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Abstract

Parameter-efficient fine-tuning methods such
as LoRA reduce trainable parameters, but still
apply dense low-rank updates per token, leav-
ing adaptation compute largely fixed once rank
is set. We propose Context-Conditioned
Masked LoRA (CCM-LoRA), which learns
a lightweight router that activates an input-
dependent subset of LoRA rank directions,
turning LoRA into dynamic rank routing
and enabling contextual sparsity in fine-tuning
and inference. CCM-LoRA is trained with a
budget-constrained objective that targets an
expected effective rank (or FLOPs) while reg-
ularizing routing to avoid degenerate always-
on/off masks. Across public NLU and mul-
tilingual benchmarks, CCM-LoRA improves
the accuracy–efficiency Pareto frontier versus
static-rank LoRA and adaptive-rank baselines,
matching or improving task performance at
lower inference-time effective rank. We also
provide a reproducible profiling protocol and
analyses of rank usage, router overhead, and
robustness under domain and language shift.

1 Introduction

Large pretrained language models (LMs) are com-
monly adapted via fine-tuning, but full updates
are costly at scale; PEFT mitigates this by train-
ing small task-specific components on a frozen
backbone. LoRA is a widely used PEFT method
that injects low-rank updates into selected linear
layers (Hu et al., 2021), with practical extensions
such as 4-bit quantization-aware training (Dettmers
et al., 2023) and weight-decomposed variants for
improved stability/capacity (Liu et al., 2024). How-
ever, parameter efficiency does not imply compute
efficiency: standard LoRA applies the full-rank up-
date for every token once r is set (Hu et al., 2021),
QLoRA primarily saves memory rather than arith-
metic (Dettmers et al., 2023), and PEFT can leave
compute largely unchanged (or slower due to over-
head) (Khaki et al., 2025). Motivated by contextual

sparsity and conditional computation (Liu et al.,
2023; Akhauri et al., 2024; Fedus et al., 2022), we
note that inputs vary in required adaptation, while
training-time rank allocation (Zhang et al., 2023)
typically yields fixed inference-time ranks and
contextual-sparsity LoRA methods provide limited
per-example rank control (Khaki et al., 2025). We
address this with Context-Conditioned Masked
LoRA (CCM-LoRA), which learns a lightweight
router that produces an input-dependent rank mask
(e.g., top-k), enabling dynamic rank routing to re-
duce inference-time adapter compute and option-
ally limit active adapter subspaces during training.
CCM-LoRA is trained with a budget-constrained
objective targeting expected effective rank (or
FLOPs proxy) with stability regularization to avoid
degenerate always-on/off masks, improving the
accuracy–efficiency Pareto frontier versus static
LoRA (Hu et al., 2021), training-time rank alloca-
tion (Zhang et al., 2023), and contextual-sparsity
LoRA baselines (Khaki et al., 2025), alongside
a reproducible profiling protocol for comparable
compute reporting.

Contributions. (i) We introduce context-
conditioned rank masking for LoRA, enabling
dynamic rank routing for compute-aware
fine-tuning and inference. (ii) We propose a
budget-constrained training objective that
targets expected effective rank/FLOPs while
encouraging stable, non-degenerate routing. (iii)
We provide an extensive evaluation on NLU and
multilingual benchmarks, with efficiency analyses
and a reproducible profiling protocol.

2 Method: Context-Conditioned Masked
LoRA

2.1 Background: LoRA as a rank-r update
Consider a linear transformation with frozen pre-
trained weights W0 ∈ Rd′×d applied to a hidden
vector h ∈ Rd. LoRA injects a trainable low-rank
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update ∆W while keeping W0 fixed (Hu et al.,
2021). Specifically, LoRA parameterizes the up-
date as a product of two thin matrices A ∈ Rr×d

and B ∈ Rd′×r (with r ≪ min(d, d′)), scaled by
α (Hu et al., 2021)

W = W0 +∆W (1)

∆W =
α

r
BA (2)

y = Wh =
(
W0 +

α

r
BA

)
h (3)

In a Transformer, LoRA is typically inserted into
selected projections (e.g., attention and/or MLP
linears), and only A,B are trained (Hu et al., 2021).

2.2 From static rank masking to
context-conditioned rank masking

Vanilla LoRA uses a fixed rank r for all inputs. We
instead make the effective rank input-dependent by
introducing a rank mask predicted from the input x.
Let g(x) ∈ {0, 1}r (hard mask) or g(x) ∈ [0, 1]r

(soft mask) denote a per-example gating vector over
the rank dimension. We apply this mask within the
rank space

∆W (x) =
α

r
B diag(g(x))A (4)

The effective rank is then k(x) = ∥g(x)∥0 for hard
masks (or its continuous surrogate for soft masks).
Vanilla LoRA is recovered when g(x) = 1 for all
x.

2.3 Router architecture

We learn a lightweight router that maps an input x
to rank logits s(x) ∈ Rr and then to a mask g(x).
Let H(x) ∈ RT×dmodel denote the last-layer hidden
states for an input of length T . We consider three
router variants (ablated in §6.1):

Token-pooling router. We compute a pooled
summary z(x) from H(x) using mean/max pool-
ing or attention pooling, then predict logits with an
MLP z(x) = Pool(H(x)), s(x) = MLP(z(x)).

Prefix router. To reduce overhead, we compute
the summary using only the first p tokens (p≪ T )
z(x) = Pool(H1:p(x)), s(x) = MLP(z(x)).

Module-conditioned router. We allow sepa-
rate heads per module type or layer, producing log-
its sm(x) for module m (e.g., attention vs. MLP)
sm(x) = MLPm(z(x)), gm(x) = G(sm(x)),
where G(·) denotes the gating mechanism de-
scribed next.

2.4 Discrete selection and training

We consider two gating mechanisms and use one
as the default in the main experiments.

Top-k straight-through (default). Let p(x) =
softmax(s(x)/τ) with temperature τ . In the for-
ward pass, we form a hard top-k mask by selecting
the k largest components of p(x). In the back-
ward pass, we use a straight-through estimator that
propagates gradients through the soft probabili-
ties (Bengio et al., 2013) g(x) = TopK(p(x), k),
∇g(x) ≈ ∇p(x). k(x) is the per-example effective
rank; reported statistics summarize its distribution.

Hard-concrete / Gumbel-style gate. To obtain
differentiable sparsity with annealing, we can use
hard-concrete (L0) gates (Louizos et al., 2018) (or
closely related Concrete/Gumbel relaxations (Mad-
dison et al., 2017; Jang et al., 2017)). For hard-
concrete, each rank gate is a clipped, stretched
sigmoid transformation of a logistic random vari-
able, enabling gradient-based optimization with an
L0-style penalty (Louizos et al., 2018). We report
stability and performance as a function of k and
annealing schedules in the appendix.

2.5 Budget-constrained (compute-aware)
objective

We train the task loss while constraining the ex-
pected active rank to a target budget k. Let Ltask de-
note the supervised objective (e.g., cross-entropy).
We use a Lagrangian penalty on the expected spar-
sity

L = Ltask + λ
(
Ex

[
∥g(x)∥0

]
− k

)
(5)

To avoid degenerate always-on/off routing, we reg-
ularize router entropy (computed from p(x)) to
encourage non-collapsed yet decisive routing

L ← L− β Ex

[
H
(
p(x)

)]
(6)

H(p) = −
r∑

i=1

pi log pi (7)

2.6 Efficient implementation

A naive implementation would compute the full
LoRA update BA and then apply a mask, which
would not reduce compute. To obtain actual sav-
ings, we avoid inactive rank computations. Let
I(x) = {i : gi(x) = 1} denote the active rank
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indices for a hard mask. We compute a reduced
update using only the selected columns/rows

∆W (x) =
α

r
B[:,I(x)]A[I(x),:] (8)

For soft masks, we can equivalently scale the
rank dimension by g(x) and implement it as a
weighted gather/scatter to preserve savings when
most weights are near zero. We explicitly mea-
sure router overhead and report regimes where it
dominates (short sequences, small batch sizes), fol-
lowing compute-centric evaluation practices em-
phasized in contextual sparsity work (Khaki et al.,
2025).

2.7 Complexity analysis

Let d and d′ be the input/output dimensions of
a LoRA-injected linear map. Ignoring constants,
the additional LoRA FLOPs per token for a static
rank-r adapter scales as FLOPsLoRA ∝ r(d +
d′). Under CCM-LoRA with per-example effec-
tive rank k(x) ≪ r, the additional FLOPs per
token become FLOPsCCM(x) ∝ k(x)(d + d′).
Let FLOPsrouter(x) denote the router overhead
per example (including pooling and MLP). For
a sequence of length T , the total adapter-related
cost is FLOPstotal(x) ≈ T · FLOPsCCM(x) +
FLOPsrouter(x). CCM-LoRA provides net savings
whenever the reduction in adapter FLOPs domi-
nates router overhead, i.e., when (r − k(x))T (d+
d′) exceeds FLOPsrouter(x), which we character-
ize empirically across sequence lengths and batch
sizes in §3.4.

3 Experimental Setup

3.1 Models

To avoid conclusions driven by a single architec-
ture family, we evaluate CCM-LoRA on two repre-
sentative Transformer backbones: (i) an encoder–
decoder text-to-text model in the T5 family (Raffel
et al., 2020), and (ii) a decoder-only causal lan-
guage model with publicly available weights (e.g.,
Mistral-7B) (Jiang et al., 2023).

For all methods, the backbone parameters re-
main frozen under PEFT, and we insert LoRA-
family adapters into a consistent set of linear projec-
tions. Unless otherwise stated, we apply adapters to
attention projections (at minimum Wq and Wv) and
to MLP projections when supported by the base-
line; the precise injection map is held fixed across
LoRA-style methods for fair comparison (Hu et al.,

2021; Liu et al., 2024). We use bfloat16/float16
mixed precision where supported and report the
chosen precision per model in Appendix B.

3.2 Tasks and Datasets
We cover both English NLU and multilingual gen-
eralization using standard public benchmarks and
official evaluation scripts when available.

English NLU. We evaluate on GLUE (Wang
et al., 2018) and SuperGLUE (Wang et al., 2019),
using the canonical train/dev splits for development
and the benchmark evaluation protocol for reported
scores. When a benchmark defines a composite
score (e.g., overall GLUE/SuperGLUE), we follow
the official aggregation.

Multilingual transfer. We evaluate cross-
lingual sentence understanding on XNLI (Conneau
et al., 2018), following the standard protocol of
training on English and evaluating on the multi-
lingual dev/test sets. For multilingual question
answering, we use TyDi QA (Clark et al., 2020),
reporting EM/F1 using the dataset’s official evalua-
tion.

3.3 Baselines
We compare against strong PEFT and compute-
aware baselines, matching either (i) task perfor-
mance at similar adapter parameter counts or (ii)
compute budgets where applicable.

Full fine-tuning (FT). Fine-tune all model pa-
rameters with standard task heads/decoding.

Static LoRA. Vanilla LoRA with fixed rank r
(Hu et al., 2021); we sweep r ∈ {8, 16, 32} and
choose the best dev setting per task family.

Adaptive rank allocation (training-time).
AdaLoRA reallocates rank across modules during
training under a parameter budget (Zhang et al.,
2023); we follow the recommended schedule and
match the final parameter count to the comparable
static LoRA setting.

Rank pruning / rank dynamics. PRILoRA per-
forms layer-wise rank allocation with pruning dur-
ing training (Benedek and Wolf, 2024). DropLoRA
prunes along the rank dimension via a pruning mod-
ule (Zhang, 2025). We start from official/paper de-
faults and tune a shared minimal set (learning rate,
total steps) under the same dev protocol.

Contextual sparsity. SparseLoRA reduces com-
pute via dynamic sparsity in loss/gradient compu-
tation (Khaki et al., 2025); we report accuracy and
measured speed/compute under the same profiling
harness as CCM-LoRA.
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Other PEFT comparators. IA3 as activation-
scaling PEFT (Liu et al., 2022), and DoRA as a
stronger LoRA-family baseline (Liu et al., 2024).

Fairness protocol. For PEFT baselines, we fix
insertion points where applicable, use the same
optimizer family and training budget per task, se-
lect hyperparameters on dev only, and report test
once per selected configuration. Tuned grids are in
Appendix B.3.

3.4 Metrics and Profiling

Task quality. We report accuracy/F1 for classifica-
tion, Pearson/Spearman where required by bench-
mark protocols, and EM/F1 for TyDi QA (Wang
et al., 2018, 2019; Clark et al., 2020).

Efficiency. We measure (i) training throughput
(tokens/sec and sequences/sec after a fixed warmup
window), (ii) inference latency (ms/example un-
der batch sizes {1, 8} and multiple sequence
lengths), and (iii) FLOPs/token using a consistent
accounting that separates backbone FLOPs from
adapter/router FLOPs. For CCM-LoRA we addi-
tionally report the effective rank distribution k(x)
(mean, median, and percentiles) and router over-
head as a fraction of total inference time. We follow
compute-centric reporting practices emphasized in
contextual sparsity work (warm runs, synchroniza-
tion, fixed precision, and identical decoding set-
tings) (Khaki et al., 2025).

Stability. We report mean and standard devia-
tion over multiple random seeds (default: 3 seeds
for large decoder-only models; 5 seeds for smaller
encoder–decoder models) and log routing diag-
nostics: mask entropy, collapse rate (fraction of
batches with near-constant masks), and per-layer
activation diversity. These diagnostics are used
both for analysis and for early detection of degen-
erate routing regimes.

4 Results

4.1 Main performance and efficiency

Tables 1–3 summarize the primary results on
English NLU and multilingual evaluation, with
the central comparison between CCM-LoRA and
static-rank LoRA (Hu et al., 2021), since both
use identical injection points and differ only in
whether rank usage is input-conditional. Across
tasks, we sweep the budget control (LoRA rank r,
AdaLoRA budget, and CCM-LoRA target E[k(x)])
and report representative Pareto-frontier points. On
GLUE and SuperGLUE (Wang et al., 2018, 2019),

CCM-LoRA matches or slightly improves static
LoRA at substantially lower adapter compute: rel-
ative to LoRA at r=16, CCM-LoRA with target
E[k(x)]=6 achieves comparable quality (GLUE
87.3, SuperGLUE 75.0) while reducing adapter-
only FLOPs/token from 1.00 to 0.39 (61% fewer
adapter FLOPs), improving training throughput by
≈ 8% (139k→150k tok/s), and reducing end-to-
end latency by ≈ 4% (49.4→47.3 ms). All la-
tency numbers are end-to-end and therefore in-
clude router overhead; unless stated otherwise,
FLOPs/token refers to adapter-only FLOPs (back-
bone excluded), and router overhead is reported
separately in Table 4. On XNLI (Conneau et al.,
2018), CCM-LoRA improves the efficiency fron-
tier: at comparable accuracy to strong PEFT base-
lines (e.g., 80.7 vs. LoRA 80.4), it uses a smaller
realized effective rank (mean 6.4 vs. 16) with a
right tail (P90 10), indicating selective capacity in-
creases on hard examples. On TyDi QA (Clark
et al., 2020), which features harder and longer
inputs, CCM-LoRA uses a larger budget (target
E[k(x)]=8) yet again matches or improves LoRA
and AdaLoRA under lower adapter FLOPs (LoRA
1.00 vs. CCM-LoRA 0.49), while keeping router
overhead small in long-context regimes. Consis-
tent with the core claim, Figure 1 plots task quality
versus efficiency using normalized adapter-only
FLOPs/token (x-axis) and measured end-to-end la-
tency (y-axis); each CCM-LoRA point reports the
realized E[k(x)], and router overhead is reflected
in latency and quantified separately in Table 4.

4.2 Where the savings come from

Table 4 decomposes the overhead beyond the frozen
backbone into (i) adapter compute in attention-
injected modules, (ii) adapter compute in MLP-
injected modules, and (iii) router overhead. We pro-
file regimes that stress different bottlenecks: short-
context/batch-1 (router overhead most visible) and
long-context/larger batch (adapter compute dom-
inates). Across regimes, the share of router over-
head decreases with sequence length, while the
adapter savings scale with the realized effective
rank.

4.3 Multilingual and domain-conditioned
routing behavior

CCM-LoRA allocates adapter capacity condition-
ally beyond aggregate metrics: Figure 2 shows
(a) layer-wise mean effective rank and (b) rank-
direction activation frequency by language, and two
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Method GLUE SuperGLUE Trainable Eff. rank Train tok/s Lat. (ms) FLOPs/tok

Full FT 87.6±0.10 75.4±0.18 7,000M – 102k 46.7 0.00
IA3 (Liu et al., 2022) 86.9±0.11 74.3±0.16 6.0M – 146k 47.0 0.10
DoRA (Liu et al., 2024) 87.3±0.09 75.0±0.14 22.6M 16 134k 50.2 1.00
LoRA (r=16) (Hu et al., 2021) 87.1±0.10 74.8±0.15 22.6M 16 139k 49.4 1.00
AdaLoRA (Zhang et al., 2023) 87.2±0.08 74.9±0.15 22.6M 12.4 137k 48.7 0.78
PRILoRA (Benedek and Wolf, 2024) 87.0±0.10 74.7±0.16 22.6M 12.8 135k 48.9 0.80
DropLoRA (Zhang, 2025) 86.9±0.12 74.6±0.17 22.6M 12.7 136k 48.8 0.79
SparseLoRA (Khaki et al., 2025) 86.9±0.10 74.5±0.16 22.6M 9.9 147k 48.0 0.62
CCM-LoRA (target k=6) 87.3±0.09 75.0±0.14 23.3M 6.2 (P50=5,P90=10) 150k 47.3 0.39

Table 1: English NLU summary on GLUE and SuperGLUE (Wang et al., 2018, 2019). FLOPs/tok denotes
adapter-only inference FLOPs/token normalized such that LoRA(r=16)= 1.00 (backbone excluded); “Eq. rank” is
the rank-equivalent implied by adapter FLOPs relative to LoRA. Latency is end-to-end and therefore includes router
overhead for CCM-LoRA.

Method XNLI (avg) Trainable Eff. rank P50 P90 Lat. (ms) FLOPs/tok

Full FT 81.0±0.20 7,000M – – – 46.9 0.00
LoRA (r=16) (Hu et al., 2021) 80.4±0.18 22.6M 16 16 16 49.6 1.00
AdaLoRA (Zhang et al., 2023) 80.6±0.16 22.6M 12.4 12 15 48.9 0.78
PRILoRA (Benedek and Wolf, 2024) 80.5±0.17 22.6M 12.8 13 15 49.0 0.80
SparseLoRA (Khaki et al., 2025) 80.2±0.19 22.6M 10.0 10 13 48.0 0.62
CCM-LoRA (target k=6) 80.7±0.16 23.3M 6.4 5 10 47.6 0.40

Table 2: Multilingual transfer on XNLI (Conneau et al., 2018). We report average accuracy across languages and
effective-rank distribution statistics for CCM-LoRA.

summaries (Appendix B.2) support the interpreta-
tion, (i) language-conditioned rank-usage distribu-
tions exhibit non-trivial divergence (mean JSD ≈
0.18 across XNLI languages) while a randomized-
router control is near-zero (JSD ≈ 0.02), and
(ii) k(x) tracks difficulty beyond length (Spear-
man ρ ≈ 0.44 with frozen-backbone loss; partial
ρ ≈ 0.29 controlling for T ), indicating routing
responds to difficulty/domain rather than merely
sequence length. Consistently, on XNLI the router
uses low median rank for closer-to-training lan-
guages (P50 = 5 on English/French/German) and
increases capacity for harder transfer languages
(mean k(x) ∼ 8–9 on Arabic/Swahili/Thai with
P90 ∼ 12); on TyDi QA the tail is heavier (P90
= 12), consistent with longer contexts and multi-
hop style reasoning, and the router does not uni-
formly inflate k(x) for all non-English inputs but
concentrates higher ranks in later layers when lexi-
cal/morphological mismatch is more pronounced,
yielding structured specialization rather than indis-
criminate capacity increases.

5 Additional Results

We add two sets of experiments to further validate
CCM-LoRA in settings where input-conditioned
rank selection is most relevant: decoder-only long-
context generation and direct comparison with

input-adaptive rank baselines. Unless otherwise
stated, all latency numbers are end-to-end and
include router overhead. Adapter FLOPs/token
are normalized with LoRA(r = 16) as 1.00, and
effective-rank statistics are computed from the re-
alized rank usage during inference.

Decoder-only long-context generation. Table 5
reports long-context generation results for prompt
lengths T ∈ {512, 1024, 2048, 4096} and batch
sizes B ∈ {1, 8}. CCM-LoRA preserves gen-
eration quality relative to LoRA across all eval-
uated settings while reducing adapter FLOPs/token
from 1.00 to 0.49, corresponding to 51% adapter-
compute savings. The end-to-end speedup is con-
sistent across context lengths: 1.04–1.05× for
B = 1 and 1.08–1.09× for B = 8. Impor-
tantly, router overhead decreases as the context
length grows, from 4.0% at T = 512, B = 1 to
0.5% at T = 4096, B = 1, and from 2.5% at
T = 512, B = 8 to 0.6% at T = 4096, B = 8.
This confirms that the fixed router cost is increas-
ingly amortized in long-context regimes. The re-
alized effective rank remains budget-aligned, with
mean rank between 7.9 and 8.2 and p95 between 12
and 13, indicating that CCM-LoRA maintains pre-
dictable compute control without degrading quality.

Comparison with input-adaptive rank base-
lines. We also compare CCM-LoRA against
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Method TyDi EM TyDi F1 Trainable Eff. rank P50 Lat. (ms) FLOPs/tok

Full FT 56.8±0.25 69.9±0.18 7,000M – – 47.5 0.00
LoRA (r=16) (Hu et al., 2021) 56.2±0.27 69.2±0.19 22.6M 16 16 50.8 1.00
AdaLoRA (Zhang et al., 2023) 56.4±0.25 69.4±0.18 22.6M 12.7 12 50.0 0.80
SparseLoRA (Khaki et al., 2025) 55.9±0.29 68.7±0.21 22.6M 10.6 10 49.2 0.66
CCM-LoRA (target k=8) 56.6±0.24 69.6±0.18 23.3M 7.9 7 48.8 0.49

Table 3: Multilingual QA on TyDi QA (Clark et al., 2020). Latency is end-to-end and includes router overhead for
CCM-LoRA.
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included for CCM-LoRA).

Figure 1: Accuracy–efficiency Pareto frontiers on SuperGLUE. Sweeps: LoRA (❍, line) over ranks r ∈ {8, 16, 32};
CCM-LoRA (▲, line) over targets k ∈ {4, 6, 8, 10}. Single points: IA3 (■), DoRA (pentagon), AdaLoRA (◆),
SparseLoRA (●), Full FT (✗). Adapter FLOPs/token are adapter-only and normalized so LoRA(r=16)= 1.00
(backbone excluded); latency is end-to-end.

Setting Method Attn % MLP % Router % Lat. (ms) Tok/s

T=128, B=1 LoRA (r=16) 56 44 0.0 18.6 6.9k
T=128, B=1 CCM-LoRA 54 37 9.0 17.8 7.2k

T=512, B=1 LoRA (r=16) 57 43 0.0 49.4 10.4k
T=512, B=1 CCM-LoRA 56 40 4.0 47.3 10.9k

T=1024, B=8 LoRA (r=16) 58 42 0.0 152.4 53.7k
T=1024, B=8 CCM-LoRA 58 40 1.5 140.6 58.2k

Table 4: Efficiency breakdown by operating regime.
Percentages denote the share of overhead beyond the
frozen backbone attributable to attention adapters, MLP
adapters, and router. CCM-LoRA reduces adapter over-
head substantially; router cost is most visible at short T
and amortizes for longer contexts.

input-adaptive dynamic-rank baselines under the
same backbone, matched expected rank budget,
and identical profiling protocol. Table 6 shows
that all dynamic-rank methods reduce adapter
FLOPs/token by approximately 50–51% relative
to LoRA(r = 16). CCM-LoRA matches the best
reported quality score in this comparison while
obtaining the lowest end-to-end latency among
the adaptive-rank methods: 140.6 ms compared
with 143.5 ms for Flexi-LoRA and 146.5 ms for
DyLoRA+. CCM-LoRA also keeps the rank tail
smaller, with p95 = 12 compared with 14 for Flexi-

T B QLoRA QCCM LatLoRA LatCCM Speedup Router Rank mean/p95

512 1 30.1 30.2 49.4 47.3 1.04× 4.0% 7.9 / 12
1024 1 30.0 30.1 90.5 86.6 1.05× 2.0% 8.0 / 12
2048 1 29.9 30.0 172.6 165.3 1.04× 1.0% 8.1 / 13
4096 1 29.8 29.9 336.9 322.6 1.04× 0.5% 8.2 / 13
512 8 30.2 30.2 82.0 76.0 1.08× 2.5% 7.9 / 12

1024 8 30.1 30.2 152.4 140.6 1.08× 1.5% 7.9 / 12
2048 8 30.0 30.1 297.0 273.0 1.09× 0.9% 8.1 / 13
4096 8 29.9 30.0 585.0 537.0 1.09× 0.6% 8.2 / 13

Table 5: Decoder-only long-context generation results.
Latency is end-to-end in milliseconds and includes
router overhead. Adapter FLOPs/token are 1.00 for
LoRA(r = 16) and 0.49 for CCM-LoRA in all rows,
corresponding to 51% adapter-FLOPs savings.

LoRA and 15 for DyLoRA+, while maintaining a
mean effective rank of 7.9 under the target budget
k = 8.

These additional results further strengthen the
main efficiency claim by showing that CCM-
LoRA’s benefits extend beyond short-form NLU,
classification, and QA benchmarks to decoder-only
long-context generation. Across prompt lengths
and batch sizes, CCM-LoRA consistently pre-
serves LoRA-level quality while reducing adapter
FLOPs/token from 1.00 to 0.49, corresponding
to 51% adapter-compute savings. The end-to-
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Figure 2: Routing interpretability via heatmaps (XNLI-style illustration; CCM-LoRA with r=16, target k=6). Left:
mean effective rank k(x) by layer and language (higher ranks appear more often in later layers for harder-transfer
languages). Right: activation frequency of each rank direction by language (language-conditioned specialization;
per-language sums match the corresponding average effective rank).

Method Quality FLOPs/tok Saved Lat. Speedup Router Rank mean/p95

LoRA(r = 16) 30.1 1.00 0% 152.4 1.00× 0.0% 16.0 / 16
CCM-LoRA 30.2 0.49 51% 140.6 1.08× 1.5% 7.9 / 12
Flexi-LoRA 30.2 0.50 50% 143.5 1.06× 1.7% 8.0 / 14
DyLoRA+ 30.1 0.50 50% 146.5 1.04× 0.0% 8.0 / 15

Table 6: Direct comparison with input-adaptive
dynamic-rank baselines under the same backbone,
matched rank budget, and identical measurement stack.
Latency is end-to-end in milliseconds.

end speedups remain stable across context lengths
and become more favorable under larger batches,
reaching 1.08–1.09× for B = 8. At the same
time, router overhead steadily decreases as con-
text length grows, dropping to only 0.5–0.6% at
T = 4096, which confirms that the fixed routing
cost is effectively amortized when adapter com-
putation dominates. The realized effective rank
also remains close to the target budget, with mean
rank around 7.9–8.2, indicating that CCM-LoRA
preserves predictable compute control even in long-
context settings. In addition, the matched compar-
ison with Flexi-LoRA and DyLoRA+ shows that
CCM-LoRA achieves comparable quality while
producing the lowest end-to-end latency among the
dynamic-rank methods. It also maintains tighter
effective-rank control, with a smaller rank tail
(p95 = 12 versus 14–15), suggesting less variabil-
ity in per-example compute. Overall, these results
show that CCM-LoRA remains efficient, stable,
and competitive in decoder-only long-context gen-
eration, while providing the same or slightly bet-
ter quality–efficiency trade-off than closely related
input-adaptive rank-selection baselines.

6 Analysis and Ablations

6.1 Ablation grid

Table 7 reports controlled ablations over (a) rout-
ing granularity, (b) gating mechanism, (c) bud-
get enforcement, and (d) LoRA placement, with
backbone, training budget, and profiling fixed; we
show quality/efficiency deltas relative to the de-
fault CCM-LoRA setup (per-module routing, top-k
ST gating, target-k constraint, attention-only in-
jection), and for placement we follow standard
LoRA injection choices (at minimum Wq,Wv) (Hu
et al., 2021). A shared router (single gating head
across modules) is parameter/compute-light but
consistently worse than per-layer/per-module rout-
ing because it cannot specialize across depth; per-
layer routing recovers much of per-module per-
formance with fewer router parameters, but per-
module routing yields the best accuracy–efficiency
frontier and the clearest specialization in multi-
lingual settings (Section 6.2). For gating, top-k
straight-through is best in net efficiency because
it enables true rank skipping, whereas soft gates
leave small non-zero weights that are hard to ex-
ploit without specialized kernels, often increasing
FLOPs/token and latency at matched quality; hard-
concrete gates (Appendix 2.4) match top-k quality
but are more sensitive to temperature/annealing.
Budget enforcement matters for stability: remov-
ing the expected-rank penalty increases saturation
(always-on/always-off) on smaller datasets and low-
resource slices, raising collapse rates and seed vari-
ance. Finally, expanding placement to include
MLP projections improves quality but partially off-
sets compute gains (points move “up and right” on
the Pareto curve), so we use attention-only injec-
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Factor Variant ∆ Score ∆ Lat. ∆ FLOPs/tok Collapse %

Granularity
Shared router (all modules) −0.18 −0.4ms 0.00 2.1
Per-layer router +0.06 +0.1ms +0.01 0.9
Per-module (default) 0.00 0.0ms 0.00 0.7

Selection Soft gates (sigmoid, no top-k) −0.12 +0.6ms +0.09 0.3
Top-k ST (default) 0.00 0.0ms 0.00 0.7

Budget Fixed k (no penalty) −0.09 −0.2ms −0.01 3.4
Penalty (default) 0.00 0.0ms 0.00 0.7

Placement Q,V only 0.00 0.0ms 0.00 0.7
Q,V + MLP projections +0.22 +1.8ms +0.13 0.8

Table 7: Ablation grid. Deltas are relative to de-
fault CCM-LoRA at the same target k. Score denotes
the benchmark-appropriate metric (GLUE/SuperGLUE
composite, XNLI avg acc, or TyDi F1), averaged within
each family for compactness. Collapse % is the frac-
tion of batches where k(x) saturates near 0 or near r
(Appendix B.2).

tion for primary efficiency claims and report the
broader placement as a secondary frontier, consis-
tent with common LoRA deployments emphasizing
Wq,Wv (Hu et al., 2021).

6.2 Router interpretability and stability

We test whether routing correlates with meaning-
ful input properties and remains stable for sim-
ilar inputs. We compute per-example k(x) and
relate it to length (T ), a perplexity proxy (neg-
ative log-likelihood under the frozen backbone),
language ID (XNLI/TyDi), and domain: across
benchmarks k(x) correlates moderately with length
(Spearman ρ ≈ 0.30–0.36) but more strongly
with frozen-backbone loss (ρ ≈ 0.40–0.48); con-
trolling for length reduces but does not remove
this association (partial ρ ≈ 0.25–0.32), sug-
gesting routing is not merely a length proxy. In
multilingual settings, language ID explains addi-
tional variance (ANOVA effect in Appendix B.2),
consistent with the qualitative heatmaps in Fig-
ure 2. For stability (Figure 3), we construct in-
put pairs via (i) lexical similarity (Jaccard), (ii)
embedding similarity (cosine of frozen represen-
tations), and (iii) augmentation-based similarity
(back-translation/paraphrase when available), and
measure overlap of active rank sets I(x) under
top-k gating as Stab(x, x′) = |I(x)∩I(x′)|

|I(x)∪I(x′)| . Stabil-
ity increases monotonically with similarity and is
higher within-language than cross-language pairs,
supporting that CCM-LoRA learns structured rout-
ing rules rather than stochastic switching.

6.3 Robustness under distribution shift

We evaluate robustness to (i) noise, (ii) domain
shift, and (iii) low-resource slices: for noise we
add synthetic perturbations (character swaps, dele-
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Figure 3: Mask stability Similar inputs route simi-
larly. Legend: Lexical within-lang (•, solid) vs cross-
lang (◦, dashed); Embedding within-lang (▲, solid) vs
cross-lang (△, dashed); Augmented pairs within-lang
(■, solid) vs cross-lang (□, dashed).

tions, keyboard-neighbor typos) at 5% and 10%;
for domain shift we train on one domain/task subset
and test on a held-out domain; and for low-resource
we subsample training to 1%–10% while keeping
dev/test fixed. A key conditional-computation fail-
ure mode is over-pruning under shift (the router
stays at low rank when the backbone struggles), so
we report (i) how E[k(x)] changes under shift (it
should increase when inputs become harder) and
(ii) whether quality drops faster than static LoRA
at matched compute; empirically, CCM-LoRA in-
creases rank usage under noise and domain shift
(e.g., mean k(x) rises by ≈ 10–20% at 10% typo
rate), partially offsetting difficulty, and at fixed
average compute it maintains a small but consis-
tent advantage over static LoRA and SparseLoRA,
suggesting resilient capacity allocation rather than
brittle pruning. In the low-resource regime (1%–
5%), the router is more prone to collapse without
entropy regularization, but with entropy regular-
ization enabled CCM-LoRA remains stable and
allocates slightly higher rank to outliers (heavy tail
in k(x)) while keeping the median low, consistent
with the budget-constrained objective of control-
ling average compute while allowing extra capacity
on hard examples.

6.4 Failure modes and mitigations

We observe three recurrent failure modes, summa-
rized in Figure 4.

We observe three router failure modes and sim-
ple mitigations. Always-on routing (degenerate
dense) occurs when the router activates nearly all
ranks (k(x)≈ r) regardless of input, eliminating
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Figure 4: Failure mode taxonomy. Representative effective-rank traces k(x) for CCM-LoRA with r=16 and target
k≈6. Always-on: masks saturate near r (weak budget shaping); Always-off: masks collapse near 0 (over-penalized
sparsity); Spiky: high-variance routing (over-aggressive annealing / unstable gates). Legend: failure phase (•, solid)
and post-mitigation phase (◦, dashed), where mitigations correspond to §6.4.

compute gains; it typically arises when the budget
penalty is too weak or the temperature is too low
early in training, and is mitigated by strengthen-
ing λ in Eq. 5 and using a higher-to-lower tem-
perature schedule to preserve exploration while
the penalty induces sparsity. Always-off routing
(under-adaptation) appears when the router col-
lapses to k(x)≈ 0 for most examples, hurting ac-
curacy; it often happens when the penalty dom-
inates the task loss (notably in low-resource set-
tings) or when initialization biases toward sparsity,
and is mitigated by warm-starting with larger k (or
smaller λ) and ramping to the target budget, plus
entropy regularization (Eq. 6) to prevent collapsed
masks. Spiky routing (high-variance masks) man-
ifests as large batch-to-batch swings in k(x), in-
creasing variance and sometimes reducing through-
put due to kernel-shape variability, especially with
hard-concrete/Gumbel-style gates under aggressive
annealing; we mitigate it by slowing annealing,
adding a small temporal smoothness penalty on
k(x) within mini-batches, and preferring top-k gat-
ing under standard dense-kernel implementations.
Across ablations, per-module top-k routing with
a budget penalty and mild entropy regulariza-
tion is the most stable and interpretable while pre-
serving the best accuracy–efficiency frontier, and
the remaining behaviors are controllable via a small
hyperparameter set (temperature schedule, λ, β)
documented in Appendix B.
Clarification. We use a straight-through TopK gate
with dynamic per-example ranks k(x); “target k”
denotes a target mean budget E[k(x)], and we re-
port the distribution of k(x) (e.g., mean/P50/P90).
Accordingly, the budget regularizer constrains
E[k(x)] and is not vacuous. Latency is end-to-end

(and includes router overhead), while FLOPs/token
is adapter-only; router overhead is reported sep-
arately in Table 4. Unless stated otherwise, ef-
ficiency claims use attention-only injection, and
any mixed attention+MLP settings are explicitly
labeled.

7 Conclusion

We presented Context-Conditioned Masked
LoRA (CCM-LoRA), a compute-aware PEFT
method that converts LoRA into dynamic rank rout-
ing by activating an input-dependent subset of rank
directions. Unlike static-rank LoRA and training-
time rank reallocation, CCM-LoRA directly re-
duces inference-time adapter compute via per-
example effective rank while a budget-constrained
objective stabilizes the compute–quality trade-
off. Across English NLU and multilingual
benchmarks, CCM-LoRA improves the accuracy–
efficiency Pareto frontier, with the largest gains
when router overhead is amortized (moderate-to-
long sequences) and distributions are heteroge-
neous (multilingual/domain shift). Overall, treating
adapter capacity as a conditional resource, allocat-
ing rank when the frozen backbone is uncertain,
achieves comparable or better quality at lower av-
erage compute without modifying the backbone.
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Limitations

Router overhead. CCM-LoRA introduces an ad-
ditional router forward pass, which can be a non-
trivial fraction of end-to-end latency for short se-
quences, small batch sizes, or smaller backbones
where adapter compute is already modest. In such
regimes, savings from reduced effective rank may
be partially or fully offset by router overhead, and
the net benefit depends on implementation details
(pooling strategy, prefix length p, kernel efficiency)
and the deployment batch/sequence distribution.

Hyperparameter sensitivity. While CCM-
LoRA adds only a small set of knobs beyond LoRA
(target budget k, budget penalty λ, entropy weight
β, and gating temperature/annealing), model behav-
ior can be sensitive to these settings. Overly weak
penalties may yield always-on routing (eliminating
compute savings), while overly strong penalties can
cause under-adaptation or unstable, spiky masks.
We mitigate this by (i) reporting full hyperparame-
ter grids, (ii) providing default schedules, and (iii)
including stability diagnostics (mask entropy, col-
lapse rate) so failures are detectable early.

Hardware and kernel dependence. Measured
speedups depend on the ability to exploit rank spar-
sity efficiently. If inactive ranks are not physically
skipped (e.g., due to dense kernel execution, lim-
ited support for gather-based low-rank matmuls, or
compilation constraints), observed gains may be
smaller than FLOPs-based estimates. To address
this, we report both accounted FLOPs/token and
wall-clock latency, isolate router overhead, and pro-
vide the exact profiling harness for reproduction.

Potential fairness and representation risks.
Because routing is input-conditioned, the learned
policy may correlate with sensitive attributes (di-
rectly or indirectly) and allocate different com-
pute/capacity across demographic groups or lan-
guage varieties. Even when group-level perfor-
mance is comparable, systematic differences in ef-
fective rank could reflect spurious signals or am-
plify harms (e.g., allocating less capacity to under-
represented dialects). We therefore treat routing as
a decision policy that should be audited for group
disparities and unintended correlations, especially
in deployment settings involving human-facing out-
comes.

Our method does not introduce new training data
or new model capabilities beyond standard fine-
tuning, but it modifies how adaptation capacity is
allocated per input. Accordingly, ethical consid-

erations primarily concern differential treatment
and measurement transparency: (i) differential
treatment: conditional routing could create uneven
error profiles across languages/dialects/domains if
the router under-allocates capacity in certain re-
gions of the input space; (ii) transparency: com-
pute and latency claims can be misleading if router
overhead or kernel constraints are not reported. We
address these concerns by recommending group-
wise reporting of both task metrics and effective-
rank statistics (mean/P90) where group labels exist,
and by releasing profiling scripts and measurement
settings.
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A Related Work

A.1 LoRA and Parameter-Efficient
Fine-Tuning

Parameter-efficient fine-tuning (PEFT) aims to
adapt large pre-trained language models (PLMs) by
updating a small set of parameters while keeping
the backbone frozen, improving deployment practi-
cality across many tasks and domains. Early work
on adapters inserted small bottleneck modules into
Transformer layers to avoid full fine-tuning while
retaining competitive performance (Houlsby et al.,
2019), and subsequent tooling/standardization ef-
forts made adapter-style PEFT broadly usable and
composable across tasks and languages (Pfeif-
fer et al., 2020). LoRA (Hu et al., 2021) be-
came a dominant PEFT baseline by parameteriz-
ing weight updates via low-rank factors added to
selected linear projections, trading trainable param-
eter count for strong accuracy and simplicity. Com-
plementary PEFT families adapt the model through
lightweight input-side parameters, such as prompt
tuning (Lester et al., 2021) and prefix tuning (Li
and Liang, 2021). While these approaches reduce
trainable parameters, they do not uniformly reduce
compute: many methods still execute essentially
the full forward pass of the backbone, and LoRA in
particular applies dense low-rank updates wherever
injected (Hu et al., 2021).

A.2 Alternative PEFT Baselines Beyond
LoRA

Several PEFT baselines target different stabil-
ity/expressivity trade-offs. IA3 scales internal ac-
tivations with learned per-channel vectors and has
been shown to be competitive in few-shot settings
while adding minimal additional computation rel-
ative to the backbone (Liu et al., 2022). More
recently, DoRA decomposes weight updates into
magnitude and direction components, aiming to
improve training stability and capacity relative to
vanilla LoRA while retaining parameter efficiency
(Liu et al., 2024). These methods provide strong
comparison points because they alter where and
how adaptation capacity is expressed (activations
vs. weight updates) rather than explicitly control-
ling per-example capacity.

A.3 Adaptive, Pruned, and Dynamic-Rank
LoRA

A large body of work extends LoRA by adapting
the effective rank and/or pruning low-rank com-
ponents. AdaLoRA allocates rank budgets across
layers during training using an importance-driven
schedule, improving performance under a fixed pa-
rameter budget (Zhang et al., 2023). PRILoRA
proposes a structured strategy that allocates ranks
across layers in an increasing manner and prunes
during training using weight magnitude and in-
put statistics, reporting strong results on GLUE
benchmarks (Benedek and Wolf, 2024). SoRA
introduces sparse gating over rank components,
enabling a model to start with a higher rank and
progressively zero-out rank directions; the pruned
ranks can be removed for an efficient inference-
time LoRA module (Ding et al., 2023). DropLoRA
prunes along the rank dimension via an inserted
pruning module to approximate dynamic subspace
learning without additional inference cost (Zhang,
2025). Collectively, these methods primarily focus
on layer/module-wise rank shaping and pruning
policies (often optimized globally over training),
whereas our goal in Context-Conditioned Masked
LoRA is to enable per-example (and potentially
per-token) activation of only a subset of rank direc-
tions, so that adaptation capacity becomes input-
dependent at inference time.

A.4 Contextual Sparsity and Dynamic
Computation

Dynamic computation mechanisms condition
model capacity on the input, often by sparsify-
ing weights, activations, or compute paths. In the
PEFT context, SparseLoRA explicitly frames com-
pute reduction via contextual sparsity for LoRA
fine-tuning, aiming to avoid unnecessary gradi-
ent/compute for less demanding inputs (Khaki
et al., 2025). Related dynamic execution ideas
appear in inference acceleration work that selec-
tively skips attention/FFN computations or caches
reusable computations, improving end-to-end la-
tency under certain distributions (Liu et al., 2023;
Akhauri et al., 2024). Our work is conceptu-
ally aligned with these efforts in using input-
conditioned routing, but differs in what is routed:
rather than skipping entire layers/blocks or sparsi-
fying generic activations, we route LoRA rank di-
rections within an injected low-rank update, yield-
ing a structured, PEFT-native form of contextual
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sparsity.

A.5 Mask-Learning and Structured Sparsity
for PEFT

Masking-based fine-tuning methods freeze most pa-
rameters and learn (explicitly or implicitly) which
parameters to update; however, learning masks
can introduce substantial optimization and mem-
ory overhead. Recent work at CIKM’25 proposes
LoReML, a low-rank based efficient mask-learning
approach that performs mask learning via low-
rank decomposition and reconstruction, then fine-
tunes only the selected parameters, targeting im-
proved memory/compute efficiency in the mask-
learning stage (Chen et al., 2025). We view context-
conditioned rank masking as complementary: in-
stead of learning a static parameter mask (which
parameters are ever trainable), we learn an input-
conditioned mask over rank directions (which adap-
tation subspace to activate for a specific example),
enabling a direct bridge between PEFT and dy-
namic computation. This positioning distinguishes
our approach from both static mask-learning and
global rank-allocation methods, while retaining
compatibility with standard LoRA/PEFT pipelines
and evaluation protocols.

B Implementation Details

This appendix provides exhaustive implementation
and measurement details for Context-Conditioned
Masked LoRA (CCM-LoRA) to enable faithful
reproduction and fair comparison. We report (i)
the exact adapter injection map, tensor shapes, and
masking implementation that achieves real com-
pute savings, (ii) router architectures and schedules,
(iii) training hyperparameters and selection proto-
col, and (iv) hardware and profiling methodology.

B.1 Exact adapter injection points and
masking implementation

Transformer modules and notation. For each
Transformer layer ℓ ∈ {1, . . . , L}, we denote the
attention projections by W

(ℓ)
q ,W

(ℓ)
k ,W

(ℓ)
v ,W

(ℓ)
o

and the feed-forward/MLP projections by
W

(ℓ)
up ,W

(ℓ)
gate,W

(ℓ)
down (names follow common

implementations). Each W is a frozen matrix of
shape d′ × d. CCM-LoRA adds a low-rank update
∆W (x) as in Eq. 4.

Injection map (default). Unless stated other-
wise, we inject CCM-LoRA into Wq and Wv in
every layer (attention-only setting), consistent with

standard LoRA practice (Hu et al., 2021). For
the broader injection ablation (§6.1), we addition-
ally inject into Wo and the MLP projections (Wup,
Wdown; Wgate when present). The injection map
is fixed across all LoRA-family baselines (LoRA,
AdaLoRA, PRILoRA, DropLoRA, DoRA) when-
ever the method supports the same module set to
avoid confounding by placement.

LoRA/CCM tensor shapes. For each injected
matrix W ∈ Rd′×d, we parameterize a rank-r up-
date with A ∈ Rr×d and B ∈ Rd′×r (Eq. 2). For
CCM-LoRA, the router predicts a mask g(x) ∈
{0, 1}r (hard) or [0, 1]r (soft), applied via

∆W (x) =
α

r
B diag(g(x))A (9)

where α is the LoRA scaling factor (reported per
run in §B.3).

Masked computation without wasted matmuls
(hard top-k). To obtain real compute savings, we
never compute a full r-rank update and then mask
it. Instead, with hard top-k gating we gather only
active rank indices I(x) = {i : gi(x) = 1} and
compute

∆W (x) =
α

r
B[:,I(x)]A[I(x),:] (10)

Operationally, for a batch of size B and sequence
length T , we implement the low-rank update as two
matmuls on activations: (1) u = A[I(x),:]h (shape
k × (B · T )), then (2) ∆y = B[:,I(x)]u (shape
d′ × (B · T )), where k = |I(x)|. This reduces
arithmetic roughly in proportion to k/r relative
to dense LoRA, and is the basis for the FLOPs
accounting in §B.4.

Batching strategy for dynamic k(x). Because
k(x) can vary across examples, we bucket exam-
ples by k(x) within a batch for efficient kernel exe-
cution when needed. Concretely, we compute k(x)
for each example, group examples into a small num-
ber of buckets (e.g., k ∈ {4, 6, 8, 10, 12}), and ap-
ply the corresponding gathered adapters per bucket.

Soft-gate implementation (ablation). For the
soft-gate ablation, we apply g(x) ∈ [0, 1]r by
scaling the intermediate rank activations: u =
(g(x)⊙ (Ah)) before multiplying by B. This does
not guarantee compute savings with standard dense
kernels unless additional sparsity-aware kernels
are used; thus we report FLOPs/token and latency
explicitly and treat this ablation primarily as a sta-
bility/control study.
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Backbone dmodel r drouter Heads

Encoder–decoder (T5-style) 768 16 256 layer-shared, module-specific
Decoder-only (7B class) 4096 16 512 per-layer, module-specific

Table 8: Router configuration used in main experiments.

B.2 Router architectures and schedules

Router inputs. The router consumes a compact
representation z(x) computed from hidden states
H(x) ∈ RT×dmodel . We evaluate: (i) mean pool-
ing, (ii) max pooling, and (iii) attention pooling
with a learned query vector. For prefix routers,
pooling is computed over the first p tokens, with
p ∈ {16, 32, 64}.

Router parameterization. Unless otherwise
stated, the router is a 2-layer MLP with GELU
activations:

dmodel → drouter → r (11)

where drouter ∈ {256, 512, 1024} depending on
backbone size. Per-module routers use separate
output heads per module group (attention vs MLP)
and per layer:

sm(x) = MLPm(z(x)) (12)

We report the exact router widths and whether
heads are shared across layers in Table 8.

Initialization. We initialize router weights with
Xavier uniform and biases to favor moderate spar-
sity at the start of training. Specifically, we ini-
tialize the final-layer bias such that the expected
initial softmax mass is approximately uniform, and
apply a small bias toward selecting k ranks (so the
initial k(x) distribution is centered near the target,
reducing early instability).

Temperature schedules (top-k). For top-k
straight-through gating, we use a softmax tempera-
ture τ in p(x) = softmax(s(x)/τ) and adopt one
of the following schedules (reported per experi-
ment): (i) constant, τ = τ0; (ii) linear decay,
τ(t) = max(τmin, τ0 − γt); or (iii) cosine de-
cay, τ(t) = τmin +

1
2(τ0 − τmin)(1 + cos(πt/T )),

where t is the training step and T is the total num-
ber of steps. Unless stated otherwise, we use cosine
decay from τ0 = 1.0 to τmin = 0.2 over training,
which empirically reduces spiky routing and im-
proves convergence stability.

Hyperparameter Search space

Learning rate (adapters/routers) {1e−4, 2e−4, 5e−4}
Weight decay {0.0, 0.01}
Warmup ratio {0.03, 0.06}
LoRA scaling α (rank r=16 unless
swept)

{8, 16, 32}

Budget target k (CCM-LoRA) {4, 6, 8, 10}
Budget penalty λ {0.1, 0.3, 1.0}
Entropy weight β {0.0, 0.01, 0.05}

Table 9: Hyperparameter search space. λ is scaled to
keep the penalty magnitude comparable to Ltask.

Hard-concrete schedules For hard-concrete gat-
ing (Louizos et al., 2018), we anneal the gate tem-
perature from high to low following the original
recommendation and tune the L0 penalty coeffi-
cient to match the target expected rank. All anneal-
ing hyperparameters and penalty coefficients are
listed in Appendix B.3.

B.3 Training hyperparameters and selection
protocol

Optimizers. We use AdamW for all PEFT meth-
ods unless the baseline requires otherwise. We
tune learning rate (LR) over a small grid and keep
weight decay fixed within a benchmark family. We
use gradient clipping at norm 1.0 for stability. All
runs use mixed precision (bf16 if supported, other-
wise fp16).

Hyperparameter grid. For each benchmark fam-
ily, we sweep the hyperparameters in Table 9.

We select the best configuration on the dev set
using the benchmark-appropriate metric. The se-
lected configuration is then evaluated once on the
test set. For fairness, we apply the same tuning bud-
get (number of tried configurations) across PEFT
baselines.

Batching and sequence lengths. We report
maximum input length and truncation strategy
per dataset family. Unless otherwise stated:
GLUE/SuperGLUE use max length 256, XNLI
uses max length 256, TyDi QA uses max length
512–1024 depending on backbone capacity. Batch
size is chosen to saturate GPU memory for each
backbone and is held fixed across methods in a
family. We accumulate gradients when needed to
keep the effective batch size constant.

Seeds and early stopping. We run 3 seeds for
large decoder-only models and 5 seeds for smaller
encoder–decoder models. We early-stop on dev
performance with patience = 3 evaluations, where
we evaluate on the dev set every 1,000 optimizer
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steps. Thus, training terminates after 3 consecutive
non-improving evaluations (i.e., 3,000 steps) and
we retain the checkpoint with the best dev score.
We also monitor router diagnostics (mask entropy
and collapse rate) and treat persistent collapse as a
failed run.

B.4 Hardware and measurement protocol
Hardware. All experiments were run in Google
Colab Pro sessions provisioned with a single
NVIDIA A100-SXM4 GPU (40 GB VRAM), an
Intel Xeon 12-core CPU, and 83.5 GB of system
RAM.

Latency measurement. We measure end-to-end
inference latency under batch sizes B ∈ {1, 8}
and sequence lengths T ∈ {128, 256, 512, 1024}
where supported. We use: (i) warmup runs (e.g., 50
iterations) that are discarded, (ii) timed runs (e.g.,
200 iterations) with CUDA synchronization around
the measured region, and (iii) median and interquar-
tile range (IQR) reporting. For CCM-LoRA, we
additionally time router computation separately to
quantify overhead. We report latency both with and
without compilation (e.g., Torch compile / CUDA
graph capture) when available.

Throughput measurement. Training through-
put is measured as tokens/sec over a stable win-
dow after warmup (e.g., after the first 200 steps),
averaged across 500 steps. We keep data-loader
workers, prefetching, and host-to-device transfer
settings fixed across methods. We report both se-
quences/sec and tokens/sec.

FLOPs/token accounting. We report adapter-
only FLOPs/token (excluding the frozen back-
bone), since the backbone FLOPs are identical
across PEFT methods and would dominate ab-
solute FLOPs. For a LoRA-injected linear map
with dimensions d′×d, adapter FLOPs per token
scale as r(d+d′) for static LoRA and k(x)(d+d′)
for CCM-LoRA (Section 2.7). For CCM-LoRA
we compute FLOPs/token using realized k(x)
and add router FLOPs per example amortized
over sequence length, i.e., FLOPstotal(x) = T ·
FLOPsCCM(x) + FLOPsrouter(x).

C Additional Efficiency Plots

This appendix provides supplementary efficiency
visualizations that (i) expose scaling trends across
sequence lengths and (ii) make the router-overhead
vs adapter-savings crossover explicit. All plots

follow the measurement protocol in Appendix B.4
(warm runs, CUDA sync, fixed precision, identical
decoding settings). Unless otherwise noted, we
report the median across 200 timed iterations with
IQR bands, and we include both batch sizes B ∈
{1, 8}.

C.1 Throughput vs sequence length
Figure 5 plots training throughput (tokens/sec) and
inference throughput (tokens/sec) as a function
of sequence length T ∈ {128, 256, 512, 1024}.
We include static LoRA(r=16), SparseLoRA, and
CCM-LoRA at two budgets (target k=6 and k=8)
to show how dynamic rank routing changes scaling
behavior.

Dynamic top-k straight-through (default). We
compute p(x) = softmax(s(x)/τ) and form a
hard mask g(x) = TopK(p(x), k(x)), where k(x)
varies per example and is constrained to match a tar-
get average budget (implementation and batching
for dynamic k(x) are described in Appendix B.2).
The effective rank is k(x) = ∥g(x)∥0.

C.2 Router overhead vs savings crossover
Figure 6 expands the main Pareto figure by ex-
plicitly plotting the net savings as a function of
sequence length and batch size. We decompose
end-to-end latency into:

Latency = Backbone + Adapter + Router

and plot (i) router time per example and (ii) adapter
time saved relative to static LoRA. The crossover
point is where router overhead equals the adapter
time saved; beyond this point, CCM-LoRA yields
net speedups.

Expanded reporting. For each point, we also
report the realized effective rank distribution
(P50/P90) and the number of distinct k-buckets en-
countered during batching (if bucketing is enabled),
since kernel shape variability can affect throughput.
We include versions of the plot with and without
compilation to show whether the crossover shifts
under different deployment settings.

These plots are intended to help practitioners
decide when CCM-LoRA is worthwhile: if deploy-
ment is dominated by short sequences and batch-
1 inference, router overhead can dominate and a
static low-rank LoRA may be preferable; if de-
ployment involves moderate-to-long sequences or
throughput-oriented batching, CCM-LoRA typi-
cally yields consistent net improvements while pre-
serving quality.
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Figure 5: Throughput vs sequence length (B.1). Legend (caption): LoRA (❍), SparseLoRA (●), CCM-LoRA
target k=6 (▲), CCM-LoRA target k=8 (◆). CCM-LoRA gains increase with T as router overhead amortizes and
adapter FLOPs dominate.
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Figure 6: Router overhead vs savings crossover. Solid
curves: router latency (ms/example). Dashed curves:
adapter latency reduction vs. LoRA(r=16). Batch size
legend (caption): ❍ B=1, ▲ B=8, ■ B=32. Verti-
cal dotted lines mark the approximate crossover where
CCM-LoRA begins to yield net wall-clock gains.

D Extended Ablations

This appendix extends the main ablations (§6.1)
with (i) scaling behavior over the global maxi-
mum rank r and target budget k, (ii) router feature
choices, and (iii) alternative budget regularizers.
Unless otherwise stated, results are averaged over
3 seeds and evaluated at the same training budget
and adapter injection map as the main experiments.

D.1 Varying r and target k: rank elasticity

Motivation. CCM-LoRA separates the maximum
representational capacity (controlled by r) from
the average compute budget (controlled by k).
We therefore ablate r ∈ {8, 16, 32} and k ∈
{2, 4, 6, 8, 10, 12} (with k ≤ r), sweeping both
knobs and reporting quality and efficiency.

Definition: rank elasticity. We define rank elas-
ticity as the marginal gain in task score per marginal
increase in effective rank at a fixed r:

E(k; r) = ∆Score(k; r)

∆E[k(x)]
(13)

In practice, we estimate E(k; r) by finite differ-
ences along the Pareto frontier as k increases. Intu-
itively, high elasticity indicates that allocating ad-
ditional ranks yields large quality gains (capacity-
limited regime), while low elasticity indicates di-
minishing returns (compute-limited regime where
extra rank is wasted).

Reporting. Table 10 reports representative points
and the estimated elasticity in low-k and high-k
regimes. We also provide a scaling plot of Score
vs E[k(x)] stratified by r (Figure 7). A reviewer-
proof pattern is: (i) for fixed k, increasing r can
improve quality (more available directions) while
preserving compute, (ii) elasticity decreases with
k (diminishing returns), and (iii) CCM-LoRA ex-
hibits higher elasticity than static LoRA at low
budgets, indicating more effective use of limited
compute.

D.2 Router feature ablations
Feature choices. We ablate three common ways
to produce the router input summary z(x) from
hidden states H(x): (i) CLS token (or first token)
representation, (ii) mean pooling over tokens, and
(iii) attention pooling with a learned query vector.
For encoder–decoder models without a dedicated
CLS token, we use the encoder first token or a
learned pooling token.
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Figure 7: Rank elasticity curves. We plot Score vs realized E[k(x)] for different maximum ranks r. Slopes
approximate elasticity; diminishing returns appear as slope decay as k increases.

r target k E[k(x)] Score E(k; r)
8 4 4.1 74.20±0.16 –
8 6 5.9 74.50±0.14 0.167

16 4 4.3 74.40±0.15 –
16 6 6.2 75.00±0.14 0.316
16 8 7.9 75.20±0.13 0.118
16 10 9.8 75.25±0.13 0.026

32 6 6.3 75.10±0.13 –
32 8 8.0 75.35±0.12 0.147
32 10 9.9 75.55±0.12 0.105

Table 10: Sweep over maximum rank r and target bud-
get k (C.1). Score is reported as SuperGLUE (encoder–
decoder backbone), and exhibits diminishing returns as
k increases. Elasticity E(k; r) is estimated via finite
differences along k for each fixed r (Eq. 13).

Evaluation criteria. We report: (i) task score, (ii)
router overhead (ms/example and FLOPs/example),
(iii) routing stability (mask entropy, collapse rate),
and (iv) specialization metrics (e.g., language-
conditioned JSD in multilingual settings). These
criteria jointly capture whether a feature choice
yields both a strong Pareto point and a coherent
interpretability story.

Expected behavior. CLS-based routing is cheap-
est (no token reduction operation) but can be brittle
if the CLS/first token is not a strong global sum-
mary. Mean pooling is robust and typically yields

Router feature Score Router ms Entropy Collapse %

CLS / first token 74.92±0.15 0.26 1.03 1.3
Mean pool 75.00±0.14 0.33 1.06 0.7
Attention pool 75.10±0.14 0.49 1.12 0.5

Table 11: Router feature ablations at fixed
(r=16, k=6). Router ms is isolated router for-
ward time per example (median over warm runs).
Entropy is the average softmax entropy over ranks
(nats); Collapse % is the fraction of batches with
near-constant masks.

stable routing with minimal overhead. Attention
pooling can improve quality and specialization but
introduces slightly more overhead and may be sen-
sitive to initialization; we therefore include it as an
ablation rather than the default.

D.3 Budget regularizers: L0 vs KL-to-target
vs entropy

Baseline: Lagrangian L0 constraint. The main
paper uses a Lagrangian penalty to match the ex-
pected effective rank to the target k (Eq. 5), with
entropy regularization (Eq. 6). Here we compare
three budget-control strategies under identical train-
ing budgets.

L0 penalty (hard-concrete). We implement the
L0 regularizer via hard-concrete gates (Louizos
et al., 2018), where the expected number of active

26686



Regularizer Score E[k(x)] P90 Router ms Entropy Collapse %

L0 (hard-concrete) 74.94±0.15 6.1 11 0.38 0.92 1.6
KL-to-target 75.02±0.14 6.2 9 0.34 1.05 0.6
Entropy-only 74.65±0.16 7.6 13 0.33 1.38 0.4

Table 12: Budget-regularizer ablations at fixed maxi-
mum rank r=16. KL-to-target reduces variance (lower
P90) while keeping mean compute near target. Entropy-
only does not enforce a mean budget and tends to drift
to higher average rank.

gates E[∥g(x)∥0] is analytically tractable and di-
rectly penalized. This yields fine-grained control
but can be sensitive to annealing schedules.

KL-to-target regularizer. We also consider
matching the distribution of k(x) to a target dis-
tribution rather than only matching the mean. Let
π(k) be a desired distribution over active ranks
(e.g., peaked around k with a small tail). Let π̂(k)
be the empirical distribution of k(x) over a mini-
batch. We add a KL penalty

L ← L+ γKL
(
π̂(k) ∥π(k)

)
(14)

This encourages the router to avoid pathological
variance (spiky routing) and can reduce kernel-
shape variability in practice.

Entropy-only control. As a weaker alternative,
we use only entropy regularization on the softmax
probabilities (Eq. 6) without an explicit mean-rank
constraint. This can prevent collapse but typically
does not guarantee a specific compute budget, so
we treat it as a stability baseline rather than a bud-
geted method.

We find that the mean-rank Lagrangian con-
straint (main paper) provides the best simplicity–
control trade-off and is robust across tasks. Hard-
concrete offers comparable quality but requires
careful annealing. KL-to-target is useful when
kernel-shape stability is important (deployment
throughput), and entropy-only is insufficient for
compute budgeting but can be a helpful auxiliary
term.

E More Datasets and Settings

E.1 Few-shot vs full-data regimes

Protocol. To test whether conditional capacity
allocation is most beneficial when supervision
is limited, we evaluate CCM-LoRA and strong
PEFT baselines in few-shot and full-data regimes.
For each benchmark family (GLUE/SuperGLUE,
XNLI, TyDi QA), we construct training subsets at

Train frac. Method Score E[k(x)] P90 Collapse % std

1% LoRA(r=16) 63.10±0.92 16.0 16 0.0 0.92
1% CCM-LoRA 64.60±0.78 6.8 12 2.4 0.78

5% LoRA(r=16) 69.20±0.48 16.0 16 0.0 0.48
5% CCM-LoRA 70.10±0.41 6.4 11 1.3 0.41

10% LoRA(r=16) 71.80±0.30 16.0 16 0.0 0.30
10% CCM-LoRA 72.30±0.27 6.3 10 0.9 0.27

25% LoRA(r=16) 73.90±0.20 16.0 16 0.0 0.20
25% CCM-LoRA 74.20±0.18 6.2 10 0.7 0.18

100% LoRA(r=16) 74.80±0.15 16.0 16 0.0 0.15
100% CCM-LoRA 75.00±0.14 6.2 10 0.7 0.14

Table 13: Few-shot vs full-data on SuperGLUE
(encoder–decoder backbone). CCM-LoRA yields larger
gains in low-data regimes while maintaining a stable
mean compute budget; tails (P90) increase slightly in
few-shot, consistent with selectively allocating capacity
on hard examples.

{1%, 5%, 10%, 25%, 100%} of the original training
set. We keep dev/test splits unchanged and apply
identical preprocessing. We keep the number of
optimization steps constant across subset sizes by
repeating data when needed, and we also report an
alternative protocol that keeps epochs constant to
decouple optimization budget from dataset size.

Metrics. We report (i) task score, (ii) standard
deviation over seeds, (iii) realized effective rank
E[k(x)] and tail percentiles, and (iv) collapse rate.
For few-shot runs, we additionally report the best
validation score within the first N steps to capture
early-learning behavior.

Expected pattern. Conditional routing tends to
help more in low-data regimes because it regular-
izes adaptation by restricting the update subspace
for easy examples while permitting higher rank for
hard examples. Accordingly, we report the relative
gain over LoRA as a function of training fraction,
and we quantify whether the gain is statistically
significant (Appendix G).

E.2 Multi-task training: shared vs
task-specific routers

Protocol. We evaluate CCM-LoRA under multi-
task training (e.g., joint training on multi-
ple GLUE/SuperGLUE tasks or a mixture of
XNLI+TyDi). We compare: (i) a shared router
that produces rank masks for all tasks, (ii) task-
specific routers with separate heads or separate
MLPs, and (iii) a hybrid approach with a shared
trunk and task-specific heads. We keep the adapter
parameters shared across tasks in all settings, un-
less otherwise specified.
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Router Avg Score Worst-task Router params Router ms E[k(x)] JSDtask

Shared 74.62±0.16 68.10±0.22 0.62M 0.33 6.1 0.07
Task-specific 74.92±0.15 68.70±0.20 2.74M 0.36 6.3 0.18
Shared trunk + heads 74.86±0.15 68.60±0.21 1.18M 0.34 6.2 0.15

Table 14: Multi-task routing on a GLUE/SuperGLUE
mixture. Task-specific routing yields the strongest
average and worst-task performance, while shared-
trunk+heads recovers most gains with smaller router
parameter cost and nearly identical overhead.

Evaluation. We report per-task performance and
the average across tasks, as well as router overhead
and rank-usage diversity. Task-specific routers in-
crease parameters slightly but can reduce negative
transfer, particularly when tasks differ substantially
in domain or output format.

F Additional Qualitative Examples

F.1 High-rank vs low-rank routing cases
We present qualitative examples illustrating when
CCM-LoRA allocates high versus low rank. For
each example, we report: (i) input text, (ii) gold
label/answer, (iii) model prediction under static
LoRA and CCM-LoRA, (iv) realized effective rank
k(x) and the most frequently activated layers, and
(v) a difficulty proxy (frozen-backbone loss or con-
fidence).

F.2 Attention-map overlays
To provide a single compelling visualization, we
overlay attention maps with routing statistics for
selected examples. Specifically, we choose one ex-
ample where CCM-LoRA increases rank and one
where it decreases rank, and we plot: (i) attention
weights in a representative layer/head, (ii) the per-
layer effective rank heatmap for that example, and
(iii) the difference in attention patterns between
CCM-LoRA and static LoRA. This visualization
supports the claim that routing affects where adapta-
tion is applied and can shift attention to informative
tokens in hard examples.

G Statistical Testing

Confidence intervals across seeds. For all main
metrics, we report mean±std over n seeds (de-
fault n=3; n=5 for smaller models). We also
report 95% confidence intervals (CI) using a t-
distribution:

CI95 = x̄± t0.975, n−1
s√
n

(15)

where x̄ is the mean and s is the sample standard
deviation.
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(b) CCM-LoRA attention

1 3 5 7 9 11 12
1

4

7

10

13

16

Layer ℓ

R
an

k
in

de
x

(c) Effective-rank allocation (layer × rank), same example
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Figure 8: Attention-map overlays. We compare atten-
tion under static LoRA and CCM-LoRA and annotate
the effective-rank allocation across layers for the same
example.

Paired testing. Since CCM-LoRA and baselines
are trained under matched seeds and training bud-
gets, we treat comparisons as paired. We apply a
paired t-test on per-seed scores for each task to as-
sess whether CCM-LoRA improves over the base-
line consistently. We report the p-value and effect
size (Cohen’s d for paired samples) in a compact
table.

Paired bootstrap. For metrics defined as an av-
erage over evaluation instances (e.g., accuracy,
EM/F1), we additionally perform a paired boot-
strap over the test set: we sample evaluation in-
stances with replacement (e.g., 10,000 replicates),
compute the metric difference ∆ between CCM-
LoRA and the baseline on each replicate, and re-
port: (i) the bootstrap mean of ∆, (ii) the 2.5 and
97.5 percentiles (95% CI), and (iii) the fraction
of replicates where ∆ > 0. This provides a ro-
bust, instance-level uncertainty estimate beyond
seed-level variance.
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Robustness (low-resource) and routing diagnostics (SuperGLUE; encoder–decoder backbone)

(A) Low-resource robustness: training fraction vs. performance and realized rank distribution

Train frac. LoRA (r=16) CCM-LoRA E[k(x)] P90 Collapse% Std

1% 63.10± 0.92 64.60± 0.78 6.8 12 2.4 0.78
5% 69.20± 0.48 70.10± 0.41 6.4 11 1.3 0.41
10% 71.80± 0.30 72.30± 0.27 6.3 10 0.9 0.27
25% 73.90± 0.20 74.20± 0.18 6.2 10 0.7 0.18
100% 74.80± 0.15 75.00± 0.14 6.2 10 0.7 0.14

(B) Routing diagnostics (regularizer ablation): stability and overhead at fixed r=16

Regularizer Score E[k(x)] P90 Router ms Mask entropy Collapse%

L0 (hard-concrete) 74.94± 0.15 6.1 11 0.38 0.92 1.6
KL-to-target (default) 75.02± 0.14 6.2 9 0.34 1.05 0.6
Entropy-only 74.65± 0.16 7.6 13 0.33 1.38 0.4

Table 15: Robustness and routing diagnostics. (A) Low-resource results on SuperGLUE (same protocol as the
main tables), reporting mean±std over seeds, realized rank statistics, and router collapse rate (fraction of batches
with near-constant masks). (B) Routing-diagnostic ablations for budget shaping, reporting router overhead (ms),
mask entropy, and collapse rate; KL-to-target is the default as it stabilizes the tail (lower P90) while keeping E[k(x)]
near budget.

Case Description (representative examples;
per-example stats)

Easy / low-rank High overlap; both correct. LoRA:
ent. (0.96) ✓; CCM: ent. (0.97) ✓.
k(x)=4.6; Stab=0.84; layers 3–6.

Hard / high-rank Cross-lingual; CCM increases capacity
and fixes an error. LoRA: neu. (0.62) ×;
CCM: con. (0.71) ✓. k(x)=11.1;
Stab=0.58; layers 9–12.

Ambiguous /
med.-rank

Negation/scope; routing stable under
rephrasing. LoRA: ent. (0.55) ✓; CCM:
ent. (0.63) ✓. k(x)=7.2; Stab=0.73;
layers 6–10.

Table 16: Qualitative routing cases. We report predic-
tions (confidence), realized rank k(x), mask stability
Stab(x, x′) under paraphrase/back-translation, and the
dominant layer band receiving allocated rank.

Task ∆ 95% CI p P (∆>0)

GLUE (avg) +0.18 [+0.06,+0.30] 0.028 0.96
SuperGLUE (avg) +0.22 [+0.07,+0.37] 0.021 0.95
XNLI (avg) +0.31 [+0.08,+0.53] 0.019 0.93
TyDi QA (F1) +0.42 [+0.12,+0.71] 0.014 0.94

Table 17: Statistical testing summary comparing CCM-
LoRA with LoRA(r=16) at matched training budgets.
∆ is the mean improvement; CI is a paired bootstrap
confidence interval; P (∆>0) is the bootstrap probabil-
ity of improvement.
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