifiers (Q2, Q3).

We also examine long-term scalability on LIBERO-40. As
shown in Figure 5, CLARE can sequentially learn and retain
40 distinct tasks, demonstrating the scalability and robustness
of our autonomous routing strategy (Q2). In contrast, ER
cannot avoid catastrophic forgetting of several tasks (e.g., 71
and 77), yielding an NBT of 23%.

Figure 6 shows the impact of increasing ~y from 0 to 20.

Method AUCt+ FWT1 NBT.
SeqFFT 23.8 68.0 80.0
SeqLoRA 229 64.0 76.9
ER 51.1 60.0 17.1
CLARE (ours) 633 62.0 2.9

TABLE III: Hardware experiment results on five real-world tasks.

1.BowL | 2. STACK | 3. MOKA |4. DRAWER| 5.LEGO
Stage | ® @ o O ® O o @ (OB
1 100 100 - - - - - - - -
2 100 80 70 50 - - - - - -
3 80 80 50 60 20 20 - - - -
4 80 90 70 50 20 50 80 90 - -
5 60 90 50 60 10 30 50 90 30 50

TABLE IV: Evolution of per-task success rates [%] across all stages in our
real-world experiments. ® ER, @ CLARE.

This reduces the number of adapters from 60 to 16, with only
slight reductions in AUC and FWT. AUC remains higher than
ER at all threshold values, and NBT stays close to zero,
demonstrating that our method avoids forgetting even with
strong knowledge compression (Q3).

C. Real-World Results

Tables IIT and IV show results on our five real-world tasks.
CLARE achieves an AUC of 63%, 12 percentage points
higher than ER, and shows no catastrophic forgetting (NBT
of -2.9%). SeqFFT and SeqLoRA achieve high FWT but suf-
fer severe forgetting, confirming that exemplar-free continual
learning in the real world requires the isolation provided
by our adapter framework. The inference time overhead is
below 3ms, and GPU VRAM utilization increases by only
about 2% per learned task (Q4).

VI. CONCLUSION

CLARE enables VLAs to continually learn new tasks
without forgetting, requiring neither stored exemplars nor
task IDs. By combining lightweight adapters, an autonomous
expansion strategy, and an autoencoder-based routing mod-
ule, our approach increases model capacity only when
needed while retaining prior representations. Across multiple
LIBERO suites and five real-world tasks, CLARE achieves
and maintains high task success, significantly outperforming
even strong baselines that have access to previous data.
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