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Abstract

Traditional language-conditioned manipulation agent se-
quential adaptation to new manipulation skills leads to catas-
trophic forgetting of old skills, limiting dynamic scene prac-
tical deployment. In this paper, we propose SkillsCrafter, a
novel robotic manipulation framework designed to continu-
ally learn multiple skills while reducing catastrophic forget-
ting of old skills. Specifically, we propose a Manipulation
Skills Adaptation to retain the old skills knowledge while in-
heriting the shared knowledge between new and old skills to
facilitate learning of new skills. Meanwhile, we perform the
singular value decomposition on the diverse skill instructions
to obtain common skill semantic subspace projection matri-
ces, thereby recording the essential semantic space of skills.
To achieve forget-less and generalization manipulation, we
propose a Skills Specialization Aggregation to compute inter-
skills similarity in skill semantic subspaces, achieving aggre-
gation of the previously learned skill knowledge for any new
or unknown skill. Extensive experiments demonstrate the ef-
fectiveness and superiority of our proposed SkillsCrafter.

Code — https://skillscrafter-lifelong.github.io/

Introduction
Robotic manipulation has seen significant advancements fa-
cilitated by large vision-language models, enabling robots
to interpret and execute complex instructions grounded in
visual perception (Zhang et al. 2025c; Liu et al. 2025b;
Zheng et al. 2025). In particular, language-conditioned
robotic manipulation (LCRM) has emerged as a powerful
paradigm that allows robots to follow open-ended natural
language instructions. Recent manipulation works such as
LH-VLA (Yao et al. 2025a), SRT-H (Kim et al. 2025), and
PaLM-E (Driess, Jain et al. 2023) show impressive perfor-
mance on LCRM in simulated and real-world environments.

Despite these advances, enabling robots to continually ac-
quire new skills without forgetting previously learned skills
remains a major challenge (Zahra et al. 2025). Most existing

*These authors contributed equally.
†Corresponding Author

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

manipulation agents require task-specific fine-tuning, which
leads to catastrophic forgetting of old skills when adapting
to new skills (Wang et al. 2024a). This severely hinders the
practical deployment of manipulation robots in dynamic en-
vironments where new skills are integrated over time with-
out compromising existing competencies. As shown in Fig-
ure 1 (b), naively sequential fine-tuning an agent on skills re-
sults in a significant catastrophic forgetting on learned skills.

To address this problem, a straightforward method is to
store separate models with full parameter checkpoints for
each skill, which incurs substantial memory and computa-
tional overhead, making them impractical for long-term de-
ployment. Recent large models leverage LoRA (Hu et al.
2022), a parameter-efficient tuning technique that injects
small trainable low-rank matrices into a frozen base model.
This fine-tuning method reduces storage by only maintain-
ing lightweight LoRA adapters per skill task. However, it of-
ten treats each skill independently, ignoring the skill-shared
knowledge (e.g., basic actions like grasping, rotating, and
pressing) across related manipulation skills. Moreover, se-
lecting and loading the corresponding adapter at inference
time typically requires manual intervention, which limits
scalability. MoE-LoRA (Luo et al. 2024), HydraLoRA (Tian
et al. 2024), Branch-LoRA (Zhang et al. 2025a), et al., intro-
duce an automatic routing between multiple LoRA experts
via mixture-of-experts gating. However, these methods re-
quire pre-defining the number of experts, which risks over-
fitting or under-utilization when the number is suboptimal.
These limitation highlights a critical need for more effective
methods to continue robotic manipulation skills acquisition.

To handle the above practical scenarios, we introduce a
new practical task named Lifelong Language-Conditioned
Robotic Manipulation (LLCRM). In this LLCRM setting, as
shown in Figure 1 (a), a manipulation robotic agent continu-
ously upgrades and evolves based on lifelong learning with
multi-skills. LLCRM aims to enable agents to accumulate,
reuse, and refine manipulation skills over time. Inspired by
how humans leverage analogies and prior experiences when
acquiring new skills, we argue that efficient lifelong manip-
ulation learning requires both skills inheritance and inte-
gration. Thus we identify two core challenges in LLCRM:

1. How to explore and exploit the shared-knowledge and
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Figure 1: The proposed Lifelong Robotic Manipulation task. (a) SkillsCrafter is able to evolve and learn new skills based on
learned skills. It maintains a skill knowledge base that stores learned knowledge to allow for efficient learning of new skills using
shared knowledge of old skills, and for performing any unknown skill in the open world using previously learned knowledge.
(b) Skills catastrophic forgetting under lifelong learning settings. (c) Our SkillsCrafter has a better anti-forgetting performance.

specific-knowledge between manipulation skills?
2. How to adaptively and flexibly aggregate the acquired

knowledge for dealing with new or unknown skills?

To resolve the challenges in the LLCRM task, we propose
SkillsCrafter, a novel lifelong manipulation framework that
explicitly reuses inter-skill knowledge. SkillsCrafter main-
tains a skill knowledge base that stores learned skill knowl-
edge to allow for efficient learning of new skills using pre-
viously learned skill knowledge, even for performing un-
known skills in the open world. It comprises two core com-
ponents: i). Manipulation Skills Adaptation (MSkA), which
continually learns new skills while preserving old ones, by
separating LoRA into skill-shared and skill-specific com-
ponents with skills-shared knowledge inheritance and or-
thogonal constraints; ii). Skills Specialization Aggregation
(SkSA), which computes inter-skills similarity in skill se-
mantic subspace to achieve aggregation of the previously
learned skills knowledge. And we also analyze the efficiency
of our skills-shared knowledge inheritance strategy from
theory. Extensive experiments in both simulated and real-
world deployments have demonstrated that SkillsCrafter en-
ables robots to learn new skills without forgetting previous
ones, achieving the efficient SOTA performance in lifelong
manipulation. The main contributions are outlined below:

• We introduce Lifelong Language-Conditioned Robotic
Manipulation, a new task that enables agents to evolve
and learn new skills based on learned skills. We also pro-
vide a new lifelong robotic manipulation benchmark for
training and evaluating the lifelong manipulation task.

• To achieve efficient skills lifelong learning, we propose
a Manipulation Skills Adaptation to retain old skills
knowledge while inheriting the shared knowledge be-
tween new and old skills, to facilitate new skills learning.

• For anti-forgetting manipulation, we propose a Skills
Subspaces Specialization Aggregation to compute inter-

similarity in skill semantic subspaces, to achieve skills
knowledge aggregation for manipulation skill inference.

Problem Formulation
Preliminary: In language-conditioned robotic manipulation
task (Shridhar, Manuelli, and Fox 2023a; Team et al. 2024),
an embodied agent is required to understand user language
instruction I to complete a series of manipulation skills.
Following LLARVA (Niu et al. 2024), we use a pre-trained
LLM, i.e., LLaMA 2 (Touvron et al. 2023) with a tokenizer
e, as the basic robotic agent F . And to process the vision
observation O, we encode it using the CLIP vision-encoder
V(O). The agent model architecture is similar to the mul-
timodal large language model LLaVA (Liu et al. 2023). At
each time i, the agent reasons the instruction Ii combined
with the observation Oi to generate the next action as fol-
lows: Ri = F(V(Oi), e(Ii)). However, as shown in figure
1 (b), the agent’s adaptation to a new skill St causes catas-
trophic forgetting of the old skills {S1, S2, ..., St−1}, which
limits its flexible deployment, and the existing robotic ma-
nipulation agents struggle to grow in continual multi-skills.
Problem Definition: To address the above lifelong learning
challenges, we introduce a new problem setting, Lifelong
Language-Conditioned Robotic Manipulation (LLCRM).
We define a multi-skills sequence set S = {S1, S2, ..., St},
where t-th skill St = {Ot, It} comprises vision observa-
tion Ot = {o1, o2, ..., oN}, and an instruction It. Agent
F is required to learn all the skills S sequentially, and
all skills are tested after learning is complete. And in LL-
CRM settings, the skill-id t is agnostic during the testing
phase. It of St does not overlap with any previous skills:
It

⋂
(
⋃t−1

j=1 Ij) = ∅. The LLCRM task aims to continually
learn a sequence of new skills while alleviating the forget-
ting of old skills. In addition, to better explore and exploit
skill knowledge, we define the Skill Parameter Subspace as
the skill parameter learned by the agent to adapt to diverse
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Figure 2: Illustration of the three sets of observation. (a) Subspaces Consistency: The semantic space can be used to associate
with the parameter subspace. (b) Different Layers across Various Skills: The importance of different layers is not the same for
different skills. (c) Knowledge Decoupled: A tends to learn shared knowledge, while B to learn specific knowledge, naturally.

new skills, the Skill Semantic Subspace as the semantic la-
tent space embedding of user instructions describing skills.

Preliminary Study
In this section, we present our key observations regarding
the two core challenges outlined in the Introduction. Var-
ious robotic skills not only have their specific knowledge,
but also have shared knowledge. For example, “unscrewing a
bottle cap” and “turning on a tap” both have rotating actions,
and even “catching a bottle” and “roasting a chicken”, which
seem to be different skills, have commonalities in grasping
actions. We use LoRA (Hu et al. 2022), y = W0x+∆Wx,
where ∆W consists of two learnable matrices: B ∈ Rb×4,
A ∈ R4×a, to fine-tune the pretrained LLARVA with six
robotic skills, offering the following insightful observations.

Observation 1: Skill parameter subspaces and skill se-
mantic spaces have similar correlations. One straightfor-
ward idea is that if two skills are similar, the two parame-
ter spaces for learning them also have similar correlations.
We explore whether the semantic subspace and parameter
subspace have similar correlations. Specifically, we calcu-
late six skills’ parameter subspace similarity matrices and
semantic subspace similarity matrices. The parameter sub-
space similarity matrices measure the similarity between
each of the skill parameter subspaces ∆W. The semantic
subspace similarity matrices measure the similarity between
each of the skill instruction semantic subspaces ET (It)
(CLIP text encoder ET (·) (Radford et al. 2021)). We sum-
marize the two similarity matrices in Figure 2 (a). We find
that the two similarities are consistent in each skill task,
which suggests that the instruction semantic space can be
used to associate skill parameter subspaces. And in prac-
tice, for a new skill, its skill semantic subspace is explicit
and easily obtainable, i.e., it can be obtained by encoding
user manipulation instructions; while its skill parameter sub-
space is implicit and requires specific learning for obtaining.
Therefore, this observation suggests we can estimate the new
skill’s parameter subspace from the similarity of the current
semantic subspace with all previous semantic subspaces.

Observation 2: Skill subspaces required for different
skills are distributed across different layers. We also ex-
plore the distribution of learning skill spaces required for
different skills across different transformer layers (from l-th

to L-th layer). Specifically, we calculate the average value of
each skill subspace in different layers {∆W̄t}Ll=1, as shown
in Figure 2 (b). Based on this experimental result, we find
that the distributions of learnable skill subspaces required
for different skills across layers show significant differences,
suggesting that the importance of different layers for differ-
ent skills is also not the same. Therefore, to better learn spe-
cific knowledge for different skills, we should not assign the
same fixed learning subspace for all manipulation skills.

Observation 3: Skill-shared and skill-specific knowl-
edge are naturally decoupled in their subspaces. We fur-
ther explore the learning consistency of skill parameter sub-
spaces for robotic manipulation multi-skills. Specifically,
we calculate the similarity between each t-th skill subspace
Bt,At and the other five skills {Bj ,Aj}j ̸=t, separately. We
summarize their average values to obtain average similarity
for each skill, as in Figure 2 (c). We find that the similarity
of At is much greater than the similarity of Bt, which sug-
gests At tend to be consistent while Bt lack consistency. And
a similar pattern was also reported by HydraLoRA (Tian
et al. 2024) in natural language understanding and genera-
tion tasks. Therefore, this observation suggests that the skill
subspace A tends to learn skill-shared knowledge, the sub-
space B tends to learn skill-specific knowledge, naturally.

The Proposed SkillsCrafter
The overall pipeline of SkillsCrafter is illustrated in Figure
3. It includes a Manipulation Skills Adaptation (MSkA) to
learn skills continually, a Skills Specialization Aggregation
(SkSA) to aggregate learned knowledge, and Skills Speci-
fied Inference (SkSI) to load knowledge for skill inference.

Manipulation Skills Adaptation
As shown in Figure 3(a), in order to learn the t-th skill St,
we use the LoRA (Hu et al. 2022) to finetune the pretrained
LLARVA Fθ0 on skill-specific data St = {Ot, It}, and
then obtain an updated model F ′

θ′
t
, where θ′t = θ0 + ∆θt,

∆θt = {∆Wl
t}Ll=1, and ∆Wl

t = Bl
tA

l
t ∈ Rbl×al is the up-

dated low-rank weight in l-th layer of a total of L layers.
Bl
t ∈ Rbl×r and Al

t ∈ Rr×al are the low-rank weights. To
address LLCRM, a trivial solution is to train and save low-
rank weights for all skills so far, and then load their specific
weights at inference time. However, many skills share and
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Figure 3: Illustration of the proposed SkillsCrafter pipeline. It includes (a) a Manipulation Skills Adaptation to achieve retaining
the old skills knowledge while inheriting the shared knowledge between new and old skills to facilitate learning of new skills; (b)
a Skills Specialization Aggregation to compute inter-skills similarity in skill-specific subspaces to achieve adaptive aggregation
of skills knowledge; (c) a Skills Specified Inference to loads aggregated knowledge to achieve any skill manipulation inference.

have specific knowledge with each other; exploring and ex-
ploiting the knowledge promotes better new skills learning.
For better skills adaptation, different from traditional LoRA,
we use subspace At to learn skills-shared knowledge and Bt

to learn skills-specific knowledge, based on Observation 3.
Skills-Shared Knowledge: For skills-shared knowledge,

we propose an adapter inheritance strategy to exploit the
knowledge learned so far to promote better new skills learn-
ing. Specifically, in learning the initial skill S1, we randomly
initialize Al

1 and zero initialize the Bl
1 matrix following stan-

dard LoRA (Hu et al. 2022). When learning subsequent new
skills St, t > 1 continually, we perform knowledge aggrega-
tion and inheritance on the Al

t. We compute skills similarity
as aggregation weight Ωt = {ω1, ω2, ...ωt−1} within skill
semantic subspace Ψt based on a SkSA Module (as Eq.(11))
to aggregate all the learned adapters At = {Al

g}t−1
g=1:

Al
t∗ = Ωt ⊙At, Ωt = SkSA(It,Ψt−1), (1)

where Ψt−1 = {ψ1, ψ2, ..., ψt−1} are the saved skills se-
mantic subspaces learned so far, and ⊙ is the Hadamard
product. The aggregated adapter Al

t∗ is used as the initial-
ization of Al

t to inherit the skills-shared knowledge.
Skill-Special Knowledge: To further consolidate the skill

shared-knowledge learning on skill parameter subspace Al
t

and keep the structure of shared knowledge stable, we also
perform the skills orthogonal optimization on skill parame-
ter subspace Bl

t. Specifically, during adapting the t-th skill,
we prefer that the skill-special parameter subspace Bl

t be or-
thogonal to the previous skill:

∑t−1
i=1

∑L
l=1 tr((B

l
i)

TBl
t) =

0. Furthermore, to prevent subspace Bl
t from degenerating

into the trivial optimal solution, i.e., the zero matrix (with-
out learning any knowledge), we perform L2 normalization
on the subspace Bl

t, i.e. project them onto the unit sphere:

Rt=
∑

tr((B̃
l

i)
TB̃

l

t), B̃
l

i=
Bl

i

|| Bl
i ||F +ϵ

, B̃
l

t=
Bl

t

|| Bl
t ||F +ϵ

. (2)

Thus the t-th skill adaptation loss for the LLM-based agent
F performing auto-regressive action generation training is:

Lt = −
N∑

n=1

logPt(Ân:n+z−1, P̂n:N |IOt,n
) + λRt, (3)

where the Pt(Ân:n+z−1, P̂n:N |ItOt,n
) denotes the predicted

probability of ground-truth next z steps actions Ân:n+z−1

and visual traces P̂n:N under the current observation
IOt,n = {It,Ot,n}, and z ≤ N . Specifically, the auto-
regressive generation predicted probability is calculated:

Pt(Ân:n+z−1, P̂n:N|IOt,n) =

n+z−1∏
i=n

Pt,∆θt(xi | IOt,n), (4)

where ∆θt are the all trainable parameters, and xi is the cur-
rent prediction token constituting manipulation actions.

In addition, due to the specificity of different skills, static
loading of LoRA for fixed layers may lead to overfitting
for simple skills (too many parameters) and underfitting
for complex tasks (insufficient parameters). Based on Ob-
servation 2, we propose a dynamic sparse LoRA loading
strategy that adaptively decides whether to inject LoRA at
each layer using a learnable Gumbel-Softmax gating mech-
anism. It uses Gumbel noise to approximate discrete choices
as continuous distributions for enabling end-to-end train-
ing. Specifically, in each layer-wise LoRA ∆Wl

t, we add
a learnable linear layer Ht,l(·) for each embedding emt,l

to obtain et,l = Ht,l(emt,l) ∈ R2, where the two dimen-
sions correspond to the options injection or no injection.
We inject Gumbel noise u(i)t,l = − log(− log(U

(i)
t,l )), where

U∼Uniform(0, 1), compute Gumbel-Softmax distribution:

G
(i)
t,l =

exp((e
(i)
t,l + u

(i)
t,l )/τg)∑2

j=1 exp((e
(j)
t,l + u

(j)
t,l )/τg)

, (5)
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where τg is a temperature controlling decision discreteness.
We use hard decision glt = I(argmaxiG

(i)
t,l =2) as forward

propagation, and a soft gating glt=G
(2)
t,l ∈ [0, 1] as backward

propagation for training, to dynamically inject sparse LoRA:

θ′t = θ0 + glt ·∆Wl
t. (6)

To encourage sparse injection, we add a sparsity regulariza-
tion term Ls=

∑L
l=1 g

l
t, and jointly optimize loss Lt+λsLs.

Skills Specialization Aggregation
After learning a series of skills continually, SkillsCrafter re-
quires recalling which of the learned knowledge is valuable
for the current skill, and exploiting the knowledge to better
complete the current skill. Based on Observation 1, we can
estimate the similarity of skill parameter subspaces from the
similarity of skill semantic subspaces. Thus, we propose the
Skills Specialization Aggregation (SkSA) module to adap-
tively aggregate the already learned adapters {∆Wg}tg=1
based on skill semantic subspaces. Specifically, we use Sin-
gular Value Decomposition (SVD) (Lange and Lange 2010)
to obtain a common skill semantic space for skills with
the same skill but different instructions. Each skill semantic
space is a discriminant subspace corresponding to its skill,
and we perform similarity comparisons within these seman-
tic subspaces to obtain skill similarity. The existing knowl-
edge (parameter subspaces) is aggregated based on the sim-
ilarity to achieve learning or inference of the current skill.

SVD for Common Skill Semantic Subspaces: When
adapting new skills, we also calculate and store the com-
mon skill semantic spaces from diverse skill instructions.
Specifically, as Figure 3(b), for each t-th skill, we use
the CLIP text-encoder ET (·) (Radford et al. 2021) to
extract embeddings for diverse user instructions Xt =
[ET (I1

t );ET (I2
t ); ...;ET (IM

t )] ∈ RM×d, where M is the
total number of instruction samples from t-th skill St and
d is the extracted embedding dimension. These embeddings
are then subjected to SVD to extract skill semantic subspace:

Xt = UtΣtV
T
t , (7)

where Ut ∈ RM×M is the left singular vector matrix, Σt ∈
RM×d is the singular values matrix and Vt ∈ Rd×d is the
right singular vector matrix. In order to maximize the distri-
bution of the t-th common skill semantic subspace to reflect
the distribution of the skill St, we select the first rs rows of
the right singular vector matrix Vt to represent the distribu-
tion of the embeddings of t-th skill, denoted Vt,rs = V[:,0:rs],
thus we store orthogonal projection ψt for the St subspace:

ψt = Vt,rsV
T
t,rs , (8)

where ψt ∈ Rd×d is t-th skill semantic subspace projection.
Skill Specialization Aggregation: For new skill adapting

or unknown skill inference, we adaptively aggregate all al-
ready learned knowledge {∆Wg}tg=1 based on skill seman-
tic subspaces Ψ = {ψ1, ψ2, ..., ψt} according to any input
instructions Iq . Specifically, for skill Sq , we compute sub-
space projection E

′
(Iq) of ET (Iq) onto every subspace Ψ:

E
′
(Iq) = {ψ1ET (Iq), ψ2ET (Iq), ..., ψtET (Iq)}, (9)

open-drawer slide-block put-money sweep-dustpan push-buttons turn-tap

Task1  Task2    Task3  Task4     Task5  Task6

Task7           Task8   Task9           Task10        Task11  Task12 

put-away-toys open-drawersgrab-bottlespress-button stack-blocksgrab-toys

reachand-drag screw-bulb meat-off-grillclose-jar place-wine stack-blocks

Simulated,     Practical, and  Open-world Manipulation Skills

Task13        Task14    Task15   Task16   Task17         Task18  

Figure 4: Illustration of the experiment robotic skill tasks
setting. We establish a total of 12 robotic simulator skills and
6 real-environment robotic skills for incremental learning.

where E
′
(Iq) contains the projection of current known or

unknown skill Sq onto the skill semantic subspaces Ψ. Sub-
sequently, we calculate the angle between ET (Iq) and ev-
ery E

′

t(Iq) with cosine similarity, which represents similar-
ity degree of skill Sq on subspace ψt of learned skill St:

Smt(ET (Iq),E
′

t(Iq))=
ET (Iq)E

′

t(Iq)
∥ ET (Iq) ∥ · ∥ E′

t(Iq) ∥
, (10)

then, each cosine similarity Smt is transformed exponen-
tially (Smt)

γ and together constitutes the N weights Ωq:

Ωq={ (Sm1)
γ∑N

i=1(Smi)γ
,

(Sm2)
γ∑N

i=1(Smi)γ
,...,

(SmN )γ∑N
i=1(Smi)γ

}, (11)

then we use Ωq as weight to adaptively aggregate all the

learned adapters {∆Wl
t}Nt=1 for obtaining aggregated ∆W̃

l

q:

∆W̃
l

q = Ωq ⊙ {∆Wl
t}Nt=1. (12)

The aggregated ∆W̃
l

q adaptively aggregates previous sim-
ilar knowledge to efficiently perform the current skill Sq .

Skills Specified Inference
After employing Eq.(12) to aggregate all low-rank adapters
learned so far, SkillsCrafter loads the aggregated adapter to
obtain an updated agent F ′

θ′
q

specific to the current skill Sq .
As Figure 3(c), SkillsCrafter loads the aggregated adapter to
leverage learned knowledge, which can effectively mitigate
the catastrophic forgetting of learned knowledge to better
perform any known and unknown skill in the open world.

Experiments
Implementation Details
Manipulation Skills Benchmark Settings: To validate the
proposed LLCRM task, we construct a comprehensive life-
long robotic manipulation benchmark. The benchmark set-
tings are shown in Figure 4, including 12 common robotic
manipulation skills based on RLBench simulator (James
et al. 2020) and 6 real-world manipulation skills. The first 16
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Methods S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14 S15 S16 S17 S18 Avg.

Seq-FT (sequence fine-tune all) 0 0 0 0 0 0 0 0 0 0 0 0 12 4 4 80 8 8 6.4
LwF-LoRA (Li and Hoiem 2017) 0 4 0 4 0 4 0 0 0 0 0 0 8 12 0 84 4 0 6.7
EWC-LoRA (Xiang et al. 2023) 0 0 0 0 4 0 0 0 0 0 0 0 16 8 4 80 8 4 6.9
Dense MoLE (Chen et al. 2024) 4 24 4 12 8 8 8 0 4 0 0 8 24 20 28 80 8 8 13.8
Sparse MoLE (Dou et al. 2024) 16 32 8 8 12 4 8 4 4 8 0 4 28 16 24 76 4 4 14.4
MoLA (Gao et al. 2024) 12 20 12 8 16 8 12 4 0 4 4 12 44 24 24 80 0 8 16.2
HydraLoRA (Tian et al. 2024) 12 24 16 4 12 4 4 4 4 8 4 8 32 28 28 80 8 16 16.4
BranchLoRA (Zhang et al. 2025a) 16 28 8 12 8 12 16 0 8 4 0 8 40 36 32 76 12 12 18.2
O-LoRA (Wang et al. 2023a) + SkSA 56 72 40 60 48 52 36 4 12 8 4 76 84 84 76 84 36 52 49.1
SD-LoRA (Wu et al. 2025) + SkSA 52 80 32 64 44 44 48 4 20 16 8 72 88 84 80 80 36 48 50.0

SkillsCrafter (ours) 56 80 36 64 48 52 44 12 20 12 12 72 92 84 80 80 40 52 52.0

Table 1: Test results (Skill-Wise Average Success Rate, ASR ↑, %) of comparison experiment with LLCRM settings.

Methods S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14 S15 S16 S17 S18 Avg.

Seq-FT 100 100 100 100 100 100 100 100 100 100 100 100 88 96 95 5 85 88 92.0
LwF-LoRA 100 95 100 95 100 93 100 100 100 100 100 100 92 87 100 0 92 100 91.9
EWC-LoRA 100 100 100 100 93 100 100 100 100 100 100 100 83 91 95 0 85 94 91.2
Dense MoLE 93 71 91 86 86 86 85 100 86 100 100 90 75 78 68 0 85 88 81.5
Sparse MoLE 73 62 82 90 79 93 85 80 86 50 100 95 71 83 73 0 92 94 77.0
MoLA 80 76 73 90 71 86 77 80 100 75 75 85 54 74 73 0 100 88 75.4
HydraLoRA 80 71 64 95 79 93 92 80 86 50 75 90 67 70 68 -5 85 76 73.1
BranchLoRA 73 67 82 86 86 79 69 100 71 75 100 90 58 61 64 0 77 82 73.3
O-LoRA + SkSA 7 14 9 29 14 7 31 80 57 50 75 5 13 9 14 0 31 24 25.9
SD-LoRA + SkSA 13 5 27 24 21 21 8 80 29 0 50 10 8 9 9 0 31 29 20.8

SkillsCrafter 7 5 18 24 14 7 15 40 29 25 25 10 4 9 9 0 23 24 16.0

Table 2: Test results (Skill-Wise Forgetting Rate, FR ↓, %) of comparison experiment with LLCRM settings.

skills serve as training and testing tasks for continual learn-
ing, while the last two skills are not trained and serve as
open-world generalization testing. And our real-world ma-
nipulation platform is based on the UR-5 robotic arm with
RGB camera. The agent is required to learn the 16 tasks in
sequence, and then take a test on each skill after completing
all the learning. The id t is agnostic during testing phase.
Training and Evaluation: For fair comparisons, our model
and all comparison methods utilize LLARVA (Liu et al.
2023) as the baseline backbone. We use the Adam optimizer
with an initial learning rate of 1.0 × 10−4 for training. All
other hyperparameters are consistent with the LLARVA. We
perform training and testing using PyTorch 2.1.2 with cu121
on eight NVIDIA RTX 6000 Ada Generation GPUs. Follow-
ing the previous evaluation methods (Liu et al. 2023; Shrid-
har, Manuelli, and Fox 2023b; James et al. 2020), we per-
form each manipulation skill with 25 episodes, and we test
the Average Success Rate (ASR) of each skill task:

ASRt =
1

25

25∑
n=1

SRt,n, (13)

where SRt represents t-th skill completion status, SRt is 1
when manipulation t-th skill is successfully executed, else,
SRt is 0. To evaluate agent continual learning ability, we
also use FRt to measure the t-th skill forgetting rate:

FRt =
1
25

∑25
n=1 SRgt,n −ASRt

1
25

∑25
n=1 SRgt,n

, (14)

Figure 5: Illustration for some visualization examples.

where SRgt represents the t-th skill completion status with
learning only the 1-st to t-th skills. And SRgt is 1 when t-
th skill is successfully executed, else, SRgt is 0. The larger
FRt, the greater the degree of t-th skill forgetting.

Comparison Experiment Results
This experiment demonstrates the superior robotic manip-
ulation performance of our SkillsCrafter. Our comparison
methods include the SOTA LoRA-based continual learn-
ing methods: Seq-FT is fine-tuned for all skills sequences;
LwF-LoRA (Li and Hoiem 2017) uses knowledge distil-
lation to retain previous skills performance; EWC-LoRA
(Xiang et al. 2023) penalizes changes to critical parame-
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Methods GGM SOT INA ASR % FR %

Baseline ✗ ✗ ✗ 5.8 92.8
SkillsCrafter w/o GGM ✗ ✓ ✓ 46.9 26.5
SkillsCrafter w/o INA ✓ ✓ ✗ 48.2 23.9
SkillsCrafter w/o SOT ✓ ✗ ✓ 49.1 22.9

SkillsCrafter ✓ ✓ ✓ 52.0 16.0

Table 3: Ablation study for skills shared/special knowledge.

Methods IM VM AVG TOP ASR (%) ↑ FR (%)

SkillsCrafter w/ TOP ✗ ✗ ✗ ✓ 50.4 16.5
SkillsCrafter w/ Avg ✗ ✗ ✓ ✗ 44.4 26.3
SkillsCrafter w/ VM ✗ ✓ ✗ ✗ 48.9 20.2

SkillsCrafter ✓ ✗ ✗ ✗ 52.0 16.0

Table 4: Ablation study on skill knowledge aggregation.

ters of previous skills to mitigate forgetting; Dense MoLE
(Chen et al. 2024) uses dense expert routing, while Sparse
MoLE (Dou et al. 2024) uses sparse expert routing in MoE-
LoRA; MoLA (Gao et al. 2024) introduces more experts
at a deeper level based on Sparse MoLE; O-LoRA (Wang
et al. 2023a) proposes orthogonal loss to learn task-specific
knowledge; HydraLoRA (Tian et al. 2024) uses A to learn
shared knowledge, and multiple B learn specific knowledge,
BranchLoRA (Zhang et al. 2025a) further enhances the
sparse selection mechanism; SD-LoRA (Wu et al. 2025)
performs dynamic combination of previously learned skills
LoRA. A summary of the evaluation results is shown in Ta-
ble 1 and Table 2. Our SkillsCrafter achieves superior ma-
nipulation performance with an improved manipulation suc-
cess rate (ASR: 52.0%, 2.0% improvement) and a lower for-
getting rate (FR: 16.0%, 4.8% reduction). It also demon-
strates superior performance on unknown skills (S17, S18),
indicating better skill generalization. Some examples of the
SkillsCrafter manipulation are provided in Figure 5.

Ablation Studies
How Do Skills Shared and Special Knowledge Perform?
These ablation studies’ results about skills shared and spe-
cial knowledge are summarized in Table 3. Specifically,
the “GGM” denotes the Gumbel-softmax Gating Mecha-
nism based sparse loading strategy, which enhances the ex-
ploration of the skill-special knowledge; The “INA” de-
notes the Inheritance A strategy, which enhances the explo-
ration of the skill-shared knowledge; The “SOT” denotes
the Skills Orthogonal Term, which also enhances the ex-
ploration of the skill-special knowledge and consolidates
the structure of LoRA’s skill-shared and skill-special knowl-
edge. Based on the ablation results, the proposed methods
enable SkillsCrafter to explore and exploit skill-shared and
special knowledge between diverse skills, effectively reduc-
ing catastrophic forgetting and improving new skill learning.
How Do Skills Knowledge Aggregation Perform? The
ablation studies results about the knowledge aggregation
methods are summarized in Table 4. Specifically, the “IM”

denotes the Knowledge aggregation based on Instruction
Matching; The “VM” denotes the Knowledge aggregation
based on Vision Matching; The “Avg” denotes the average
pooling for all instruction encodings, rather than using SVD;
The “TOP” denotes the selection of the most similar LoRA
in SkSA. Based on the ablation results, the proposed aggre-
gation methods enable SkillsCrafter to exploit learned skill
knowledge, effectively improving the LLCRM performance.

Related Works
Language-Conditioned Robotic Manipulation. Signifi-
cant progress has been made in robotic manipulation, en-
abling agents to tackle increasingly complex tasks (Yao et al.
2025a; Jia et al. 2025; Huang et al. 2025; Yang et al. 2025; Li
et al. 2025; Wang et al. 2024c, 2023b; Liang et al. 2024). For
example, VIMA (Jiang et al. 2022) introduces a multi-modal
prompting framework that formulates diverse manipulation
tasks as a sequence modeling problem. Some methods (Xie
et al. 2025; Goyal et al. 2023; Wang et al. 2024b) use vox-
elized 3D point cloud representations to better support so-
phisticated manipulations. PerAct (Shridhar, Manuelli, and
Fox 2023b) improves manipulation performance by convert-
ing RGB-D observations into voxel grids and discretizing
the action space. GNFactor (Ze et al. 2023) improves gener-
alization by training the rendering of neural radiance fields.
Despite advances, allowing robots to continually acquire
skills without forgetting learned skills remains a challenge.
Continual Learning. Continual learning is essential for
building adaptive AI systems that evolve over time (Wang
et al. 2024a). Existing methods can be divided into three
categories. Parameter regularization methods (Rebuffi et al.
2017; Li and Hoiem 2017; Derakhshani et al. 2021; Zhang
et al. 2025b) constrain weight updates to preserve prior
knowledge. Architecture-based methods (Liu et al. 2025a;
Jung et al. 2020; Wu et al. 2021; Wang et al. 2022; Dong
et al. 2025) dedicate specific network components to dif-
ferent tasks. Replay-based methods use either stored data
(Bang et al. 2021; Sun et al. 2022) or generated samples (Li
et al. 2022; Xiang et al. 2019; Sun et al. 2024) to mitigate
forgetting. Several works explore applying continual learn-
ing in robotics (Meng et al. 2025; Yao et al. 2025b; Zhu et al.
2025). For example, LOTUS (Wan et al. 2024) enables con-
tinual learning by gradually expanding a skill library with
new task demonstrations. However, these methods do not
focus on skill-shared knowledge for better skills learning.

Conclusion
In this paper, we propose SkillsCrafter, a novel language-
conditioned robotic manipulation model designed to con-
tinually learn multiple manipulation skills while reducing
catastrophic forgetting of old skills. To explore shared and
specific knowledge across multiple skills, we propose a Ma-
nipulation Skills Adaptation to inherit the skill knowledge
between new and old skills to facilitate learning of new
skills. We propose Skills Specialization Aggregation from
the skill semantic space aggregation parameter space to
achieve inference of any skills. Experiments in both simula-
tion and real-world environments confirm its effectiveness.
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