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Abstract

Continual learning (CL) is essential for Large
Language Models (LLMs) to sequentially adapt
to evolving tasks. To mitigate catastrophic for-
getting, recent advances implement low-rank
adaptation with orthogonal projections (e.g.,
O-LoRA) to isolate task parameters. How-
ever, we reveal that such strict geometric con-
straints trigger an “Orthogonality Dilemma”:
rigid parameter isolation impedes the trans-
fer and accumulation of shared representations
across semantically related tasks. In this work,
we propose a new replay-free method, called
Consolidation and Decoupling LoRA (CoDe-
LoRA), for CL of LLMs. CoDe-LoRA dis-
entangles the learning process into Consolidat-
ing Universal Knowledge and Decoupling Task-
Specific Knowledge. To achieve this, CoDe-
LoRA leverages an adaptive null space pro-
jection mechanism and semantic routing to
balance knowledge accumulation with task-
specific adaptation. Experimental results on
diverse CL benchmarks demonstrate that CoDe-
LoRA consistently outperforms state-of-the-
art methods. Our code is available at https:
//github.com/Estrellajer/CoDe-LoRA.

1 Introduction

Large Language Models (LLMs) have redefined
the boundaries of natural language processing,
exhibiting remarkable capabilities across a wide
range of tasks (Wei et al., 2021). However,
adapting these models to a continuous stream
of evolving tasks, known as Continual Learning
(CL) (De Lange et al., 2021), remains challenging.
While parameter-efficient fine-tuning (PEFT) meth-
ods, particularly low-rank adaptation (LoRA) (Hu
et al., 2021), have significantly lowered the cost
of adaptation, naively applying them to sequen-
tial tasks leads to catastrophic forgetting (Li and

†Corresponding author.

Hoiem, 2017), where learning new tasks degrades
previously acquired capabilities.

To mitigate forgetting, recent work combines
PEFT with orthogonal projection strategies (Saha
et al., 2021; Wang et al., 2023a). A representative
example is O-LoRA (Wang et al., 2023a), which
isolates task-specific parameters in mutually or-
thogonal subspaces. Although effective at reducing
inter-task interference, such rigid isolation intro-
duces a trade-off between interference mitigation
and knowledge transfer. When sequential tasks
share semantic structure, their optimal parameter
updates should naturally overlap. Enforcing strict
orthogonality removes these shared components,
reducing representation reuse and weakening cross-
task transfer. As illustrated in Figure 1, this phe-
nomenon reveals an “Orthogonality Dilemma”: the
same geometric constraint that protects previous
knowledge can also restrict transferable representa-
tion learning.

This limitation highlights a key challenge in con-
tinual adaptation: how to preserve prior knowledge
while still accumulating transferable representa-
tions across related tasks. Motivated by this ten-
sion, we investigate two questions:

Q1. Why does strict orthogonality limit general-
ization across related tasks, and under what
conditions is this limitation most severe?

Q2. How can we design a parameter-efficient
framework that preserves transferable repre-
sentations while maintaining task-specific ex-
pertise in a replay-free setting?

In this paper, we introduce Consolidation and
Decoupling LoRA (CoDe-LoRA), a dual-branch
continual adaptation framework motivated by the
orthogonality-induced transfer limitation. We pro-
vide a geometric characterization showing that
strict orthogonal isolation becomes increasingly
detrimental as task similarity grows.
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Figure 1: Conceptual illustration of parameter space utilization. Traditional LoRA suffers from interference,
while O-LoRA’s strict orthogonality hinders knowledge sharing. CoDe-LoRA leverages null space projection to
consolidate shared knowledge.

CoDe-LoRA separates transferable representa-
tion consolidation from task-specific specialization
through two complementary branches. Unlike strict
orthogonal isolation methods that suppress overlap-
ping representations entirely, our framework pre-
serves transferable components while constrain-
ing interference-prone directions. Specifically, the
Consolidation Branch (Co-LoRA) maintains shared
transferable representations through adaptive null-
space projection with dynamic scaling to stabilize
long-horizon continual adaptation, as empirically
verified in Appendix A.2 (Table 5). Meanwhile,
the Decoupling Branch (De-LoRA) maintains a
pool of independent LoRA experts together with a
prototype-based semantic routing mechanism for
robust inference without explicit task identifiers.
Importantly, CoDe-LoRA operates without rely-
ing on historical data replay, avoiding additional
storage overhead and privacy concerns.

Our main contributions are summarized as fol-
lows:

• We identify and analyze the Orthogonality
Dilemma in PEFT-based continual learning,
showing that strict parameter isolation be-
comes increasingly detrimental as task sim-
ilarity grows.

• We propose CoDe-LoRA, a dual-branch con-
tinual adaptation framework that separates
transferable representation consolidation from
task-specific specialization through adaptive
null-space projection and prototype-based ex-
pert decoupling.

• Extensive experiments on diverse continual
learning benchmarks demonstrate that CoDe-
LoRA consistently outperforms strong base-

lines and effectively balances knowledge
transfer and interference mitigation.

2 Related Work

2.1 Parameter-Efficient Fine-Tuning
Parameter-Efficient Fine-Tuning (PEFT) adapts
Large Language Models (LLMs) with minimal
additional parameters. Early approaches such as
Adapters (Houlsby et al., 2019) and Prompt/Prefix
Tuning (Li and Liang, 2021; Lester et al., 2021)
introduced lightweight modules while freezing the
backbone. LoRA (Hu et al., 2021) further improves
efficiency through low-rank matrices. Although ef-
fective for static tasks, sequential adaptation with
PEFT methods often leads to catastrophic forget-
ting.

2.2 Continual Fine-Tuning for LLMs
Continual fine-tuning methods mainly rely on regu-
larization (Kirkpatrick et al., 2017), replay (Qin and
Joty, 2021; He et al., 2024), or parameter expan-
sion (Razdaibiedina et al., 2023). Expansion-based
methods avoid interference through task-specific
parameters, but their parameter cost grows with
the number of tasks. Replay and regularization
methods preserve prior knowledge through mem-
ory buffers or parameter constraints, yet often in-
cur computational overhead or privacy concerns.
Recently, mixture-of-experts (MoE) routing frame-
works such as MoLE-CIE (Wang et al., 2025) have
been introduced for continual adaptation; however,
they typically still rely on historical exemplar re-
play to prevent routing drift and maintain perfor-
mance.

More recently, orthogonality-based methods
such as O-LoRA (Wang et al., 2023a), CLoRA (Lu

27224



Problem — The Orthogonality Dilemma Solution — Shared Knowledge Accumulation

Figure 2: Preliminary evidence for the orthogonality dilemma and transferable representation accumulation. (a)
Orthogonality-induced degradation under different task similarity levels. (b) Transfer trajectories over repeated
training with and without orthogonal constraints. (c) Next-task zero-shot transfer comparison across continual
adaptation methods. (d) Forward transfer dynamics across sequential tasks.

et al., 2025), and N-LoRA (Yang et al., 2025b)
mitigate forgetting by projecting updates into or-
thogonal or null subspaces. Although effective at
reducing interference, strict orthogonal isolation
may limit representation reuse across related tasks.
In contrast, CoDe-LoRA separates shared represen-
tation consolidation from task-specific specializa-
tion, balancing knowledge transfer and interference
mitigation through adaptive null-space projection
without historical data replay.

3 Preliminary

3.1 Problem Definition

We consider continual learning (CL) over a se-
quence of tasks {T (1), T (2), . . . , T (T )}. Each task
T (t) is associated with a dataset D(t) = {(x, y)},
where x denotes the input prompt and y the target
sequence. Under the PEFT setting, the backbone
parameters θbase remain frozen while task-specific
updates ∆θ(t) are learned with a small number of
trainable parameters. Sequentially merging these
updates often leads to catastrophic forgetting on
previous tasks.

3.2 Orthogonal Continual Adaptation

To mitigate forgetting, O-LoRA (Wang et al.,
2023a) constrains each task update to be orthogonal
to previous task subspaces. For task t, the LoRA
update is parameterized as ∆Wt = BtAt, where
At ∈ Rr×din and Bt ∈ Rdout×r. Orthogonality is
imposed through:

AiA
⊤
t = 0, ∀i < t (1)

This constraint is typically enforced through or-
thogonality regularization during training.

3.3 Orthogonality Dilemma
Although orthogonal constraints reduce interfer-
ence, they may also suppress transferable repre-
sentations across closely related tasks. Let T (i)

and T (j) denote two tasks whose optimal update
subspaces U∗

i and U∗
j overlap with degree:

ρ =
dim(U∗

i ∩ U∗
j )

min(dim(U∗
i ), dim(U∗

j ))
(2)

When ρ > 0, enforcing strict orthogonality re-
moves shared update components, introducing an
approximation gap that grows with the degree of
subspace overlap.

This creates an “Orthogonality Dilemma”: the
same constraint that protects previous knowledge
can also limit transferable representation learning
when tasks are related.

3.4 Preliminary Evidence and Mechanism
Validation

Figure 2 demonstrates these dynamics: (a)
orthogonality-induced degradation worsens as task
similarity grows; (b) unconstrained fine-tuning ac-
cumulates transferable knowledge over iterations,
whereas strict orthogonality suppresses it; (c) pre-
serving shared representations improves zero-shot
transfer; and (d) transfer gains remain positive
across task sequences.

Mechanism Validation. To investigate the
underlying cause, we define task similar-
ity via frozen centroid cosine similarity
sim(T (i), T (j)) = c(T (i)) · c(T (j)) and
update overlap via prior-subspace energy
Eprior(∆Wt) = ∥PA<t∆W⊤

t ∥2F /∥∆W⊤
t ∥2F .

Sweeping O-LoRA’s orthogonality penalty
λ ∈ [0, 1.0] monotonically suppresses this overlap
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from 5.19% ± 0.29% to 0.16% ± 0.02%. At
λ = 0, this overlap is 2.96× higher than a
dimension-matched random baseline (higher
in 9/9 evaluations). Furthermore, directly
restoring the prior-aligned update component
on Yahoo→AGNews improves Exact Match
(+8.57) and label margin (+0.296). This confirms
that strict orthogonality suppresses non-random,
functionally beneficial shared signals, motivating
our dual-branch design.

4 Methodology

4.1 Overall Framework

To resolve the orthogonality dilemma (Section 3.3),
we propose CoDe-LoRA (illustrated in Figure 3),
a dual-branch framework designed to consoli-
date shared representations while decoupling task-
specific expertise. Built upon a frozen backbone
θbase, our architecture operates through two par-
allel pathways: the Consolidation Branch (Co-
LoRA, θshared), which accumulates transferable rep-
resentations across tasks via orthogonal projection
(Sec. 4.2), and the Decoupling Branch (De-LoRA),
which maintains a pool of independent task-specific
LoRA experts {θkspec}Tk=1 that captures domain nu-
ances without interference (Sec. 4.3). These com-
ponents are ultimately integrated via a confidence-
based fallback selection strategy (Sec. 4.4) to en-
sure robust inference.

4.2 Consolidating Shared Representations

While strict parameter isolation (e.g., O-LoRA) pre-
vents catastrophic forgetting, it often hinders the ac-
cumulation of shared representations across closely
related tasks. Unlike strict orthogonal isolation
methods that entirely discard overlapping update
components, our consolidation branch preserves ac-
cumulated shared representations while constrain-
ing only newly introduced conflicting update di-
rections. To achieve this objective, we propose
a consolidation mechanism based on null space
projection and dynamic scaling.

Consolidation Algorithm. After training on
each new task Tt, we update the parameters of
the Consolidation Branch (Co-LoRA) through a
three-step consolidation process. The Consolida-
tion Branch is parameterized by low-rank weights
Wshared = BsharedAshared. Let W (t−1)

acc denote the
accumulated shared weight matrix of Co-LoRA up
to task t− 1, and let ∆W

(t)
shared represent the param-

eter update learned in the Consolidation Branch
during the training of task t.

Null Space Projection. We project ∆W
(t)
shared

onto the null space of the existing representa-
tions represented by W

(t−1)
acc . Specifically, we

perform Singular Value Decomposition (SVD) on
W

(t−1)
acc ∈ Rdout×din to obtain its top-dv left singular

vectors U ∈ Rdout×dv , which form an orthonormal
basis for its column space. Here, dv represents the
rank of the accumulated column space. The new
component ∆Wnull is then computed by removing
the projection of ∆W

(t)
shared onto this subspace:

∆Wnull = ∆W
(t)
shared − UU⊤∆W

(t)
shared (3)

This projection reduces interference with previ-
ously consolidated representations. To improve
scalability for large LLMs, we implement the pro-
jection using randomized low-rank SVD directly on
factorized LoRA matrices. Details and efficiency
analysis are provided in Appendix A.4.

Dynamic Scaling Constraint. To maintain the
stability of the parameter magnitude, we intro-

duce time-varying scaling coefficients ct =
√

t−1
t

and st =
1√
t

satisfying the normalization identity
c2t + s2t = 1. Since the null space projection en-
sures that each new update is orthogonal to the
existing parameters, we scale the null space update
component:

∆Wscaled = st∆Wnull (4)

This constraint prevents the cumulative parameter
magnitude from exploding or drifting as the num-
ber of sequential tasks increases. We provide the
theoretical proof of the stable parameter bound and
its empirical verification in Appendix A.2.

The final consolidated weight matrix is updated
by merging the scaled null space component with
the previous state:

W
(t)
acc = ctW

(t−1)
acc + st∆Wnull (5)

This recursive formulation ensures that the consoli-
dated weight matrix represents a normalized accu-
mulation of orthogonal task updates. The choice of
scaling coefficients stabilizes the parameter magni-
tude across tasks as follows:

Proposition 1. Given the recursive update rule de-
fined in Equation (5), assuming task updates are ap-
proximately orthogonal (⟨∆W

(i)
shared,∆W

(j)
shared⟩ ≈
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Figure 3: The CoDe-LoRA framework. (Left) Training: Knowledge is disentangled into task-specific experts and a
shared branch consolidated via null space projection. (Right) Inference: Inputs are routed to experts via prototype
similarity, with a confidence-based fallback to the shared branch for robust prediction.

0 for i ̸= j), and assuming the initial LoRA weights
are zero (W (0)

acc = W (0) = 0), the distance between
the consolidated model and the pre-trained model
remains bounded:

∥∥∥W (t)
acc −W (0)

∥∥∥
2

F
≤ Mt (6)

where Mt = maxi∈[1,t]
∥∥∥∆W

(i)
shared

∥∥∥
2

F
.

This proposition (proof and empirical verifica-
tion in Appendix A.2) suggests that the proposed
scaling rule stabilizes the parameter magnitude
across sequential continual tasks.

4.3 Decoupling Task-Specific Expertise
While the Consolidation Branch captures transfer-
able representations, task-specific nuances are iso-
lated within the Decoupling Branch (De-LoRA),
consisting of a pool of task-specific experts
{θkspec}Tk=1. To enable task-agnostic inference, we
introduce a semantic routing mechanism that lever-
ages task prototypes to dynamically activate the
most relevant De-LoRA expert for each input.

Prototype Construction. For each task, we con-
struct a prototype Pk ∈ Rdmodel by averaging nor-
malized backbone embeddings from a small subset
of training samples:

Pk = Norm

(
1

N

N∑

i=1

fθbase(xi)

)
(7)

where fθbase(·) denotes the feature extraction pro-
cess of the frozen backbone and N is the number

of randomly selected samples (fixed to N = 10
throughout experiments). Crucially, because pro-
totypes and runtime query representations are ex-
tracted solely using the frozen base model θbase
rather than adapter-modulated layers, the seman-
tic matching space remains strictly invariant over
sequential learning phases, fundamentally eliminat-
ing representation drift.

Routing Procedure. During inference, the sys-
tem identifies the optimal De-LoRA expert θk

∗
spec

for a given input x by measuring the similarity be-
tween the input embedding ex = fθbase(x) and the
stored prototypes {Pk}Tk=1. Since prototypes are
pre-normalized, the routing index k∗ is determined
by maximizing the cosine similarity:

k∗ = arg max
k∈{1,...,T}

ex · Pk

∥ex∥
(8)

The selected expert θk
∗

spec is then activated and inte-
grated with the Consolidation Branch for inference
via the fallback strategy described in Section 4.4.
This similarity-based routing facilitates positive
forward transfer: for inputs that bridge multiple
task distributions, the mechanism naturally selects
the most semantically related expert, enabling the
model to leverage relevant prior knowledge. Ro-
bustness across diverse task sequences is further
validated in Appendix A.7.

4.4 Knowledge Integration and Fallback
Selection

To produce the final prediction, we employ a
confidence-based fallback selection strategy that
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Method Standard CL Benchmark Large Number of Tasks

Order-1 Order-2 Order-3 Avg Order-4 Order-5 Order-6 Avg

Per-LoRA (Oracle) 81.4 81.3 81.4 81.4 77.6 77.4 77.5 77.5
MTL 80.0 80.0 80.0 80.0 76.5 76.5 76.5 76.5

Sequential FT
SeqFT 18.9 24.9 41.7 28.5 7.4 7.4 7.5 7.4
SeqLoRA 44.6 32.7 53.7 43.7 0.6 1.9 1.6 1.4
IncLoRA 66.0 64.9 68.3 66.4 63.3 58.5 61.7 61.2

Classic CL
Replay 55.2 56.9 61.3 57.8 55.0 54.6 53.1 54.2
EWC 48.7 47.7 54.5 50.3 45.3 44.5 45.6 45.1
LwF 54.4 53.1 49.6 52.3 50.1 43.1 47.4 46.9
L2P 60.3 61.7 61.1 61.0 57.5 53.8 56.9 56.1
LFPT5 67.6 72.6 77.9 72.7 70.4 68.2 69.1 69.2

Advanced CL
O-LoRA 75.4 75.7 76.3 75.8 72.3 64.8 71.6 69.6
MIGU 77.1 77.0 75.6 76.6 67.3 68.5 74.2 70.0
N-LoRA 79.2 78.4 78.8 78.8 73.6 70.3 73.2 72.4
CLoRA 79.7 79.1 78.2 79.0 70.7 65.6 68.2 68.1
Co-LoRA 78.4±0.2 78.1±0.3 78.3±0.3 78.3±0.3 70.8±0.4 70.5±0.4 70.7±0.3 70.7±0.4

De-LoRA 80.1±0.2 79.8±0.3 80.0±0.2 80.0±0.2 74.4±0.3 74.0±0.4 74.2±0.3 74.2±0.3

CoDe-LoRA (Ours) 80.8±0.2 80.4±0.2 80.6±0.2 80.6±0.2 76.8±0.3 76.4±0.3 76.6±0.3 76.6±0.3

Table 1: Performance comparison of different methods using the T5 model on Standard CL Benchmark and Large
Number of Tasks. The average accuracy after training on the final task is reported. Subscripts denote standard
deviations across 3 random seeds.

prioritizes specialized expertise while leveraging
the consolidated shared branch as a robust prior.
Here, the routing confidence is defined as the
maximum cosine similarity between the input em-
bedding and task prototypes. If the routing con-
fidence exceeds a threshold τ (a hyperparame-
ter set to 0.75 by default; see Appendix A.6 for
sensitivity analysis), the system routes inference
to the task-specific expert θk

∗
spec, executing ŷ =

Model(x; θbase, θ
k∗
spec). Otherwise, the model falls

back to the consolidated shared branch, executing
ŷ = Model(x; θbase, θshared). This fallback strat-
egy dynamically balances stability and plasticity
by preserving high-capacity specialized expertise
while utilizing the consolidated branch as a ro-
bust safety net for ambiguous or out-of-distribution
inputs. The complete training and consolidation
workflow is detailed in Appendix A.4.

5 Experiments

5.1 Experimental Setup

Datasets. We evaluate CoDe-LoRA on three
benchmarks: the Standard CL Benchmark (Zhang
et al., 2015), the Large Number of Tasks Bench-
mark (Razdaibiedina et al., 2023), and the TRACE
benchmark (Wang et al., 2023b) which contains
diverse generative tasks. Following Qin and Joty

(2021), we evaluate across three distinct task or-
ders for each benchmark to ensure robustness. The
complete specifications, including task sequences,
dataset statistics, and natural language instructions,
are detailed in Appendix A.9 and A.10.

Evaluation Metrics. Let ai,j denote the perfor-
mance on task i after training on task j. To assess
continual learning performance, we report two pri-
mary metrics: (1) Average Performance (AP),
computed as the average task performance at the
end of the continual sequence (Average Accuracy
for classification benchmarks and Overall Perfor-
mance for generative benchmarks); and (2) Back-
ward Transfer (BWT), which measures the reten-
tion of previously learned knowledge across tasks.
We additionally analyze forward transfer behav-
ior to evaluate the model’s ability to accumulate
transferable representations across sequential tasks.
Formal definitions are provided in Appendix A.5.

Baselines. We compare CoDe-LoRA against
four categories of continual learning baselines:
(1) upper-reference baselines, including Multi-
Task Learning (MTL) and Per-LoRA (Oracle);
(2) sequential fine-tuning methods, including Se-
qFT (de Masson D’Autume et al., 2019), Se-
qLoRA, and IncLoRA; (3) continual learning meth-
ods, including EWC (Kirkpatrick et al., 2017),
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(a) Task Order 1 (b) Task Order 2 (c) Task Order 3

(d) Task Order 4 (e) Task Order 5 (f) Task Order 6

Figure 4: Performance curves of different methods across six task orders on the Standard CL Benchmark (Orders
1-3) and Large Number of Tasks Benchmark (Orders 4-6). Results are averaged over three independent runs.

Method Llama-2-7B Qwen3-0.6B Qwen3.5-4B
Std. CL Long Seq. Trace OP Trace BWT Std. CL Long Seq. Trace OP Trace BWT Std. CL Long Seq. Trace OP Trace BWT

O-LoRA 76.0 71.3 42.8 -7.2 59.4 54.1 39.8 -8.2 65.0 60.8 42.2 -7.0
N-LoRA 77.5 72.8 44.3 -5.7 62.0 56.6 41.3 -6.7 67.0 62.9 44.1 -5.7
SEEKR 77.0 71.0 55.0 -3.5 66.8 63.5 43.8 -4.8 70.6 67.4 45.8 -4.0
MoLE-CIE 76.5 71.8 43.0 -5.2 68.5 64.2 41.0 -4.9 68.0 64.5 42.5 -4.6
CoDe-LoRA 81.5 76.8 46.0 -1.5 72.1 68.6 42.6 -2.3 72.4 68.7 44.8 -1.9

Table 2: Performance comparison across different backbone models and benchmarks. Std. CL and Long Seq.
report average accuracy over three task orders on the standard continual learning benchmark and the long-sequence
benchmark, respectively. Trace OP and Trace BWT are the two metrics of the TRACE benchmark. Bold indicates
the best result for each model and benchmark.

LwF (Li and Hoiem, 2017), Replay (Lopez-Paz
and Ranzato, 2017), L2P (Wang et al., 2022), and
LFPT5 (Qin and Joty, 2021); and (4) parameter-
efficient continual learning methods, including O-
LoRA (Wang et al., 2023a), MIGU (Du et al.,
2024), N-LoRA (Yang et al., 2025b), CLoRA (Lu
et al., 2025), and SEEKR (He et al., 2024).

Implementation Details. We evaluate CoDe-
LoRA across different model families and scales
using T5 (Raffel et al., 2020), Llama 2-7B (Tou-
vron et al., 2023), Qwen3-0.6B (Yang et al., 2025a),
and Qwen3.5-4B (Team, 2026). All models are
optimized with AdamW (Loshchilov and Hutter,
2017). Results are averaged over three independent
runs. Hyperparameters, routing details, and imple-
mentation settings are provided in Appendix A.4.

5.2 Main Results

On the Standard CL Benchmark (Table 1), CoDe-
LoRA achieves the highest average accuracy
(80.6%), outperforming prior PEFT-based CL

methods and exceeding the MTL reference (80.0%).
This result suggests that the decoupled expert pool
provides task-specific capacity while avoiding the
forgetting typical of sequential fine-tuning.

On the Large Number of Tasks benchmark, the
performance gap is more pronounced: CoDe-LoRA
achieves 76.6% average accuracy, outperforming
O-LoRA by 7.0% (76.6% vs. 69.6%). While O-
LoRA reduces interference through strict orthogo-
nal isolation, its performance degrades on longer
sequences where transferable representations be-
come increasingly important. These results indi-
cate stronger scalability in long-horizon scenarios.

Generalization to Generative Tasks. We fur-
ther evaluate CoDe-LoRA on the TRACE bench-
mark (Wang et al., 2023b), which contains gen-
erative tasks. As shown in Table 2, CoDe-LoRA
achieves competitive generation quality (OP) and
consistently improves knowledge retention (BWT)
without relying on replay buffers, indicating im-
proved retention in generative domains.
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Figure 5: Ablation analysis of CoDe-LoRA showing task-wise accuracy and BWT under different ensemble
strategies (left) and routing accuracy across varying prototype sample sizes N (right).
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Generalization across Model Families. To
evaluate generalization across model architec-
tures and scales, we evaluate CoDe-LoRA on
Qwen3-0.6B, Qwen3.5-4B, and Llama 2-7B across
isolation-based PEFT (O-LoRA, N-LoRA), replay-
based (SEEKR), and routing-based MoE (MoLE-
CIE (Wang et al., 2025)) baselines (Table 2). CoDe-
LoRA consistently outperforms all evaluated base-
lines across backbones. For instance, on Qwen3.5-
4B, CoDe-LoRA outperforms O-LoRA by 7.4%
(72.4% vs. 65.0%) and MoLE-CIE by 4.4% (72.4%
vs. 68.0%) on standard CL, while achieving sub-
stantially stronger retention on TRACE BWT (-1.9
vs. -4.6). Furthermore, compared to MoLE-CIE,
CoDe-LoRA improves accuracy on Qwen3-0.6B
by 3.6% while reducing active trainable parameters
by 82.6% and training time by 46.5% without main-
taining historical replay buffers. Compared to the
replay-based SEEKR on Llama 2-7B, CoDe-LoRA
also achieves superior BWT (-1.5 vs. -3.5) without
storing raw historical data.

5.3 Ablation Studies and Analysis

Capacity Control. When matching the per-task
adapter footprint (evaluating CoDe-LoRA with
r = 8 against O-LoRA and N-LoRA with r = 10

on T5-Large, both ≈2.95M per task), CoDe-LoRA
achieves 80.58% on the Standard CL Benchmark
and 76.62% on the Long Sequence Benchmark,
outperforming the strongest capacity-matched base-
line by +3.48 and +12.67, respectively. This con-
firms that gains stem from decoupled knowledge
consolidation rather than parameter capacity.

Ensemble Strategy. We compare CoDe-LoRA
with LoRAHub (Huang et al., 2023), which directly
merges task-specific LoRA modules. As shown in
Figure 5, LoRAHub exhibits severe catastrophic
forgetting, yielding a BWT of -20.2% compared to
-0.2% for CoDe-LoRA. This suggests that direct pa-
rameter merging introduces significantly stronger
cross-task interference.

Forward Transfer. Figure 6 shows the zero-shot
forward transfer matrix on Qwen3-0.6B (Order 1).
CoDe-LoRA achieves consistently higher forward
transfer than O-LoRA, particularly after progres-
sively accumulating knowledge across tasks (e.g.,
+19.1 points on Yahoo after training on dbpedia
and amazon). This suggests that the consolidation
branch effectively accumulates transferable repre-
sentations that benefit future unseen tasks.

Impact of Prototype Samples. We analyze the
sensitivity of routing performance to the number of
prototype samples N . Figure 5 (right) shows that
routing accuracy improves as N increases, with
performance saturating around N = 10. This in-
dicates that only a small number of samples are
required for reliable task routing.

Contribution of Each Branch. To further ana-
lyze the necessity of the proposed dual-branch de-
sign, we compare the Consolidation Branch alone
(Co-LoRA), the Decoupling Branch alone (De-
LoRA), and the full CoDe-LoRA architecture on
the Standard CL Benchmark, as reported in the
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corresponding rows of Table 1. The consolidation

Method Train (s) Infer (s) Params

O-LoRA 6384.3 483.0 9.4M (1.26%)
N-LoRA 6153.2 470.5 9.4M (1.26%)
SEEKR 15960 474.5 770M (100%)
CoDe-LoRA 5922.1 458.4 11.8M (1.58%)

Table 3: Efficiency statistics on Order 1. Params denotes
trainable parameters and backbone ratio.

branch (Co-LoRA) alone captures shared represen-
tations, while the decoupling branch (De-LoRA)
alone preserves task-specific adaptation. Combin-
ing both branches yields the best overall perfor-
mance across all task sequences (Table 1). Addi-
tional visualizations and prediction analyses are
provided in Appendix A.3.

Efficiency and Scalability Analysis. CoDe-
LoRA remains highly parameter-efficient, updating
only 1.58% of backbone parameters. Despite the
dual-branch design, CoDe-LoRA maintains faster
training and inference speeds than O-LoRA and N-
LoRA (Table 3) by avoiding expensive orthogonal-
ization steps on the backpropagation gradient path.
Furthermore, on the 15-task sequence (Appendix
Table 9), CoDe-LoRA’s total parameter footprint is
only 37.7 MB (a negligible 2.4 MB addition over
single-branch baselines), while total training time
is reduced from 2.77h to 2.36h. Crucially, during
inference only one routed expert is activated along-
side the base backbone, keeping active execution
cost identical to standard LoRA.

6 Conclusion

We revisit orthogonal continual adaptation from the
perspective of transferable representation learning.
We show that while strict orthogonal isolation miti-
gates catastrophic forgetting, it can also suppress
transferable representation accumulation across re-
lated tasks. To address this limitation, we propose
CoDe-LoRA, a dual-branch continual adaptation
framework that balances shared representation con-
solidation and task-specific adaptation. Extensive
experiments demonstrate strong continual learn-
ing performance together with robust forward and
backward transfer across diverse task sequences
and model families.

Limitations

Although CoDe-LoRA demonstrates strong per-
formance across both classification and generative

continual learning benchmarks, our evaluation is
limited to pre-trained language models. Extending
the framework to multi-modal continual learning
settings remains an important direction for future
work. In addition, the effectiveness of the routing
mechanism depends on the quality of task proto-
types in the embedding space. Under severe task
distribution shifts or highly overlapping task bound-
aries, routing reliability may degrade and require
more adaptive prototype estimation strategies.
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A Appendix

A.1 Notation
We summarize the key notations used throughout
this paper in Table 4.

Notation Description

T (t) The t-th task in the sequence
D(t) Dataset associated with task T (t)

θbase Parameters of the frozen backbone
θshared Parameters of consolidation branch
θkspec Parameters of k-th task expert
W

(t)
acc Accumulated shared weights up to task t

∆W
(t)
shared Consolidation branch update at task t

∆Wnull Null space projected update component
ct, st Dynamic scaling coefficients at task t
Pk Semantic prototype for task k
ex Embedding of input x from backbone
τ Fallback confidence threshold

Table 4: Summary of key notations.

A.2 Theoretical Justification for Dynamic
Scaling

In the model merging process, the dynamic time-
varying scaling coefficients are introduced to main-
tain the deviation magnitude between the merged
model and the pre-trained model.

General Formulation of Scaling. For clarity,
we denote the parameter deviation at step t as
Dt = W

(t)
acc − W (0), the null-space projected up-

date component as Vt = ∆W
(t)
null = Pnull∆W

(t)
shared,

and the running average norm of task updates as
µt =

1
t

∑t
i=1 ∥∆W

(i)
shared∥F . In our study, the gen-

eralized scaling factor λt is defined as the inverse

of the scaling coefficient st (i.e., λt = 1/st), and
can be computed as:

λt = λt−1 ·
∥Dt−1 + Vt∥F

µt
(9)

where Pnull denotes the null space projection oper-
ator.

Derivation of Scaling Coefficients.

Proof of Proposition 1. To simplify notation in
this proof, we denote the consolidated weight ma-
trix W

(t)
acc as Wt, and the null-space projected up-

date component ∆W
(t)
null as Vt. Recall that we as-

sume W (0) = W0 = 0. Under the update rule
defined in Eq. (5), the consolidated weight matrix
at task t is updated recursively as:

Wt = ctWt−1 + stVt (10)

where the scaling coefficients ct =
√
(t− 1)/t

and st = 1/
√
t satisfy the normalization identity

c2t + s2t = 1. By definition, the projected compo-
nent Vt lies in the null space of the accumulated
representations Wt−1, which implies they are or-
thogonal under the Frobenius inner product:

⟨Wt−1, Vt⟩F = 0 (11)

Using this orthogonality, and given the boundary
condition W0 = 0, we have ∥Wt − W0∥2F =
∥Wt∥2F . Applying the Pythagorean theorem to the
update rule in Eq. (10) yields:

∥Wt∥2F = c2t ∥Wt−1∥2F + s2t ∥Vt∥2F (12)

Let Mt = maxi∈[1,t] ∥∆W
(i)
shared∥2F . We prove that

∥Wt∥2F ≤ Mt by induction on t.
For the base case t = 1, since c1 = 0 and s1 = 1,

we have:

∥W1∥2F = ∥V1∥2F ≤ M1 (13)

where the inequality holds because the projection
operator is a contraction mapping, i.e., ∥Vt∥F ≤
∥∆W

(t)
shared∥F .

Now, assume that the bound holds up to task t−1,
i.e., ∥Wt−1∥2F ≤ Mt−1. For task t, substituting the
induction hypothesis and the contraction property
into Eq. (12):

∥Wt∥2F ≤ c2tMt−1 + s2t ∥∆W
(t)
shared∥2F (14)

≤ c2tMt + s2tMt (15)

= (c2t + s2t )Mt = Mt (16)
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This completes the induction, showing that the
Frobenius norm of the accumulated parameter de-
viation is bounded by the maximum individual task
update norm:

∥W (t)
acc −W (0)∥2F ≤ Mt (17)

This bound prevents the parameters of the consoli-
dated branch from exploding or drifting away from
the pre-trained manifold, mitigating catastrophic
forgetting without sacrificing stability.

Remark on Knowledge Dilution. One might be
concerned that the st = 1/

√
t scaling in Eq. 4

dilutes the historical knowledge in the shared mem-
ory. We argue that this scaling acts as a variance
normalization mechanism rather than informa-
tion loss. Without scaling, the norm of the shared
branch would grow linearly with

√
t (assuming

orthogonal updates), eventually overwhelming the
task-specific branch. The st = 1/

√
t factor ensures

that the shared memory remains a stable “anchor”
while the specific branch (Section 4.3) preserves
the distinct decision boundaries for each task. This
dual-branch design effectively decouples stability
(via normalized shared memory) from plasticity
(via preserved specific experts).

Empirical Verification of 1/
√
t Scaling. To em-

pirically verify the stabilizing effect of our derived
1/
√
t scaling factor against standard linear aver-

aging (1/t) or no scaling (1), we conduct a com-
parative analysis on the Standard CL Benchmark
(Order-1, T5-Large). Table 5 reports the final aver-
age accuracy and the Frobenius norm of the accu-
mulated parameters ∥W (t)

acc−W (0)∥F . Without scal-

Method Scaling Factor Avg Accuracy Parameter Norm

No Scaling 1 77.4% 18.6 (Exploded)
Linear Avg 1/t 75.2% 1.3 (Diluted)
CoDe-LoRA 1/

√
t 80.8% 5.2 (Stable)

Table 5: Empirical verification of different scaling
factors on the Standard CL Benchmark (Order-1, T5-
Large). We report the final average accuracy and
the Frobenius norm of the accumulated parameters
∥W (t)

acc −W (0)∥F .

ing, the parameter norm explodes, pushing weights
outside the LLM’s effective optimization manifold.
Conversely, linear averaging (1/t) overly dilutes
the historical knowledge. Only our derived 1/

√
t

factor maintains a stable norm and achieves the
peak accuracy.

A.3 Qualitative and Prediction-Behavior
Analyses

Figure 7 illustrates that the consolidation branch
provides more reliable predictions on ambiguous
samples where task-specific experts may fail. Ta-
ble 6 further shows complementary prediction
behaviors between the shared and task-specific
branches during inference.

Figure 7: Visualization of the interaction between Co-
LoRA and De-LoRA on ambiguous samples.

Case Type Status Percentage

Both Correct θshared ✓, θspec ✓ 79.0%
Only Consolidation θshared ✓, θspec × 0.6%
Only Decoupling θshared ×, θspec ✓ 1.9%
Both Incorrect θshared ×, θspec × 18.5%

Table 6: Synergy and correctness analysis between the
consolidation and decoupling branches.

A.4 Implementation Details

Following existing CL works (Qin and Joty, 2021;
Wang et al., 2023a; Yang et al., 2025b), all
methods are implemented with instruction tun-
ing (Qin and Joty, 2021) and optimized using
AdamW (Loshchilov and Hutter, 2017) with a con-
stant learning rate of 1.0 × 10−3 and a training
batch size of 16. During inference, we use a gen-
eration batch size of 64 to avoid out-of-memory
(OOM) errors. For all LoRA-based architectures,
we set rank r = 8 and α = 32, targeting the query
and value projections in each Transformer block.
For our prototype-based routing, 10 samples per
task are used to construct semantic centroids, and
the fallback threshold τ is set to 0.75.

To ensure fair comparisons and accurate runtime
measurements, all experiments are executed on a
single NVIDIA H800 (80 GB) GPU. This setup
avoids potential inter-GPU communication latency
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(e.g., DeepSpeed overhead) that could bias wall-
clock time calculations. Furthermore, we disable
the persistence of large intermediate shared param-
eter states to minimize I/O-related delays. Each
experiment is repeated over three independent runs
with different random seeds. The consolidation
process is performed offline once per task with neg-
ligible overhead, using a projection rank fixed to
10% of the LoRA rank for efficiency.

Practical Implementation Details of SVD and
Null Space Projection. To resolve the computa-
tional bottleneck of null space projection in large-
scale LLMs, we adopt an optimized consolida-
tion strategy. Specifically, we replace full Singu-
lar Value Decomposition (SVD) with a random-
ized low-rank SVD (torch.svd_lowrank) to ef-
ficiently extract singular vectors U from the col-
umn space of consolidated parameters. To further
reduce complexity, the projection is performed di-
rectly on the low-rank factor B ∈ Rdout×r rather
than the full update ∆W ∈ Rdout×din . The or-
thogonalized factor is computed as Borth = B −
U(U⊤B), and the resulting update is ∆Wnull =
BorthA. This optimization reduces the projection
matrix dimensions from dout × din to dout × r,
where r ≪ din, achieving significant speedup
while preserving mathematical accuracy. In prac-
tice, we set the number of randomized SVD iter-
ations (svd_niter) to 1 to balance precision and
performance.

Computational Complexity and SVD Efficiency
Bridge. As introduced in Section 4.2, standard
SVD on the full weight matrix update ∆W ∈
Rdout×din requires O(doutdinmin(dout, din)) op-
erations, which is prohibitively expensive for large
language models where dout, din can scale to thou-
sands or tens of thousands. In contrast, by project-
ing directly on the low-rank factor B ∈ Rdout×r

and leveraging the randomized low-rank SVD
method (torch.svd_lowrank), the computational
complexity is reduced to O(doutr

2) where r is the
LoRA rank (typically r ∈ [8, 32]). Because r ≪
din, dout, this optimization achieves a speedup of
several orders of magnitude. In practice, the offline
SVD consolidation takes less than 0.1 seconds per
transformer layer, adding negligible overhead to the
training pipeline while preserving the strict math-
ematical guarantee of null space projection. This
provides a direct, highly efficient bridge between
the theoretical null space projection in Section 4.2
and the practical scalability of our framework.

Sensitivity to Approximate Orthogonality.
While randomized SVD inevitably introduces
approximation noise, CoDe-LoRA remains theoret-
ically and architecturally robust to this relaxation.
Theoretically, our dynamic scaling factor dampens
noise accumulation, bounding the approximation
error. Architecturally, the Decoupling Branch
serves as a safety net; if approximation noise
compromises the shared branch, routing dy-
namically isolates predictions to task-specific
experts. To empirically verify this, we stress-test
CoDe-LoRA by altering the SVD retained rank
(simulating null-space estimation noise) on the
Order-1 benchmark (T5-Large). Table 7 presents
the final average accuracy under different retained
ranks. Even when the SVD rank is aggressively

Retained SVD Rank Order-1 Accuracy

Full SVD (Exact) 80.9%
Rank = 32 (Default) 80.8%
Rank = 4 (Noisy) 80.2%

Table 7: Sensitivity analysis of SVD retained rank on
the Standard CL Benchmark (Order-1, T5-Large).

reduced to 4 (inducing severe projection noise),
the performance drop is extremely small (-0.7pp).
This demonstrates that CoDe-LoRA is highly
robust to approximate orthogonality, allowing
for efficient randomized low-rank computations
without sacrificing performance.

Step-by-Step Training and Consolidation Work-
flow. During the learning of each sequential task
Tt, CoDe-LoRA decouples and consolidates knowl-
edge through a structured step-by-step procedure:

1. Initialization: The Consolidation Branch pa-
rameters θshared are initialized from the pre-
viously consolidated state W

(t−1)
acc to enable

immediate knowledge reuse and positive trans-
fer, while a new task-specific expert θ(t)spec is
initialized to zero.

2. Joint Training: Both branches are optimized
jointly on the current task dataset D(t) using
instruction tuning. This joint optimization
allows the Consolidation Branch to assimi-
late shared representation updates while the
Decoupling Branch captures task-specific nu-
ances.

3. Null Space Consolidation: Post-training, the
parameter update learned in the Consolidation
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Branch, denoted as ∆W
(t)
shared = W

(t)
shared −

W
(t−1)
acc , is extracted. We project this update

onto the null space of the accumulated rep-
resentation history W

(t−1)
acc using randomized

low-rank SVD (as detailed above) to eliminate
representational interference.

4. Dynamic Scaling & Archive: The projected
update is scaled via our dynamic scaling co-
efficient st = 1/

√
t to prevent parameter

norm explosion, and merged into the consol-
idated weight matrix W

(t)
acc recursively using

ct =
√
(t− 1)/t. Concurrently, the trained

task-specific expert θ(t)spec is archived in the ex-
pert pool, and its prototype Pt is computed
and stored.

Evaluation Protocol and Analysis Setup. For
text classification tasks (e.g., Yahoo, DBpedia),
candidate labels are obtained from task metadata
and tokenized. While the main performance results
are reported using the generate() method, the
synergy analysis in Figure 7 utilizes a logit-based
approach via forward() to extract exact probabili-
ties, enabling the confidence-based visualization of
knowledge consolidation. For the ablation studies
and prototype sensitivity analysis in Figure 5, we
vary the number of support samples N to find the
optimal balance between routing performance and
inference speed.

A.5 Evaluation Metrics

We evaluate sequential learning performance using
two standard metrics in continual learning:

Average Performance (AP) represents the over-
all model capacity across all learned tasks after
completing the continual learning sequence. For a
sequence of T tasks, it is defined as:

AP =
1

T

T∑

i=1

ai,T (18)

where ai,T denotes the evaluation performance
(accuracy for classification benchmarks, or task-
specific generative metrics like ROUGE/Exact
Match for generative benchmarks) on task i after
training on the final task T . In classification bench-
marks, this corresponds to the standard Average
Accuracy (AT ), while in generative benchmarks
(such as TRACE), it is referred to as Overall Per-
formance (OP).

Backward Transfer (BWT) (Lopez-Paz and
Ranzato, 2017) measures the influence of learning
subsequent tasks on the performance of previously
acquired knowledge:

BWT =
1

T − 1

T−1∑

i=1

(ai,T − ai,i) (19)

where ai,i is the performance on task i immediately
after training on task i. A negative BWT value in-
dicates catastrophic forgetting (performance degra-
dation), whereas a value closer to 0 or positive
indicates stable knowledge retention or positive
backward transfer (where learning new tasks im-
proves performance on older tasks). By employing
BWT as our unified metric for backward retention
across all benchmarks, we avoid the redundancy of
using separate forgetting indicators for classifica-
tion and generative tasks.

A.6 Sensitivity Analysis of Routing Threshold
The routing threshold τ is a critical hyperparam-
eter that balances the use of specialized experts
versus the consolidated shared branch. We conduct
a sensitivity analysis on the Standard CL Bench-
mark (Order 1) by varying τ from 0.0 to 1.0. As
shown in Figure 8, a very low threshold (τ → 0)
leads to over-reliance on experts even for ambigu-
ous inputs, while a very high threshold (τ → 1)
forces the model to fall back to the shared branch
too frequently, potentially missing out on special-
ized knowledge. We find that τ = 0.75 provides
the optimal balance, achieving a peak accuracy of
80.8% and maintaining robustness across tasks.

Figure 8: Sensitivity analysis of routing threshold τ on
the Standard CL Benchmark (Order 1, T5-Large).

A.7 Stability and Routing Analysis across
Task Orders

To further validate the robustness of CoDe-LoRA,
we analyze its performance and routing accuracy
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Method Task Params Train Time (s) Infer Time (s) Peak Reserved

O-LoRA

Task 1: DBPedia 9.4M (1.26%) 2044.71 118.21 51016
Task 2: Amazon 9.4M (1.26%) 943.97 211.05 49028
Task 3: Yahoo 9.4M (1.26%) 2854.27 397.72 48794
Task 4: AG News 9.4M (1.26%) 541.32 483.02 30858

N-LoRA

Task 1: DBPedia 9.4M (1.26%) 2775.82 84.94 25772
Task 2: Amazon 9.4M (1.26%) 1216.32 189.60 25896
Task 3: Yahoo 9.4M (1.26%) 3767.64 318.17 25896
Task 4: AG News 9.4M (1.26%) 714.55 386.41 18520

CoDe-LoRA

Task 1: DBPedia 11.8M (1.58%) 1926.19 93.86 51024
Task 2: Amazon 11.8M (1.58%) 851.90 201.98 48798
Task 3: Yahoo 11.8M (1.58%) 2654.21 379.53 48240
Task 4: AG News 11.8M (1.58%) 489.79 458.35 30906

Table 8: Detailed efficiency statistics for different methods on Order 1. “Train Time” and “Infer Time” denote
the time spent on training and testing for each task, respectively. “Peak Reserved” indicates the maximum GPU
memory usage recorded during each phase.

across three distinct task sequences. Figure 9
presents the backward transfer (retention) analy-
sis and confusion matrices for these orders on the
Standard CL Benchmark. The bar charts (a, c, e)
compare the peak accuracy achieved at the end of
each task’s training phase with the final accuracy
measured after training on all subsequent tasks.
Across all orders, the performance drop is negligi-
ble, confirming CoDe-LoRA’s effective mitigation
of catastrophic forgetting.

Simultaneously, the confusion matrices (b, d, f)
visualize the routing accuracy of our prototype-
based mechanism. The high values along the di-
agonal indicate that the router consistently and ac-
curately identifies the corresponding task-specific
expert for each input sample. The stability of these
results across different task sequences highlights
the effectiveness of using semantic centroids for
task-agnostic retrieval, ensuring that specialized
knowledge is correctly mobilized during inference
without significant interference from other tasks.

A.8 Detailed Efficiency Statistics

Table 8 provides the complete efficiency statistics,
including training time, inference time, parame-
ter counts, and peak memory usage for different
methods. Peak memory usage remains manageable
as only the selected expert and shared branch are
active during inference. Training memory stays
well within standard GPU capacities despite the
dual-branch architecture.

Long Sequence Efficiency (T=15). To address
concerns regarding storage scalability over a long
sequence of tasks, we report the training time, infer-
ence testing time, and the end-to-end total param-

eter footprint after training on all 15 tasks of the
Long Sequence Benchmark (Order 4, T5-Large)
in Table 9. As shown, the end-to-end parameter

Method Train Time (h) Infer Time (s) Total Params (MB)

O-LoRA 2.77 523.0 35.3
N-LoRA 2.54 520.4 35.3
CoDe-LoRA 2.36 483.5 37.7

Table 9: End-to-end efficiency and storage footprint on
the Long Sequence Benchmark (T=15 tasks).

growth of CoDe-LoRA is extremely small, adding
only an additional 2.4 MB over O-LoRA/N-LoRA
after 15 tasks. Furthermore, because only one task-
specific expert is activated during inference via se-
mantic routing, our inference memory overhead re-
mains constant and identical to a single-task LoRA
model. This compares very favorably to replay
methods; for instance, SEEKR consumes 76 MB to
store even a minimal 1% data replay buffer, which
is double the size of our entire parameter footprint
(37.7 MB). Additionally, CoDe-LoRA trains faster
than O-LoRA by avoiding expensive SVD updates
on the backpropagation path.

A.9 Datasets

In our experiments, we utilize 15 datasets from
standard classification and NLU benchmarks (as
detailed in Table 10), as well as the generation-
heavy TRACE benchmark (Wang et al., 2023b).
Specifically, the classification datasets are sourced
from well-established suites such as the CL bench-
mark (Zhang et al., 2015), GLUE (Wang et al.,
2018), and SuperGLUE (Wang et al., 2019), as
well as the IMDB movie review dataset (Maas
et al., 2011). These cover natural language infer-
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No. Dataset name Category Task Domain Metric
1 Yelp CL Benchmark sentiment analysis Yelp reviews accuracy
2 Amazon CL Benchmark sentiment analysis Amazon reviews accuracy
3 DBpedia CL Benchmark topic classification Wikipedia accuracy
4 Yahoo CL Benchmark topic classification Yahoo Q&A accuracy
5 AG News CL Benchmark topic classification news accuracy
6 MNLI GLUE NLI various accuracy
7 QQP GLUE paragraph detection Quora accuracy
8 RTE GLUE NLI news, Wikipedia accuracy
9 SST-2 GLUE sentiment analysis movie reviews accuracy
10 WiC SuperGLUE word sense disambiguation lexical databases accuracy
11 CB SuperGLUE NLI various accuracy
12 COPA SuperGLUE QA blogs, encyclopedia accuracy
13 BoolQA SuperGLUE boolean QA Wikipedia accuracy
14 MultiRC SuperGLUE QA various accuracy
15 IMDB SuperGLUE sentiment analysis movie reviews accuracy

Table 10: Datasets and their tasks, categories, domains, and metrics.

ence (NLI), sentiment classification (SC), and topic
classification (TC).

Crucially, to evaluate generalization on more
complex, generation-heavy tasks, we also incorpo-
rate the TRACE benchmark (Wang et al., 2023b).
Unlike standard classification tasks, TRACE fea-
tures multi-turn, complex generative tasks that as-
sess the structural reasoning and domain adaptation
of LLMs. In particular, we evaluate on code gener-
ation (completion) using the Py150 dataset, where
even a single syntax error can lead to a compilation
failure, making it highly fragile under sequential
fine-tuning.

A.10 Task Sequence and Instructions
To evaluate the robustness of our method, we em-
ploy a diverse set of task instructions and evaluate
across multiple task orders. Table 11 summarizes
the specific natural language prompts used for each
task category, following the instruction-tuning for-
mat described in Qin and Joty (2021). The task
sequences for the T5 and Llama 2-7B experiments,
together with the TRACE benchmark sequence, are
provided in Table 12.

Task Prompts

NLI What is the logical relationship between the “sen-
tence 1” and the “sentence 2”? Choose one from
the option.

QQP Whether the “first sentence” and the “second sen-
tence” have the same meaning? Choose one from
the option.

SC What is the sentiment of the following paragraph?
Choose one from the option.

TC What is the topic of the following paragraph?
Choose one from the option.

BoolQA According to the following passage, is the question
true or false? Choose one from the option.

MultiRC According to the following passage and question,
is the candidate answer true or false? Choose one
from the option.

WiC Given a word and two sentences, whether the word
is used with the same sense in both sentences?
Choose one from the option.

Table 11: Task descriptions and corresponding prompts.

Order Setting Task Sequence

1 T5, Llama 2-7B dbpedia → amazon → yahoo → ag
2 T5, Llama 2-7B dbpedia → amazon → ag → yahoo
3 T5, Llama 2-7B yahoo → amazon → ag → dbpedia

4 T5 mnli → cb → wic → copa → qqp → boolqa →
rte → imdb → yelp → amazon → sst-2 →
dbpedia → ag → multirc → yahoo

5 T5 multirc → boolqa → wic → mnli → cb → copa
→ qqp → rte → imdb → sst-2 → dbpedia → ag
→ yelp → amazon → yahoo

6 T5 yelp → amazon → mnli → cb → copa → qqp →
rte → imdb → sst-2 → dbpedia → ag → yahoo
→ multirc → boolqa → wic

1 TRACE C-STANCE → FOMC → MeetingBank → Py150
→ ScienceQA → NumGLUE-cm →
NumGLUE-ds → 20Minuten

Table 12: Task sequences for different model and bench-
mark settings.
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Figure 9: Stability and routing analysis across three task orders. (a, c, e) Forgetting analysis comparing peak vs.
final accuracy for each task. (b, d, f) Confusion matrices of the prototype-based router, illustrating the frequency of
expert selection for each input task across different sequences.
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