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Abstract

Large language models achieve strong perfor-
mance across diverse tasks, but deployment
remains costly because of memory, latency,
and energy demands. Structured pruning re-
duces these costs by removing architectural
components, yet its recovery stage is often lim-
ited by a mismatch between the recovery mod-
ule’s representational capacity and the complex-
ity of the removed knowledge. We call this
bottleneck the capacity-knowledge asymme-
try and propose OverRep, an Overcomplete
Reparameterization framework for structured
LLM pruning. Following the principle of “train
overcomplete, deploy compact”, OverRep tem-
porarily overparameterizes the recovery mod-
ule during training to absorb complex knowl-
edge distilled from the original model. After
recovery, the overcomplete re-parameterization
is algebraically merged into a mathematically
equivalent compact module, preserving the
pruned model’s inference-time architecture
and computational cost. OverRep further in-
troduces an annealed activation that enables
nonlinear training dynamics while converging
to a linear regime for exact algebraic merg-
ing. Across three backbone families, Over-
Rep improves retained reasoning performance
over strong recovery baselines by up to 5.5
and 8.4 points at 25% and 50% pruning, re-
spectively, while keeping memory usage and
TFLOPs comparable to existing recovery meth-
ods. Our code is available at https://github.
com/mmai-laboratory/OverRep.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities across diverse tasks,
but their large parameter counts impose substantial
memory, latency, and energy costs during deploy-
ment. Improving model efficiency while preserving
strong performance has therefore become a central
challenge in contemporary LLM research.
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Figure 1: Recovery capacity, accuracy, and throughput
during recovery of pruned LLaMA3-8B. Conventional
recovery methods use limited recovery capacity relative
to the pruned parameters, leading to capacity-knowledge
asymmetry. In contrast, OverRep allocates larger recov-
ery capacity and improves both accuracy and through-
put, mitigating capacity-knowledge asymmetry.

Structured pruning offers a hardware-efficient
way to reduce these costs by removing architec-
tural components such as hidden dimensions, at-
tention heads, or transformer blocks. A standard
pruning pipeline consists of two stages: identify-
ing redundant structures and then recovering the
pruned model through fine-tuning. While the first
stage has been extensively studied through effec-
tive pruning criteria (Ma et al., 2023; An et al.,
2024; Chen et al., 2025; Wang et al., 2025b; Zhang
et al., 2024; Men et al., 2025), the recovery stage
remains comparatively underexplored. Existing re-
covery methods mainly rely on LoRA (Hu et al.,
2022) or information-loss compensation such as
RestoreLCC (Feng et al., 2025), but their limited
representational capacity can make it difficult to
reconstruct the complex transformations removed
by pruning, especially at high pruning ratios.

We refer to this bottleneck as Capacity-
Knowledge Asymmetry, as illustrated in Fig. 1.
Structured pruning may remove many parameters
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that encode meaningful model knowledge, whereas
only a small fraction of parameters is updated by
conventional recovery methods. This creates a fun-
damental mismatch between the capacity available
for recovery and the complexity of the knowledge
that needs to be restored. The problem becomes par-
ticularly severe when multiple transformer blocks
are pruned, as a compact recovery module must
replicate the rich compositional mapping those
blocks previously contained.

To address the capacity-knowledge asymme-
try, we propose OverRep, a recovery framework
that strategically enhances the representational ca-
pacity of the recovery module during fine-tuning
and then folds the overcomplete module back into
the target compact architecture at inference time
through re-parameterization. Specifically, OverRep
constructs a temporarily overcomplete recovery
module (ORM) with expanded training-time ca-
pacity, allowing the pruned model to absorb com-
plex knowledge distilled from the original model
during recovery. We further introduce an annealed
activation function that provides nonlinear training
dynamics early on and smoothly converges to a
linear regime, enabling exact algebraic merging for
deployment. This design decouples training-time
expressiveness from inference-time efficiency, al-
lowing the pruned model to benefit from a richer
recovery process without additional deployment
cost. Our contributions are summarized as follows:

* We identify the Capacity-Knowledge Asym-
metry as an underexplored bottleneck in struc-
tured LLLM pruning recovery, where limited
recovery capacity hinders reconstructing the
knowledge removed by pruning.

* We propose OverRep, a recovery framework
that temporarily constructs an overcomplete
recovery module during training to absorb
more pruned knowledge, then algebraically
merges it with no inference-time overhead.

* We introduce an annealed activation that en-
ables nonlinear training while preserving ex-
act algebraic merging at deployment.

* We show that larger recovery capacity im-
proves accuracy and throughput without pro-
portionally increasing memory or TFLOPs.

2 Related Work

2.1 Structured Pruning

Pruning Criteria. A substantial body of prior
work has focused on designing principled impor-
tance criteria for identifying redundant structures.
LLM-Pruner (Ma et al., 2023) identifies groups
of coupled structures, such as the projection ma-
trices within multi-head self-attention, and prunes
them jointly to preserve structural consistency us-
ing Taylor expansion-based importance estimation.
Another line of research focuses on depth reduc-
tion to improve inference efficiency. LaCo (Yang
et al., 2024) demonstrates that merging rear layers
into a preceding layer with an output-preservation
objective does not significantly degrade model per-
formance. ShortGPT (Men et al., 2025) and Stream-
line (Chen et al., 2025) show that many transformer
blocks are highly redundant and can be removed
based on block influence scores or layer-wise co-
sine similarity of activations. FinerCut (Zhang
et al., 2024) extends this direction by decoupling at-
tention and feed-forward sub-layers, enabling finer-
grained pruning decisions. SliceGPT (Ashkboos
et al., 2024) applies principal component analy-
sis to input activations to remove less informative
embedding dimensions. Our empirical evaluation
primarily considers block- or layer-level pruning.

Recovery Strategy. Most existing recovery meth-
ods utilize LoRA-based parameter-efficient fine-
tuning (Hu et al., 2022; Zhang et al., 2023;
Kopiczko et al., 2024). LoRA-based approaches are
the most widely adopted, but they were originally
designed for domain adaptation rather than for re-
constructing the knowledge lost through pruning.
Recognizing this mismatch, recent methods adapt
LoRA to the reconstruction objective. RankAdap-
tor (Zhou et al., 2025) allocates layer-specific
LoRA ranks via a performance model to address
the uneven structural modification caused by prun-
ing, and RestoreLCC (Feng et al., 2025) injects
learnable component vectors into pruning-affected
attention heads, identified through contrastive prob-
ing, to compensate for the lost directional informa-
tion. Both refine LoRA-based recovery but remain
limited by the low-rank parameterization. Another
family of methods recovers the pruned model via
layer-wise distillation, minimizing activation dis-
crepancies with the original model at intermediate
layers. This is adopted as the recovery procedure in
works such as Streamline (Chen et al., 2025) and
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Figure 2: Comparison between standard recovery methods and OverRep. LoRA updates the frozen weight P; in the
pruned model via a low-rank component A ; - B;, which limits recovery capacity and requires a long backpropagation
path. In contrast, OverRep is applied only after pruned layers, introducing training-time components W; and D;
with an annealed activation .A. This design enables a shorter backpropagation path. At deployment, OverRep
re-parameterizes all additional parameters into P;, preserving performance while maintaining efficiency.

CoMe (Wang et al., 2025a).

While prior work has advanced pruning criteria
and parameter-efficient recovery objectives, Over-
Rep explores a complementary direction that in-
creases the expressive capacity available during
recovery. Even with the same pruning mask and
distillation target, recovery effectiveness depends
on whether the recovery module can approximate
the transformation removed by pruning. OverRep
therefore temporarily expands the recovery module
during training and folds it back into the compact
module at deployment, as shown in Fig. 2.

2.2 Re-parameterization

Re-parameterization builds a more expressive
training-time topology, usually with multiple paral-
lel branches, which are algebraically merged into
a single equivalent structure at inference. This en-
hances representational capacity during optimiza-
tion without inference-time overhead. Foundational
work in convolutional networks (Ding et al., 2019,
2021a,b) established this paradigm by introduc-
ing multi-branch designs that capture richer spatial
patterns. FastViT (Vasu et al., 2023) extended re-
parameterization to vision transformers, while Neu-
ral Substitution (Oh and Ryu, 2024) generalized
the framework by interpreting block-level skip con-
nections as branch-level structural relationships.
OverRep adopts this principle of enhanced
training-time topology and re-parameterization.
Most previous methods expand capacity through
width-wise branches leveraging convolutional ker-
nel diversity. In contrast, OverRep uses a cascaded

multiplicative-additive factorization designed for
projection-dominated transformer blocks where
kernel-shape diversity is absent. Classical re-
parameterization requires merged branches to re-
main algebraically linear. OverRep enables nonlin-
ear recovery while maintaining exact mergeability
by using an annealed activation that starts and ends
in the linear regime, with warm-up cosine anneal-
ing and final linear stabilization. A warm-up phase
preserves the pretrained operating point, which is
essential for recovering frozen pretrained models
rather than training them from scratch. OverRep
incorporates recovery-specific design choices, such
as identity or zero initialization and selective place-
ment within frozen recovery blocks.

3 Method

3.1 Preliminaries

We begin with the standard formulation of layer-
wise distillation for recovering a pruned model.
Consider a contiguous segment of n original trans-
former blocks that is compressed into a single re-
covery transformer block in the pruned model. For
an input sample z ~ D, let hy(z) € R**? denote
the hidden state entering the /-th transformer block,
where t is the sequence length and d is the hid-
den dimension. For brevity, we write hy for hy(z)
when the dependence on z is clear. Suppose blocks
p through p+n—2 are pruned, while block p4+n—1
is retained as the recovery module. Standard layer-
wise distillation trains this retained block, denoted
by F(-; 6) with pretrained parameters 6, to map the
hidden state before the pruned segment directly to



the hidden state after the segment:

Laa(0) = By [|F(By:0) — bpinlF] . (D

This objective is optimized using a single standard
transformer block to approximate the composite
transformation originally realized by n consecu-
tive blocks. In practice, such compression often
induces a substantial capacity-knowledge asymme-
try bottleneck. The parameterization of § may not
adequately capture the complex nonlinear relation-
ship between h, and hy,,.

3.2 Overcomplete Re-parameterization for
Scaling Recovery Capacity

OverRep addresses this bottleneck by replacing the
compact recovery block during training with an
Overcomplete Recovery Module (ORM). The cen-
tral principle is “train overcomplete, deploy com-
pact”: the ORM is temporarily overparameterized
during training, but is algebraically folded back
into the original compact architecture after training.
Concretely, OverRep uses the pretrained param-
eters # with auxiliary parameters ¢, yielding an
overcomplete re-parameterization Form(-; 6, ¢).
The recovery objective is defined as:

‘Cours(ey Qb) = Ez [H]:ORM(hp; 9, ¢) - thrnH%’] .
2)
To optimize L5, OverRep either freezes 6 and
optimizes only ¢, or jointly fine-tunes 6 and ¢ to
increase recovery flexibility. For notational sim-
plicity, we present OverRep with a single recovery
block, although Fory may denote a multi-block
recovery module. In our experiments, we use a
two-block instantiation, as detailed in Appendix A.
By introducing ¢, the parameter space is sub-
stantially enlarged, facilitating more accurate re-
construction of the target hidden state h,, ,,. Impor-
tantly, ¢ is structured to be algebraically integrated
with @ into a corresponding compact parameter set
6 through re-parameterization R after training as:

0 =R(0,¢), Form(h;0,¢)= F(h;0), Vh.
3)
Accordingly, OverRep increases training-time rep-
resentational capacity while preserving the original
architecture and incurring no additional parameters,
memory, or inference-time latency overhead.

3.3 Overcomplete Recovery Module

The ORM enlarges the recovery module’s optimiza-
tion space during training without adding inference-
time architectural overhead. Let F(+; #) denote the

standard recovery block, which contains a set of
linear projection matrices as:

0={P,;:icT},

4)
T ={q,k,v,o0,gate, up,down},

where ¢, k, v, and o denote the attention projections,
while gate, up, and down denote the feed-forward
projections. Each projection P; € R%"™ *4" may
have its own input and output dimensions depend-
ing on the architecture. To construct the ORM
Form(+; 0, @), OverRep expands each base param-
eter P; with an auxiliary parameter pair (W;, D;).
During training, the standard linear projection is
replaced by an overcomplete mapping. For an input

x € R%", the overcomplete projection is:
Form(x; Pi, W;,D;) = D;(P; + Wy)x, (5)

where W; € RE X4 serves as an additive par-
allel branch that broadens the optimization space,
and D; € R%E™ >4 functions as a cascaded multi-
plicative transformation applied in the output space.
Together, these auxiliary parameters improve opti-
mization flexibility during training. To ensure that
the ORM reduces to the original module at initial-
ization, we set W; = 0 and D; = I. This identity
initialization guarantees that recovery begins from
the pretrained operating point.

Annealed Activation. Exact algebraic merging
requires the ORM to be linear at deployment,
but keeping it linear throughout recovery limits
training-time flexibility. OverRep therefore intro-
duces an annealed activation that provides non-
linear training dynamics while gradually returning
to the identity map before re-parameterization. At
training step s, OverRep replaces Eq. (5) with

FStaa(x Pi, Wi, D) = DiA((P; + Wi)x),
(6)

where A interpolates between the recovery

model’s activation function o and the identity map:

As(x) = as - o(x) + (1 — as)x. @)

The coefficient o € [0, 1] follows a warm-up co-
sine schedule with a final linear-stabilization phase.
Let S be the total number of recovery steps, and let
pw and p; denote the warm-up ratio and the final
linear-stabilization ratio. We define

S/SW, 0§S<SW7

g = % (1 + cos (Wsz_—SsV‘VW)) , Sw < s< Sy,
07 SdSSS‘Sa

3)



where Sy, = pwS and Sq = (1 — p)S. Starting
from oy = 0 ensures that recovery begins from
the pretrained operating point, while the warm-up
phase rapidly introduces nonlinear training dynam-
ics. The final pj fraction of training keeps as = 0,
allowing the weights to stabilize in the exact linear
regime before re-parameterization. Thus, at step .S,
Ag(x) = x, and Eq. (6) reduces to

‘F((D%)M(X; P;, W;,D;) = D;y(P; + W;)x. (9)

Re-parameterization. The re-parameterization op-

eration R merges each triplet {P;, W;, D;} into a
single weight matrix P;:

P, =D;(P; +W,), VieZ (10

The pruned model is therefore trained using

Fésf){M(h; 0, ¢) but deployed as the original com-

pact module F (h; é) In this way, OverRep benefits

from enhanced recovery capacity while preserving
the inference efficiency of the pruned model.

Optimization geometry of the merged projec-
tion. Although the merged model has the same
architecture and function class as a directly fine-
tuned one, OverRep changes the training parameter-
ization and optimization geometry of the compact
deployed weight. For a projection in the final lin-
ear phase, let M; = P; + W, and f’l = D;M,,
and let G denote the gradient of £ with respect to
the projection weight in use, i.e., 0Lours/ OP; for
OverRep and 0L /0P; for direct fine-tuning. Under
continuous-time gradient flow on D; and W,

dP;

L= —(DD])G - G(M/M)),

1D

whereas directly optimizing P; without W, and
D, gives dP;/dt = —G. The factorized parame-
terization therefore induces parameter-dependent,
positive-semidefinite preconditioning on both sides
of the gradient. At identity/zero initialization,
where D; = I and W; = 0, Eq. (11) reduces to
-G - GPZTPZ-. Thus, the initial update is shaped
by the spectrum of the pretrained projection. Con-
sequently, OverRep does not merely add trainable
parameters. It optimizes the same compact weight
under a different geometry that depends on the pre-
trained weight, analogous to the mechanism studied
in overparameterized deep linear networks (Arora
et al., 2018). This theoretical result is limited to a
frozen-P;, continuous-gradient-flow model of the

final linear phase and does not establish universal
superiority or directly model AdamW or nonlin-
ear activation annealing. The annealed activation
provides a complementary benefit that the theoret-
ical result does not capture. While ag > 0, Over-
Rep optimizes over a nonlinear hypothesis class
before converging to the linear regime required for
exact merging, whose benefit is shown in § 4.4.
Section 4.5 empirically separates parameterization
from capacity using parameter-matched LoRA.

4 Experiments

We conduct comprehensive experiments on
both reasoning and generation benchmarks to
compare OverRep with state-of-the-art struc-
tured pruning methods. For pretrained back-
bones, we use LLaMA2 (Touvron et al.,
2023), LLaMA3 (Grattafiori et al., 2024), and
Qwen3 (Yang et al., 2025). We compare against
representative recent pruning approaches, includ-
ing LaCo (Yang et al., 2024), ShortGPT (Men et al.,
2025), and Streamline (Chen et al., 2025). Ad-
ditionally, to directly assess the effectiveness of
OverRep in the recovery stage, we conduct con-
trolled comparisons under an identical pruning
criterion with recent recovery methods, including
LoRA (Hu et al., 2022), AdaLoRA (Zhang et al.,
2023), RankAdaptor (Zhou et al., 2025), and Re-
storeLCC (Feng et al., 2025). This isolates the re-
covery strategy from the pruning criterion, enabling
a fair comparison and showing that OverRep out-
performs existing recovery approaches.

We standardize both the datasets and the eval-
uation framework across all methods. Specifi-
cally, for recovery, we use a fixed subset of the
FineWeb-Edu (Lozhkov et al., 2024) dataset con-
sisting of 120,000 training samples and 4,000 test
samples. For evaluation, we adopt the widely used
Im-eval-harness (Gao et al., 2024) framework.
This standardized setup enables fairer, more con-
trolled comparisons across methods. Implementa-
tion details are provided in Appendix B.

4.1 Training Efficiency and Resource Analysis

We analyze the relationship among trainable ca-
pacity, training resources, throughput, and recov-
ery accuracy in Fig. 3.! Although OverRep intro-
duces substantially more trainable parameters, this
increase does not translate into a proportional in-

'All analyses are conducted with a batch size of 1 and a
sequence length of 1024 on two RTX 3090 GPUs (24GB).
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Figure 3: Training efficiency and recovery performance on LLaMA3-3B and -8B. Gray bands show the range of
conventional baselines across resource and performance metrics. OverRep uses more trainable recovery parameters,
yet maintains comparable memory and compute costs while improving throughput and accuracy. OverRep* further
improves efficiency by caching frozen-prefix activations, without changing the final recovered model or its accuracy.

crease in training cost. On both backbones, Over-
Rep remains comparable to, or only slightly higher
than, existing recovery baselines in peak memory
and TFLOPs, while achieving higher throughput
and stronger reasoning accuracy. This is because
OverRep localizes the recovery module after the
pruned segment, providing a larger optimization
space without requiring backpropagation through
long autograd paths, as shown in Fig. 2. These re-
sults indicate that trainable parameter count alone
is an incomplete proxy for recovery cost.

OverRep also supports a cached variant,
OverRep*, which reuses precomputed activations
from the frozen prefix before the recovery module.
As shown in Fig. 3, this reduces peak GPU memory
and TFLOPs by up to 1.6x and 2.4 x, respectively,
while improving throughput by up to 2.8 over
vanilla OverRep. Since caching preserves the recov-
ery objective and the final re-parameterized model,
OverRep* achieves the same accuracy as OverRep
while providing additional efficiency gains.

4.2 Reasoning Performance

We evaluate reasoning performance under two
settings at two pruning ratios (PR). Table 1 re-
ports task-level raw accuracy and average retained
performance (RP)? for controlled recovery meth-
ods, showing how each recovery strategy behaves
across benchmarks. Table 2 shows average RP for

2 __ Pruned model average accuracy
RP = Dense model average accuracy % 100

complete pruning pipelines, enabling comparison
against methods that use their own pruning and
recovery procedures. Detailed results of each task
are provided in Appendix D.1.

Controlled recovery. We isolate the effect of re-
covery by applying all methods to the same pruned
model, using a shared pruning criterion that re-
moves the last blocks except the final block. As
shown in Tab. 1, OverRep generally achieves the
strongest performance across backbones and prun-
ing ratios, with clear gains at aggressive pruning
ratios. In terms of RP, OverRep achieves the best
result in all controlled settings, improving over the
strongest recovery baseline by up to 5.5 points at
25% pruning and by up to 8.4 points at 50%.

Complete pruning pipeline. We compare Over-
Rep with complete pruning pipelines that use their
own pruning and recovery procedures. As shown in
Tab. 2, OverRep achieves the strongest RP across
all backbones and pruning ratios, suggesting that a
fixed pruning mask combined with sufficient recov-
ery capacity can outperform specialized pruning
designs. Compatibility with other criteria is exam-
ined in Appendix C.

The improvements are especially pronounced
under aggressive pruning, supporting our hypothe-
sis that increased training-time recovery capacity
mitigates the capacity-knowledge asymmetry.



PR Method ARC_C ARC_E BoolQ Hella. MathQA MMLU OBQA PIQA RACE Wino. Avg. RP
LoRA 376 654 716 662 253 24.6 378 725 390 666 513 887
. AdaLoRA 375 65.1 778 66.1 25.0 24.8 380 721 390 661 512 885
@ & RankAdaptor 392 644 689 669 234 28.1 376 696 359 628 497 860
& o RestoreLCC 353 6l.1 763 638 253 273 366 715 374 662 501 867
2 OverRep 41.0 705 736 617 25.1 385 402 743 379 661 535 926
§ LoRA 27.8 44.3 624 451 220 28.7 304 610 326 591 413 715
S . AdaLoRA 26.4 412 625 437 224 26.1 282 602 318 596 402 696
¥ RankAdaptor 277 443 624 452 22 286 300 610 324 586 413 714
% RestoreLCC 253 380 626 404 231 238 282 594 311 596 392 677
OverRep 315 60.0 623  5L1 21.8 244 338 669 327 599 444 769
LoRA 46.8 73.1 787 731 25.7 49.4 436 754 393 694 575 946
<  AdaLoRA 439 694 817 708 26.1 497 420 745 386 703 567 933
@ ¥ RankAdaptor 459 72.3 786 730 26.0 495 438 753 393 710 575 946
© & RestoreLCC 3838 65.3 777 674 25.5 443 400 723 369 695 538 886
> OverRep 46.0 76.1 767 742 275 474 438 768 393 713 579 953
2 LoRA 322 54.8 643 566 29 44.7 354 653 347 650 476 783
2 . AdaloRA 30.0 483 624 513 224 339 314 647 338 638 443 723
E  RankAdaptor 327 550 640 566 227 447 356 656 354 657 418 787
7 RestoreLCC 294 432 62 454 226 297 318 592 330 634 420 691
OverRep 36.7 65.1 709  59.1 237 50.3 390 698 378 670 519 855
LoRA 35.7 54.8 682 583 26.6 46.3 342 692 362 635 493 847
. AdaLoRA 323 54.1 646 539 24.1 476 332 662 343 658 476 818
@ S RankAdapor 359 56.5 669 581 262 457 328 684 353 639 490 841
% & RestoreLCC 323 492 704 505 245 46.7 314 649 337 653 469 805
% OverRep 392 660 679 595 257 54.9 3.6 705 380 668 525 902
§ LoRA 26.1 410 493 369 23.0 23.1 292 609 297 521 3701 638
5 . AdaLoRA 24.1 343 564 331 2.1 229 276 574 254 510 354 608
¥ RankAdaptor 252 23 516 36.5 234 232 294 608 276 518 372 639
7 RestoreLCC 233 30.1 382 297 27 230 270 547 239 493 322 553
OverRep 291 554 614 426 237 2438 326 645 304 565 421 723
LoRA 413 61.7 717 685 28.1 54.0 376 715 368 633 535 839
. AdaLoRA 411 64.9 67.6 637 297 56.5 368 710 379 695 539 845
@ & RankAdaptor 433 673 756 686 297 555 386 725 378 662 555 871
% & RestoreLCC 3811 600 624 576 28.1 36.0 334 692 362 683 489 768
2 OverRep 474 748 754 693 292 60.7 408 748 385 709 582 913
% LoRA 27.3 423 60.7 424 21.9 23.0 24 624 312 517 400 630
S . AdaLoRA 250 3738 620 383 217 29 284 597 279 561 380 596
¥ RankAdaptor  26.8 415 509 426 219 2311 324 623 310 566 398 625
7 RestoreLCC 245 334 581 318 214 229 264 537 230 515 347 544
OverRep 338 585 620 484 24 233 348 672 322 605 443 695
LoRA 375 59.5 639 539 26.1 36.9 330 661 360 636 417 741
. AdaLoRA 323 53.8 717 498 26.5 320 208 639 343 637 458 712
¥ RankAdaptor  36.6 579 650 539 257 363 332 654 344 630 471 733
8 & RestoreLCC 312 40.8 701 40.5 235 232 316 594 268 604 408 634
& OverRep 39.1 673 643 571 275 243 356 705 357 629 484 753
z LoRA 26.3 440 543 33l 21.6 23.0 272 600 265 516 368 572
©  _ AdaloRA 246 3738 455 31 206 29 284 575 249 518 345 537
¥ RankAdaptor  26.9 452 557 331 217 230 278 588 259 508 369 574
7 RestoreLCC 270 283 604 276 19.6 229 280 522 215 493 337 524
OverRep 27.2 565 619 384 225 23.0 322 645 288 535 409 635
LoRA 40.8 640 698  60.0 310 65.9 330 676 362 632 532 799
. AdaLoRA 353 57.7 623 562 29.0 523 22 672 359 657 494 742
¥ RankAdaptor  41.0 645 676 587 307 67.6 340 667 392 639 534 802
8 & RestoreLCC 329 444 622 452 238 63.9 342 621 300 632 462 694
4 OverRep 411 69.5 627 608 29.1 64.4 362 713 364 650 537 806
: LoRA 27.0 48.1 613 354 21.1 229 200 607 261 517 383 576
© . AdaLoRA 253 39.5 620 325 21.0 229 308 596 256 494 369 554
S RankAdaptor 275 480 616 357 21.6 229 300 608 266 504 385 579
7 RestoreLCC 275 27.1 380 289 18.7 228 300 549 226 515 322 484
OverRep 289 580 595 415 231 23.0 364 664 297 533 420 631
Table 1: Experimental results on reasoning tasks reported as accuracy and average RP.
PR Method ~ L2-7B L2-13B L3-3B L3-8B Q3-4B Q3-8B 4.3 Generation Performance
LaCo 808 88.9 80.7 8L7 73.1 734 We further evaluate OverRep on generation bench-
¥ ShortGPT 882 92.1 825 882 726 726 Ks t . hether i d
& Streamline 894 944 861 889 742 744 marks to examine whether mcreased recovery ca-
OverRep 92.6 953 902 913 753 80.6 pacity also benefits reasoning-intensive generation.
LaCo 709 752 634 622 567 559 Table 3 reports the average RP over three genera-
g ShortGPT 70.7 775 615 650 56.6 558 tion benchmarks (Reddy et al., 2019; Cobbe et al.,
& Streamline 73.0 82.1 684 649 61.1 617 2021: J . . .
; Joshi et al., 2017), with detailed raw perfor-
OverRep 769 855 723 69.5 635 63.1 i > ); p

Table 2: Average reasoning performance of complete
pruning pipelines, reported as average RP.

mance provided in Appendix D.2.

Controlled recovery. OverRep achieves stronger
generation performance than controlled recovery
baselines across all backbones and pruning ratios.
The gains are especially clear under 50% pruning,



PR Method L2-7BL2-13BL3-3BL3-8B Q3-4B Q3-8B
controlled recovery methods
LoRA 512 60.6 350 399 19.8 239
AdalLoRA 514 55.6 374 478 222 26.7
RankAdaptor 459 60.6 36.7 428 179 282
RestoreLCC 552 57.1 372 364 13.1 189
X complete pruning pipelines
& LaCo 382 620 320 476 181 21.6
ShortGPT 478 48.1 264 321 212 248
Streamline 603 643 457 46.8 28.6 31.0
OverRep 619 67.2 47.1 50.0 32.7 314
controlled recovery methods
LoRA 19.1 369 94 121 58 74

AdalL.oRA 169 280 43 73 28 32
RankAdaptor 21.2 358 89 123 6.1 73
RestoreLCC 20.5 234 22 20 22 26
complete pruning pipelines
@ LaCo 215 246 62 164 25 20
ShortGPT 252 347 41 121 16 1.0
Streamline 133 30.1 65 57 69 74
OverRep 294 421 107 147 102 8.7

0%

Table 3: Average generation performance of controlled
recovery methods and complete pruning pipelines, re-
ported as average RP.

where the recovery module must restore more re-
moved knowledge. This suggests that OverRep is
not limited to multiple-choice reasoning tasks, but
also improves recovery on generation benchmarks.

Complete pruning pipeline. In the generation
benchmarks, OverRep remains highly competitive
against complete pruning pipelines. At 25% prun-
ing, OverRep achieves the best RP across all back-
bones, and at 50% pruning, it achieves the best RP
on five of six backbones.

Overall, the generation results provide comple-
mentary evidence to the reasoning benchmarks.
OverRep consistently outperforms recovery base-
lines and remains competitive with complete prun-
ing pipelines, indicating that increased training-
time recovery capacity benefits both reasoning and
generative evaluation settings.

4.4 Ablation Study

We conduct ablation studies on LLaMA3-3B with
25% pruning to analyze the contribution of each
OverRep component. Table 4 compares different
ORM configurations by varying the application of
W,;, D,, and the annealed activation A,. We mea-
sure training time without feature caching. Full ap-
plication applies each component to the correspond-
ing projections in both recovery blocks, whereas
partial application applies each component only to
selected projections in the second recovery block,

Configuration un MLP Rea. Gen. Err?:él
W; D; W; D,
Plain - - - - 869 358 1.8h
Single-component
Attn W; v - - - 867 374 20h
Attn D; - v - - 869 380 1.9h
MLP W, - - / - 886 435 27h
MLP D; - - - / 887 419 42h
Double-component
‘W, only v - v/ - 885 445 3.1h
D; only - v - / 888 450 4.4h
Full-component
Uniform v v v / 889 455 5.8h
Hybrid v P P v 89.0 46.7 5.4h
Hybrid+A;, v P P «/ 902 47.1 5.5h

Table 4: Ablation study of the components of OverRep
using LLaMA3-3B at 25% pruning. v//P/— indicate full
application, frozen-block partial application, and no ap-
plication, respectively. Rea. and Gen. denote the average
RP on reasoning and generation benchmarks.

PR Method Params. (M) Rea. Gen. Time (h)
. LoRAr =16 16.5 84.7 350 89
% LoRA 7 = 630 650 794 343 132
' OverRep 650 90.2 471 4.6
. LoRAr =16 10.4 63.8 9.4 6.2
& LoRA 7 = 1000 651 64.8 114 9.2
‘> OverRep 650 723 10.7 4.6

Table 5: Iso-parameter comparison on LLaMA3-3B.
The LoRA rank is scaled to match the ~650M train-
able parameters of OverRep under the same protocol,
reported as average RP.

whose pretrained parameters are frozen.

The results show that MLP-side overcomplete
components are more effective than attention-only
components, suggesting that feed-forward trans-
formations play a central role in recovering the
mappings removed by layer pruning. We also find
that W; and D; are complementary, as using both
components yields stronger performance than using
either one alone. Finally, the hybrid configuration
with frozen-block partial application and annealed
activation achieves the best overall performance,
indicating that selective capacity expansion in the
frozen block, combined with nonlinear training dy-
namics, provides an effective trade-off between
recovery flexibility and training cost.

4.5 Analysis

Iso-parameter LoRA. To empirically separate pa-
rameterization from capacity, we additionally con-



PR Method Rea. Gen. Time (h)
LoRA 84.7 35.0 8.9
. FullFT 859 482 12.1
S Logit-KD 87.1 58.1 36.4
' OverRep 90.2 47.1 4.6
OverRep-KD 91.8 61.0 7.0
LoRA 638 9.4 6.2
. FullFT 674 192 79
S Logit-KD 675 229 32.5
‘o OverRep 723 107 4.6
OverRep-KD 734  26.7 7.0

Table 6: Comparison with full fine-tuning (‘Full FT”) of
the retained blocks and full-model logit-level distillation
(‘Logit-KD’) on LLaMA3-3B, reported as average RP.

duct a LoRA rank-scaling study, keeping the pro-
tocol fixed and preserving the standard scaling
«a = 2r at every rank. As shown in Tab. 5, even
under an iso-parameter budget, high-rank LoRA
does not close the performance gap with OverRep
and requires up to 2.9 x more GPU-hours.

Full capacity controls. We evaluate full fine-
tuning (FT) of the retained blocks and full-model
logit-level distillation from the dense teacher. We
also combine the same KD objective with Over-
Rep, denoted OverRep-KD, which replaces the
layer-wise MSE objective with logit-level distil-
lation while keeping the OverRep parameterization
unchanged. As shown in Tab. 6, full fine-tuning
still trails OverRep in reasoning at both pruning
ratios despite its higher cost, indicating that the re-
covery parameterization provides benefits beyond
exposing more trainable parameters. OverRep-KD
also outperforms the same logit-KD objective with-
out OverRep while using less than one-quarter of
the GPU-hours, demonstrating that OverRep and
logit-level distillation are complementary.

Capacity-knowledge asymmetry in practice. We
further examine how trainable recovery capacity
relates to post-pruning performance using the re-
covery ratio (RR)>. A small RR indicates limited
trainable capacity to compensate for the transfor-
mations removed by pruning.

As shown in Fig. 4, larger RR values are gener-
ally associated with higher retained performance
on reasoning and generation benchmarks, with pos-
itive rank-based and linear correlations. This trend
is consistent with the capacity-knowledge asymme-
try hypothesis, although it should be interpreted as
descriptive evidence, as other design factors may

3RR — Irainable parameters ()0
Pruned parameters

Observed
Descriptive trend

o]
©

Spearman p = 0.94
Pearson r=0.82

g ®

Spearman p = 0.90
Pearson r=0.81

Reasoning RP (%)
o] @©
~ [e¢]

N
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N
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Generation RP (%)

35
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Figure 4: Association between recovery ratio (RR) and
retained performance (RP) after pruning. The plots show
a positive association between RR and RP on reasoning
and generation benchmarks. RR is used as a diagnostic
indicator of training-time recovery capacity.

also affect performance. In OverRep, RR increases
only during recovery through overcomplete param-
eterization, and we merge the additional parameters
before deployment. Thus, higher training-time re-
covery capacity adds no inference-time parameters,
memory, or latency overhead.

5 Conclusion

We presented Overcomplete Reparameterization
(OverRep), a post-pruning recovery framework for
structured LLLM pruning. Motivated by capacity-
knowledge asymmetry, we revisit the recovery
stage as a capacity-limited reconstruction problem,
where a compact trainable module must recover the
transformations pruned away. OverRep addresses
this bottleneck under the principle of “train over-
complete, deploy compact”: temporarily increasing
training-time recovery capacity through an over-
complete recovery module, while preserving the
compact inference-time architecture via algebraic
re-parameterization. Its auxiliary components en-
large the optimization space, and the annealed acti-
vation enables nonlinear training dynamics before
converging to a linear regime that permits merging.

Across multiple backbones, OverRep improves
performance without increasing inference-time
overhead. Our analysis shows that increased recov-
ery capacity does not necessarily require a propor-
tional increase in training cost. These results sug-
gest training-time overcomplete parameterization
as an effective and deployment-friendly strategy
for structured LLM pruning.



Limitations

OverRep focuses on improving the recovery stage
of structured pruning, with main results based on
layer pruning. This setting provides a controlled
testbed for studying recovery capacity. However,
the channel-wise pruning and hybrid-architecture
results in Appendix C remain preliminary because
they use smaller recovery budgets than the main
protocol and cover only one or two backbones
each. Attention-head and mixed structured pruning
remain unexplored. A comprehensive evaluation
across pruning granularity is left for future work.
OverRep also increases the number of train-
able parameters during recovery. Although our ef-
ficiency analysis shows that this expansion does
not proportionally increase the practical training
cost and can be further accelerated through fea-
ture caching, the cached variant assumes a frozen,
reusable prefix before the recovery module. Thus,
its benefit may vary with pruning patterns, hard-
ware, and training implementations. Future work
could extend overcomplete recovery to more di-
verse pruning structures and hardware settings.
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Appendix

Unless otherwise noted, ‘Rea.” and ‘Gen.” in the
appendix denote the average raw score over the 10
reasoning and 3 generation tasks, not RP.

A Practical Implementation

For notational simplicity, the method sections de-
scribe OverRep using a single recovery block. In
our implementation, we instantiate Fogrn With
two consecutive transformer blocks following the
pruned segment. This provides additional recovery

flexibility while keeping the active training path
short. Let Form,1 and Form,2 denote the first and
second OverRep recovery blocks, respectively. The
practical recovery objective is written as

h = Fora1(hy; 01, 61), (12)

Lours = Ez {H}—ORM,Q(fH 02, ¢2) — hp+n+1H2F] :
(13)

where 61 denotes the pretrained parameters of the
first recovery block, f5 denotes the frozen pre-
trained parameters of the second recovery block,
and ¢1, @2 are the corresponding OverRep aux-
iliary parameters. During recovery, we jointly
optimize #; and ¢; in the first block, keep 05
frozen, and optimize only ¢ in the second block.
After training, each overcomplete projection in
both blocks is independently merged using the
same projection-wise re-parameterization rule in
Eq. (10). Therefore, the deployed model contains
only standard compact transformer blocks and in-
curs no additional inference-time overhead.

For the annealed activation schedule, we set
the warm-up ratio py, to 0.01 and the final linear-
stabilization ratio p; to 0.2.

B Implementation Details

A major challenge in comparing structured prun-
ing methods is that prior work often differs in re-
covery datasets, data scale, and evaluation proto-
cols. To ensure a controlled comparison, we stan-
dardize the recovery data and evaluation frame-
work across all methods whenever possible, as de-
scribed in Appendix B.1. For evaluation, we use
Im-eval-harness (Gao et al., 2024).

For reasoning benchmarks, we evaluate
on ARC-Challenge and ARC-Easy (Clark
et al., 2018), BoolQ (Clark et al., 2019), Hel-
laSwag (Zellers et al., 2019), MathQA (Amini
et al., 2019), MMLU (Hendrycks et al., 2021),
OpenBookQA (Mihaylov et al., 2018), PIQA (Bisk
et al., 2020), RACE (Lai et al., 2017), and Wino-
grande (Sakaguchi et al., 2021). For generation
benchmarks, we evaluate on CoQA (Reddy et al.,
2019), GSM8K (Cobbe et al., 2021), and Trivi-
aQA (Joshi et al., 2017). CoQA is measured using
F1 score in the zero-shot setting, while GSM8K
and TriviaQA are measured by exact match in the
8-shot and 5-shot settings, respectively, following
Gao et al. (2024).
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Backbone HF repo. dim. Inter dim. # attn heads # kv heads #L 25% #L 50% # L
LLaMA2-7B meta-llama/Llama-2-7b-hf 4096 11008 32 32 32 24 16
LLaMA2-13B meta-llama/Llama-2-13b-hf 5120 13824 40 40 40 30 20
LLaMA3-3B meta-llama/Llama-3.2-3B 3072 8192 24 8 28 19 12
LLaMA3-8B meta-llama/LLlama-3.1-8B 4096 14336 32 8 32 23 14
Qwen3-4B Qwen/Qwen3-4B-Base 2560 9728 32 8 36 25 15
Qwen3-8B Qwen/Qwen3-8B-Base 4096 12288 32 8 36 26 16
Qwen3-14B Qwen/Qwen3-14B-Base 5120 17408 40 8 40 30 -
Qwen3-30B-A3B' Qwen/Qwen3-30B-A3B-Base 2048 768 32 4 48 36 24
Nemotron-H-4B*  nvidia/Nemotron-H-4B-Base-8K 3072 12288 32 8 52 39 26

Table 7: Backbone configurations. We report the Hugging Face repository (HF Repo.), detailed backbone configura-
tion, and the number of layers (denoted # L) remaining at 25% and 50% pruning ratios. "MoE backbone with 128
experts and top-8 routing. ‘Inter dim.” is the per-expert intermediate dimension. *Hybrid backbone whose 52 layers
comprise Mamba-2, attention, and MLP sublayers, and ‘Inter dim.” refers to the MLP layers.

Method Epoch #B LR Sche. (7, «)
lr-'\ﬁ Recoveries 10 32 1e-4 cosine (16,32)
& LaCo 10 32 1e-4 linear (16, 32)
< ShortGPT 10 32 1le-4 linear (16, 32)
% Streamline 100 8 le-4 cosine -
j OverRep 20 8 le-4 cosine -
& Recoveries 10 32 1e-4 cosine (16, 32)
— LaCo 10 32 6e-5 linear (16,32)
2 ShortGPT 10 32 6e-5 linear (16, 32)
c% Streamline 100 8 le-4 cosine -
j OverRep 20 8 1e-4 cosine -
a Recoveries 10 32 1e-4 cosine (16, 32)
« LaCo 10 32 1e-4 linear (16, 32)
< ShortGPT 10 32 1e-4 linear (16, 32)
czv Streamline 100 8 1e-4 cosine -
ﬂ OverRep 20 8 1e-4 cosine -
gg Recoveries 10 32 1e-4 cosine (16,32)
« LaCo 10 32 1e-4 linear (16, 32)
< ShortGPT 10 32 1le-4 linear (16, 32)
% Streamline 100 8 le-4 cosine -
j OverRep 20 8 le-4 cosine -
m Recoveries 10 32 1e-4 cosine (16, 32)
< LaCo 10 32 1e-4 linear (16, 32)
2 ShortGPT 10 32 1le-4 linear (16, 32)
§ Streamline 100 8 1e-4 cosine —
1S4 OverRep 20 8 1e-4 cosine -
m Recoveries 10 32 1e-4 cosine (16, 32)
% LaCo 10 32 1e-4 linear (16, 32)
2 ShortGPT 10 32 1le-4 linear (16,32)
qa) Streamline 100 8 1e-4 cosine -
o OverRep 20 8 1e-4 cosine -

Table 8: Recovery training configurations. ‘Recoveries’
denotes recovery methods such as LoRA, AdalLoRA,
RankAdaptor, and RestoreLCC. ‘#B’ denotes the total
batch size, and ‘LR’ denotes the learning rate. r and «
indicate the LoRA rank and LoRA scaling, respectively.

B.1 Recovery Dataset

We use the FineWeb-Edu dataset (Lozhkov et al.,
2024) provided by HuggingFaceFW. Specifically,
we use the sample-10BT split and draw 120,000
training samples and 4,000 test samples with a fixed

random seed of 42. We tokenize all samples with a
sequence length of 1024 for memory efficiency. For
pruning-criterion calibration, we randomly select
50 samples from the same training split. We use
this dataset configuration consistently across all
experiments, regardless of backbone or method, to
ensure a fair comparison.

B.2 Training Configurations

We follow each baseline method’s official training
configuration as closely as possible. To ensure a fair
comparison while obtaining strong performance,
we use the official settings as the starting point and
conduct a limited hyperparameter search around
them for each method and backbone. Unless other-
wise specified, all recovery methods are trained on
the same recovery dataset and evaluated using the
same benchmark pipeline.

For LaCo, the original recovery stage uses full
fine-tuning, which is not feasible on an RTX 3090
GPU with 24GB memory in our setting. We there-
fore use LoRA as the recovery module for LaCo.
ShortGPT performs pruning based on block influ-
ence and uses LoRA for recovery. For Streamline,
we find that the official training schedule uses too
few epochs to achieve stable recovery performance
in our setting. Thus, we increase the number of
epochs so that its training time is comparable to
that of the other methods.

Tables 7 and 8 provide the hyperparameters
and architectural configurations used for recov-
ery. We apply the AdamW optimizer with (51 =
0.9,82 = 0.95) in all experiments. In Tab. 8,
LoRA, AdalLoRA, RankAdaptor, and RestoreLCC
share the same hyperparameters and are collec-
tively referred to as recovery methods.



PR  BoolQ WSC COQA HellaSwag PIQA Race-M Race-H MMLU Avg.
Dense (From Streamline) - 70.8 375 66.7 71.3 78.1 33.1 35.5 46.8 55.0
Dense (Ours Rep.) - 704 375 67.4 70.9 77.2 33.1 35.5 46.7  54.8
Streamline (From Streamline) 25%  67.5  36.5 59.2 61.1 71.5 34.8 37.0 45.5 51.6
Streamline (Ours Rep.) 25% 66.0 36.5 61.9 64.4 71.9 334 30.3 45.8 51.3

Table 9: Reproduction verification for Streamline on LLaMA2-7B. ‘(From Streamline)’ denotes the results reported
in the original paper, while ‘(Ours Rep.)’ denotes our reproduced models evaluated with the original Streamline
evaluation framework. The close agreement supports the fidelity of our baseline reproduction.

Reasoning Task

Generation Task

Method ~ARC_C ARC_E BoolQ Hella. MathQA MMLU OBQA PIQA RACE Wino. Avg. CoQA GSM Triv.QA Avg.
LoRA 0.143 1.434 1.762 0497 1383 1.616 1.490 1.120 1.314 1.797 0.250 2.501 1.413 0.287 1.257
% Streamline 0.896  0.657 0.517 0.248 0.379 0.517 0.014 0.248 0.143 1.518 0.162 5.858 1.004 0.014 2.287
“OverRep 0.745 0430 0.657 0.248 0.625 0.287 0.861 0.896 1.762 0.896 0.190 1.004 0.717 0.379 0.564
. LoRA 1.034 0.896 2.656 0.430 0.799 0.283 2.068 0.994 1.616 1.597 0.396 2.879 0.896 0.759 1.065
S Streamline 0.517 0.287 0.574 0379 0287 0.378 1.034 0.574 0.379 0.379 0.102 0.287 0.517 0.248 0.126
““OverRep 1.875 0.574 0.574 0.745 0.574 0271 2.068 0.379 1.897 1.511 0.165 1.654 0.379 0.248 0.461

Table 10: 95% confidence interval for recovery of pruned LLaMA3-3B on reasoning and generation benchmarks.

B.3 Reproduction Verification

Prior pruning studies often use different training
and evaluation protocols, making direct compari-
son difficult. We standardize these factors in our
main experiments and further verify the fidelity
of our baseline reproduction by evaluating our re-
produced Streamline with the original Streamline
evaluation framework. In Tab. 9, the reproduced re-
sults closely match the Streamline values reported
in the original paper. This supports the reliability
of our reproduced baselines.

B.4 Confidence Intervals

To improve the reliability of our experiments,
Tab. 10 reports the 95% confidence-interval half-
widths computed over three random seeds (0, 26,
42) for pruned LLaMA3-3B on both reasoning and
generation benchmarks. Each interval is computed
as t0.975,n—1" s/+/n, where n = 3 and s is the sam-
ple standard deviation across seeds. Thus, an entry
c corresponds to a confidence interval of +c.

B.5 Recovery Training Fairness

Wall-clock fairness. OverRep introduces substan-
tially more trainable parameters than conventional
recovery methods, increasing recovery capacity
while raising potential concerns about optimiza-
tion cost. To address this, we use method-specific
recovery epochs to keep wall-clock training time
as comparable as possible across methods, rather
than equalizing training tokens.

Method Trainable Params. (M) Epochs Time (h)
LoRA-like 16.5 10 8.9
AdalLoRA 33.0 10 10.6
RankAdaptor 12.2 10 8.7
RestoreLCC 0.1 10 6.8
Streamline* 100.7 100 4.6
OverRep™ 650.1 20 4.6

Table 11: Comparison of trainable parameters, recovery
epochs, and wall-clock training time for LLaMA3-3B
after 25% pruning. Wall-clock time is reported in hours.

Table 11 reports trainable parameters, recov-
ery epochs, and wall-clock time for recovering
LLaMA3-3B after 25% pruning on a single RTX
3090 GPU with 24GB memory. Here, ‘LoRA-like’
denotes LoRA-based methods, including LoRA,
LaCo, and ShortGPT. Despite having the most
trainable parameters, OverRep achieves wall-clock
recovery time comparable to or lower than existing
baselines. Streamline* and OverRep* use cached
features, whose precomputation takes less than one
hour; even including this overhead, their total recov-
ery time remains comparable. These results show
that the gains of OverRep are not due to a substan-
tially larger wall-clock training budget.

Training budget fairness. Beyond the wall-clock
comparison, we also evaluate all methods under
the same 10-epoch recovery schedule to control
for the number of optimization epochs and recov-
ery samples seen during training. As shown in
Tab. 12, OverRep still outperforms the baselines



Reasoning Task

Generation Task

Method ARC_C ARC_E BoolQ Hella. MathQA MMLU OBQA PIQA RACE Wino. Avg. CoQA GSM Triv.QA Avg.
Dense 462 71.8 73.0 736 344 54.1 43.0 77.3 39.8 69.1 582 759 252 563 525
LoRA 357 548 68.2 583 26.6 463 342 692 362 635 493 384 33 134 184
AdaLoRA 323 541 64.6 539 241 476 332 662 343 658 47.6 426 3.0 132 19.6
® RankAdaptor 359 565 669 58.1 262 457 328 684 353 639 49.0 41.1 3.6 13.0 19.2
&G RestoreLCC 323 492 704 505 245 467 314 649 337 653 469 480 20 86 195
Streamline 36.6 59.6 712 555 252 548 326 68.1 37.0 649 50.6 347 16 9.1 151
OverRep 3777 654 643 58,5 25.0 544 356 69.5 357 674 514 543 26 107 225
LoRA 26.1 41.0 493 369 23.0 23.1 292 609 29.7 52.1 37.1 94 1.7 37 49
AdaLLoRA 24.1 343 564 331 221 229 276 574 254 510 354 38 1.7 1.3 23
® RankAdaptor 25.2 428 51.6 365 234 232 294 60.8 276 518 372 9.6 13 3.1 47
RRestoreLCC 233 30.1 382 29.7 227 23.0 27.0 547 239 493 322 20 1.1 04 1.2
Streamline 253 483 592 370 226 23.1 28.0 62.5 283 535 388 50 0.8 1.5 24
OverRep 294 547 61.8 41.8 225 232 320 63.5 28,5 57.1 415 125 1.6 27 5.6

Table 12: Experimental results on reasoning and generation benchmarks for LLaMA3-3B under 10-epoch settings.

Backbone OverRep Time (h) LoRA Time (h) Speedup Rea. Gen.

train + cache (GPUs) w/o/w/cache LoRA OverRep LoRA OverRep
L3-3B 4.6+0.8 8.9 (1 GPU) 1.9x /1.6 49.3 52.5 18.4 24.7
Q3-14B 12.6 + 2.1 90.2 (11.27h x 8 GPUs) 7.2x/6.1% 51.8 52.5 30.2 40.0
Q3-30B 8.8 +3.8 426 (53.3h x 8 GPUs) 48x /34x 49.8 53.1 23.4 30.1

Table 13: End-to-end cost relative to LoRA at a 25% pruning ratio.

when epoch count is fixed across methods. This in-
dicates that the advantage of OverRep is not simply
due to longer training or exposure to more recovery
data. Together with the wall-clock analysis, these
results show that OverRep remains effective under
multiple fair training-budget comparisons.

B.6 Training-cost Quantification

We quantify OverRep’s cost from two perspectives:
end-to-end cost relative to LORA and intrinsic over-
head over an otherwise identical Plain recovery
on LLaMA3-3B (L3-3B), Qwen3-14B (Q3-14B),
and Qwen3-30B-A3B (Q3-30B). ‘Time’ denotes
wall-clock time multiplied by the number of GPUs.

End-to-end cost relative to LoRA. OverRep trains
only localized recovery blocks, and reuses cached
frozen-prefix activations, avoiding repeated full-
model forward and backward passes. Although
OverRep is trained for 20 epochs versus 10 for
LoRA, it requires fewer GPU-hours because op-
timization is limited to the recovery blocks. We
report cache precomputation separately and in-
clude it in the end-to-end comparison. As shown in
Tab. 13, LoRA requires eight RTX 3090 GPUs on
the two larger backbones, while OverRep recovery
runs on one GPU. Including cache precomputation,
OverRep is 6.1 x cheaper on Qwen3-14B and 34 x

cheaper on Qwen3-30B-A3B.

Intrinsic overhead of the overcomplete param-
eterization. We isolate OverRep’s additional cost
by comparing it with Plain recovery. Plain recov-
ery directly fine-tunes the same localized recovery
blocks without the auxiliary W; and D; compo-
nents or annealed activation, trained for the same
20 epochs. As shown in Tab. 14, overcomplete
parameterization increases recovery time by 2.4—
6.6 x over Plain recovery, while even the largest
run requires only 12.6 single-GPU hours. Qwen3-
30B-A3B shows a smaller increase in trainable
parameters because each expert has a narrower in-
termediate dimension than dense models.

C Generality

C.1 OverRep in Channel-wise Pruning

We extend OverRep to channel-wise pruning using
the same recovery components. Channel-wise prun-
ing reduces the intermediate width of a block, so
we adapt the shapes of W, and D; while retaining
the training formulation in Eq. (6) and the merge
rule in Eq. (10). Let d,,;q denote the intermediate
width of a self-attention or feed-forward block, and
let dyer < dimiq denote the reduced width after prun-
ing. Because the block input and output dimensions
remain unchanged, all other network components



Backbone Recovery Params. (M) Time (h) Rea. Gen.

L3-3B Plain 100.7 1.3 50.6 18.8
L3-3B OverRep 650.1 46 525 247
Q3-14B  Plain 330 1.9 485 139
Q3-14B  OverRep 2596 126 525 40.0
Q3-30B  Plain 1246 36 493 163
Q3-30B  OverRep 1752 8.8 53.1 30.1

Table 14: Intrinsic overhead of the overcomplete param-
eterization at a 25% pruning ratio.

are unaffected.

Expanding projections. For projections into the
intermediate space, i € {q, k,v, gate, up}, the pre-
trained weight P; € Rmia*xdi" and additive branch
W, € Rmiaxd" retain their original shapes,
while the multiplicative factor becomes rectangular,
D; € Réer>dmia After training, the merge rule in
Eq. (10) yields P; = D;(P; + W;) € Rébretxdi",
The merge itself reduces the dimension.

Contracting projections. Projections out of the in-
termediate space, i € {0, down}, have pretrained
weights P; € R %dmid and must consume the
narrowed hidden state h’ € R%ef. We mirror the
preceding construction by placing the multiplica-
tive factor on the input side, yielding the merged
projection P, = (P; + W;)D; € R Xdlret
where W; € R%" Xdmia and D; € Rmia X et

Initialization and training. As in the main setting,
W, = 0. Because D; is rectangular, it is initialized
as a partial identity, D; = [I,,, 0] € RdrefXdmia
for expanding projections and its transpose for con-
tracting projections. Training therefore begins from
a width-reduced copy of the pretrained block. We
keep P; frozen and train only (W;, D;). The an-
nealed activation A follows Egs. (7) and (8) with-
out modification, and the recovery objective applies
the layer-wise reconstruction loss in Eq. (2) to ev-
ery pruned block. At deployment, each block folds
into standard reduced-width projections without
additional parameters or computation.

Comparison with LLM-Pruner. We compare
against LLM-Pruner (Ma et al., 2023) on LLaMA3-
3B and LLaMA3-8B at approximately 25% param-
eter reduction, following its evaluation protocol of
nine reasoning tasks, including WSC, without the
generation suite. To match the LLM-Pruner setting,
these experiments use a smaller recovery budget
of 24K FineWeb-Edu samples for 5 epochs. Their
absolute results are therefore not directly compara-

Backbone Method PR  Rea.
Dense - 56.6
LLaMA3-3B  LLM-Pruner 25% 40.5
OverRep 25% 46.1
Dense - 61.7
LLaMA3-8B LLM-Pruner 24% 47.5
OverRep 24%  51.7

Table 15: Experimental results of channel-wise pruning
with LLM-Pruner and OverRep.

Backbone Method Rea. Gen. Time (h)

Q3-30B  Dense 67.9 78.5 -
o, Q3-30B  LoRA 49.8 23.4 53.3h x 8§ GPUs
E Q3-30B  Streamline 49.5 22.2 7.3h
™ Q3-30B  OverRep 53.1 30.1 8.8h
o Q3-30B  LoRA 43.6 9.9 35.6h x 8 GPUs
& Q3-30B  Streamline 42.9 7.2 6.0h
7 Q3-30B  OverRep 449 14.7 9.0h

Q3-14B  Dense 69.7 76.9 -
o Q3-14B  LoRA 51.8 30.2 11.3h x 8 GPUs
N Q3-14B  Streamline 51.9 32.7 11.7h
™ Q3-14B  OverRep 525 40.0 12.6h

Table 16: Experimental results across architectures.
‘Time’ denotes wall-clock training time x GPUs; unless
otherwise specified, results use a single GPU.

ble to those under our main protocol, which uses
120K samples for 20 epochs. As shown in Tab. 15,
OverRep improves the average by 5.6 points on
LLaMA3-3B and 4.2 points on LLaMA3-8B.

C.2 OverRep in Various Architectures

Larger and MoE architectures. A key property
of OverRep is that recovery is layer-local: training
memory is bounded by the two recovery blocks
plus cached features, not by total model size. We
scale OverRep to Qwen3-30B-A3B-Base, a recent
large-scale 30.5B total-parameter MoE model, and
Qwen3-14B. Each expert’s FFN projections and
the attention projections are expanded with their
own (W;,D;) and merged exactly by Eq. (10).
The router is left untouched, so expert routing be-
havior and sparsity are preserved at deployment.
As shown in Tab. 16, OverRep outperforms LoRA
while using 48 x fewer aggregate GPU-hours on
Qwen3-30B-A3B and 7.2 x fewer on Qwen3-14B.

Hybrid architecture. OverRep acts on linear pro-
jections and therefore also extends to the dominant
parameterized components of Mamba-style hybrid
blocks. We validate this on Nemotron-H-4B (Blake-
man et al., 2025) by applying OverRep to the at-



Method Rea. Gen. Time (h)
Dense 60.5 458 -

. LoRA 49.1 28.8 9.0

S OverRep 499 245 3.3

' OverRep-KD 50.1 31.5 5.2

. LoRA 397 111 6.0

S OverRep 429 112 3.3

w

OverRep-KD  42.7 15.7 5.2

Table 17: Experimental results on Nemotron-H-4B.

Backbone Criterion Rea. Gen.

Own OverRep Own OverRep

L3-3B ShortGPT 48.0 506 139 256
¥ L3-3B Streamline 50.2 52.5 24.0 24.7
& Q3-4B ShortGPT 46.7 458 155 225

Q3-4B Streamline 47.7 489 20.8 29.1

L3-3B ShortGPT 35.8  40.5 2.1 5.5
® L3-3B Streamline 39.8  40.7 34 7.2
3 Q3-4B ShortGPT 36.4 359 1.2 0.8

Q3-4B Streamline 39.3  40.9 5.0 7.4

Table 18: Compatibility experiment with existing prun-
ing criteria. ‘Own’ is the criterion’s own recovery, and
‘OverRep’ is OverRep recovery on the same mask.

tention and MLP sublayers of the recovery blocks
and keeping the Mamba-2 (Dao and Gu, 2024)
mixer frozen. As shown in Tab. 17, at 25% prun-
ing, OverRep modestly improves reasoning at less
than half the cost, although LoRA remains stronger
on generation; OverRep-KD improves both met-
rics. At 50%, OverRep improves reasoning by 3.2
points, and OverRep-KD improves generation by
4.6 points.

C.3 Compatibility with Existing Pruning
Criteria

We apply OverRep to both contiguous Streamline
masks and non-contiguous ShortGPT block influ-
ence masks. As shown in Tab. 18, across all eight
settings, OverRep improves reasoning in six and
generation in seven; the remaining differences are
below one point. These gains require no criterion-
specific tuning, supporting OverRep as a broadly
compatible recovery framework.

D Detailed Experimental Results

D.1 Reasoning Performance

Tables 19 and 20 provide detailed results for rea-
soning tasks.

D.2 Generation Performance

Tables 21 and 22 provide generation results.



PR Method ARC_C ARC_E BoolQ Hella. MathQA MMLU OBQA PIQA RACE Wino. Avg. RP

- Dense 46.2 76.2 779 760 28.5 40.8 442 791 395 695 578 100.0
LoRA 37.6 65.4 776 662 25.3 24.6 378 725 390 666 513 887
AdaLoRA 375 65.1 778 66.1 25.0 248 380 721 3901 661 512 885
RankAdaptor 392 64.4 689 669 234 28.1 376 696 359 628 497  86.0

& RestoreLCC 353 61.1 763 63.8 253 273 366 715 374 662 501 867

o Q& LaCo 31.7 63.1 625 596 243 247 384 733 351 540 467 808

& ShortGPT 38.1 65.3 746 669 252 26.1 380 727 371 658 510 882

P Streamline 39.7 68.9 716 669 245 277 388 731 389 664 517 894

= OverRep 41.0 70.5 736 617 25.1 385 402 743 379 661 535 926

—

- LoRA 27.8 443 624 451 220 287 304 610 326 591 413 715
AdaLoRA 26.4 412 62.5 437 224 26.1 282 602 318 596 402  69.6
RankAdaptor ~ 27.7 448 624 452 222 286 300 610 324 586 413 714

& RestoreLCC 253 38.0 62.6 404 23.1 238 282 594 311 596 392 677
2  LaCo 26.9 50.5 561 473 22.8 23.1 320 672 301 535 410 709
ShortGPT 273 44.0 623 463 225 234 298 630 339 559 408 707
Streamline 272 58.9 617 436 225 23.1 344 686 309 508 422 730
OverRep 315 60.0 623 511 218 244 338 669 327 599 444 769
- Dense 49.1 775 80.6  79.4 318 50.5 452 805 405 724 608  100.0
LoRA 46.8 73.1 787 731 25.7 494 436 754 393 694 575 946
AdaLoRA 439 69.4 817 708 26.1 49.7 420 745 386 703 567 933
RankAdaptor ~ 45.9 723 786 730 26.0 495 438 753 393 710 575 946
& RestoreLCC 38.8 65.3 777 614 25.5 44.8 400 723 369 695 538 886

@ & LaCo 412 69.8 69.7 695 26.5 43.0 418 778 379 630 540 889

< ShortGPT 46.0 715 707 740 26.7 472 430 746 380 682 560 921

>, Streamline 46.8 75.1 703 733 27.1 51.6 420 757 403 710 573 944

= OverRep 46.0 76.1 767 742 275 474 438 768 393 713 579 953

3 LoRA 322 54.8 643 566 22,9 44.7 354 653 347 650 476 783
AdaLoRA 30.0 48.8 624 513 224 339 314 647 338 638 443 728
RankAdaptor ~ 32.7 55.0 640 566 2.7 447 356 656 354 657 478 787

& RestoreLCC 294 432 622 454 22.6 29.7 318 592 330 634 420  69.1
2 LaCo 343 52.1 627 574 237 29.8 356 701 285 624 457 752
ShortGPT 334 53.5 643 568 227 379 362 663 350 650 471 715
Streamline 345 61.1 646 570 234 50.3 368 678 373 657 499 821
OverRep 36.7 65.1 709  59.1 237 50.3 390 698 378 670 519 855
- Dense 46.2 718 730 736 34.4 54.1 430 773 398 691 582 1000
LoRA 35.7 548 682 583 26.6 46.3 342 692 362 635 493 847
AdaLoRA 323 54.1 646 539 24.1 476 332 662 343 658 476 818
RankAdaptor  35.9 56.5 669  58.1 26.2 45.7 328 684 353 639 490 841
«  RestoreLCC 323 492 704 505 245 46.7 314 649 337 653 469 805

o & LaCo 34.0 62.0 625 548 26.6 325 324 699 375 580 470 807

@ ShortGPT 34.6 537 703 562 25.1 414 322 676 353 640 480 825

< Streamline 36.4 63.7 63.1 584 254 482 348 697 368 650 502  86.1

= OverRep 39.2 66.0 679 595 257 549 366 705 380 668 525 902

—

- LoRA 26.1 41.0 493 369 23.0 23.1 292 609 297 521 371 638
AdaLoRA 24.1 343 564 331 22.1 229 276 574 254 510 354 608
RankAdaptor 252 438 516 365 234 232 294 608 276 518 372 639

& RestoreLCC 233 30.1 382 297 2.7 23.0 270 547 239 493 322 553
2  LaCo 239 423 594 336 21.8 23.0 276 606 266 505 369 634
ShortGPT 226 40.7 485 348 22.1 239 278 589 269 518 358  6L5
Streamline 253 53.5 570 363 237 23.0 328 653 277 537 398 684
OverRep 29.1 55.4 614 426 237 24.8 326 645 304 565 421 723
- Dense 532 81.2 820  79.0 39.7 63.1 448 811 389 742 637 1000
LoRA 413 61.7 717 685 28.1 54.0 376 715 368 633 535 839
AdaLoRA 41.1 64.9 676  63.7 29.7 56.5 368 710 379 695 539 845
RankAdaptor 433 67.3 756  68.6 29.7 55.5 386 725 378 662 555 87.1
«  RestoreLCC 38.1 60.0 624 576 28.1 36.0 334 692 362 683 489 768

o & LaCo 40.4 61.5 665 674 285 41.0 392 756 362 640 520 817

* ShortGPT 417 67.6 762 684 30.2 577 384 729 390 698 562 882

< Streamline 455 736 648  69.0 29.5 61.5 394 740 381 708 566 889

= OverRep 474 74.8 754 693 29.2 60.7 408 748 385 709 582 913

—

- LoRA 273 423 607 424 21.9 23.0 324 624 312 577 401 630
AdaLoRA 25.0 378 620 383 217 229 284 597 279 561 380  59.6
RankAdaptor  26.8 415 599 426 219 23.1 324 623 310 566 398 625

& RestoreLCC 245 334 58.1 318 214 229 264 537 230 515 347 544
2 LaCo 254 46.2 61.1 417 22,9 23.0 282 615 300 562 396 622
ShortGPT 26.8 48.0 620 446 228 248 320 631 321 581 414 650
Streamline 26.7 55.9 621  40.1 23.0 23.0 340 672 298 518 414 649
OverRep 33.8 58.5 620 484 2.4 233 348 672 322 605 443 695

Table 19: Experimental results of reasoning tasks on LLaMA2 and LLaMA3 reported as accuracy and RP.



PR Method ARC_C ARC_E BoolQ Hella. MathQA MMLU OBQA PIQA RACE Wino. Avg. RP
- Dense 51.7 78.8 83.2 73.6 54.0 71.2 41.2 78.2 40.7 70.5 64.3  100.0
LoRA 37.5 59.5 63.9 539 26.1 36.9 33.0 66.1 36.0 63.6 4777 741

AdaLoRA 323 53.8 71.7 49.8 26.5 32.0 29.8 63.9 34.3 63.7 458 712
RankAdaptor 36.6 579 65.0 539 25.7 36.3 332 65.4 34.4 63.0 47.1 733

¥ RestoreLCC 31.2 40.8 70.1 40.5 23.5 232 31.6 59.4 26.8 60.4 40.8 634

& LaCo 353 63.0 68.2 513 26.2 317 34.0 68.8 345 57.3 47.0  73.1

a ShortGPT 36.8 66.8 62.2 539 27.0 25.2 34.6 71.1 33.1 56.1 46.7 726
fé Streamline 355 64.1 63.0 57.2 25.2 23.0 37.0 71.7 35.5 65.0 477 742
g OverRep 39.1 67.3 64.3 57.1 275 243 35.6 70.5 35.7 62.9 484 753
< LoRA 26.3 44.0 54.3 33.1 21.6 23.0 272 60.0 26.5 51.6 368 572
AdaLoRA 24.6 37.8 455 31.1 20.6 229 28.4 57.5 249 51.8 345 537
RankAdaptor 26.9 452 55.7 33.1 21.7 23.0 27.8 58.8 259 50.8 369 574

¥ RestoreLCC 27.0 28.3 60.4 27.6 19.6 229 28.0 522 21.5 49.3 337 524

? LaCo 24.1 414 60.4 30.4 21.6 23.0 27.6 57.5 26.2 523 365  56.7
ShortGPT 24.1 47.7 483 33.7 22.1 23.0 28.2 58.9 25.6 52.5 364  56.6

Streamline 26.6 54.1 55.1 36.2 23.4 23.0 29.8 62.8 27.0 55.0 393 611

OverRep 27.2 56.5 61.9 38.4 225 23.0 322 64.5 28.8 535 409 635
- Dense 56.9 82.0 83.1 78.6 54.2 74.7 422 79.5 422 72.2 66.6  100.0
LoRA 40.8 64.0 69.8 60.0 31.0 65.9 33.0 67.6 36.2 63.2 532 799

AdaLoRA 353 57.7 62.3 56.2 29.0 523 322 67.2 359 65.7 494 742
RankAdaptor 41.0 64.5 67.6 58.7 30.7 67.6 34.0 66.7 39.2 63.9 534 802

¥ RestoreLCC 329 44.4 62.2 452 23.8 63.9 342 62.1 30.0 63.2 462 694

& LaCo 38.6 66.2 63.1 56.8 28.1 34.1 35.4 70.7 36.3 59.5 489 734

a ShortGPT 39.8 71.3 52.5 60.6 28.8 25.5 40.4 74.8 33.4 56.3 483 726
fé Streamline 39.5 72.1 62.2 61.7 29.7 23.0 39.8 75.8 35.8 55.4 495 744
g OverRep 41.1 69.5 62.7 60.8 29.1 64.4 36.2 713 36.4 65.0 537  80.6
< LoRA 27.0 48.1 61.3 35.4 21.1 229 29.0 60.7 26.1 51.7 383 576
AdaLoRA 253 39.5 62.0 325 21.0 229 30.8 59.6 25.6 49.4 369 554
RankAdaptor 27.5 48.0 61.6 35.7 21.6 229 30.0 60.8 26.6 50.4 385 579

¥ RestoreLCC 27.5 27.1 38.0 28.9 18.7 22.8 30.0 54.9 22.6 51.5 322 484

# LaCo 24.9 424 62.2 32.5 20.7 23.0 28.4 59.1 272 51.6 372 559
ShortGPT 23.0 48.0 52.1 35.5 21.9 23.0 28.4 62.2 24.8 522 37.1 55.8

Streamline 26.2 58.2 62.1 39.4 22.5 229 32.0 66.0 28.3 53.0 411 61.7

OverRep 28.9 58.0 59.5 41.5 23.1 23.0 36.4 66.4 29.7 533 420  63.1

Table 20: Experimental results of reasoning tasks on Qwen3 reported as accuracy and RP.



PR Method CoQA GSMS8K TriviaQA Avg. RP
- Dense 75.4 13.9 59.9 49.7 100.0
LoRA 54.2 2.0 20.2 255 512
AdaLoRA 54.4 24 19.9 256 514
RankAdaptor  47.5 2.1 18.9 228 459
¥ RestoreLCC 62.8 1.7 17.9 275 552
m & LaCo 19.4 0.6 37.0 19.0 382
:] ShortGPT 49.8 2.0 19.5 23.8 478
< Streamline 70.9 2.7 16.4 30.0 60.3
% OverRep 72.4 24 17.6 30.8 61.9
|
— LoRA 22.8 1.6 4.1 95 191
AdaLoRA 20.6 1.5 3.1 84 169
RankAdaptor  25.4 2.4 39 10.6 212
® RestoreLCC  26.7 14 2.5 102 20.5
2 LaCo 18.5 0.7 12.8 10.7 215
ShortGPT 29.7 1.0 7.0 126 252
Streamline 8.9 1.7 9.2 6.6 13.3
OverRep 36.7 0.9 6.2 146 294
- Dense 76.5 24.9 66.2 55.9 100.0
LoRA 62.2 5.6 33.8 339  60.6
AdaLoRA 61.1 3.1 29.0 31.1  55.6
RankAdaptor  61.4 6.4 33.7 338 60.6
¥ RestoreLCC 73.1 1.7 20.9 319 57.1
m & LaCo 48.0 3.6 52.3 346 62.0
"7’ ShortGPT 54.1 0.0 26.6 269 48.1
< Streamline 77.6 7.1 23.1 359 643
_Eu OverRep 76.7 9.4 26.6 37.6 672
j LoRA 50.3 1.6 9.9 20.6 369
AdaLoRA 384 1.3 7.3 157 28.0
RankAdaptor  48.0 22 9.8 200 35.8
® RestoreLCC  36.8 0.6 1.9 13.1 234
2 LaCo 20.6 14 19.4 13.8 246
ShortGPT 47.8 0.0 104 19.4 347
Streamline 39.9 1.8 8.7 16.8  30.1
OverRep 59.6 23 8.7 235 421
- Dense 75.9 25.2 56.3 52.5 100.0
LoRA 38.4 33 13.4 184 35.0
AdaLoRA 42.6 3.0 13.2 19.6 374
RankAdaptor  41.1 3.6 13.0 19.2  36.7
® RestoreLCC  48.0 2.0 8.6 195 372
m & LaCo 34.5 2.0 14.0 16.8  32.0
: ShortGPT 26.0 45 11.1 139 264
< Streamline 56.3 2.0 13.6 240 457
= OverRep 589 26 127 247 471
|
— LoRA 9.4 1.7 3.7 49 94
AdaLoRA 3.8 1.7 1.3 23 4.3
RankAdaptor 9.6 1.3 3.1 4.7 8.9
® RestoreLCC 2.0 1.1 0.4 12 22
& LaCo 5.6 0.0 4.1 32 62
ShortGPT 3.6 1.5 1.3 2.1 4.1
Streamline 8.3 1.7 0.2 34 6.5
OverRep 12.3 1.1 34 56 107
Dense 79.3 49.5 66.5 65.1 100.0
LoRA 44.8 14.8 18.3 260 399
AdaLoRA 58.4 16.8 18.1 31.1  47.
RankAdaptor  45.3 18.9 19.4 279 428
& RestoreLCC  52.5 49 13.6 237 364
m & LaCo 56.8 53 30.8 31.0 47.6
:.'; ShortGPT 37.6 7.8 17.4 209 321
< Streamline 66.3 8.6 16.5 30.5 46.8
% OverRep 68.8 9.9 18.9 32,5 50.0
|
— LoRA 18.2 1.4 4.0 79 121
AdaLoRA 9.2 2.7 24 4.8 7.3
RankAdaptor  18.5 1.4 4.1 8.0 12.3
® RestoreLCC 2.3 1.4 0.2 1.3 2.0
2 LaCo 22.3 0.9 8.8 10.7 164
ShortGPT 16.3 0.2 7.2 79 121
Streamline 8.8 1.4 0.9 37 5.7
OverRep 21.8 1.7 53 9.6 147

Table 21: Experimental results of generation tasks on
LLaMA2 and LLaMA3 reported using task-specific met-

rics and RP.

PR Method CoQA GSM8K TriviaQA Avg. RP
- Dense 83.2 84.7 50.6 72.8  100.0
LoRA 33.6 1.4 8.2 144 198
AdaLoRA 37.9 2.1 8.5 162 222
RankAdaptor ~ 30.1 2.1 6.9 130 179
¥ RestoreLCC 23.7 1.1 3.8 9.5 13.1
& LaCo 25.6 0.8 13.2 132 181
a ShortGPT 24.9 0.5 21.0 155 212
< Streamline 39.3 24 207 208 286
g OverRep 57.4 25 11.6 238 327
< LoRA 7.7 1.7 33 42 58
AdaLoRA 44 1.1 0.7 21 28
RankAdaptor 8.1 1.6 3.6 4.4 6.1
& RestoreLCC 3.2 0.5 12 1.6 22
2 LaCo 42 0.0 12 18 25
ShortGPT 33 0.0 0.3 12 16
Streamline 8.6 0.4 6.1 5.0 6.9
OverRep 16.2 1.1 5.0 74 102
- Dense 84.4 85.4 61.6 77.1 100.0
LoRA 36.2 5.8 13.2 184 239
AdaLoRA 483 3.0 105 206 267
RankAdaptor ~ 45.7 6.1 135 218 282
& RestoreLCC 315 2.1 10.2 146 189
& LaCo 31.2 0.8 18.0 167 216
= ShortGPT 225 0.9 33.9 19.1 248
< Streamline 272 1.9 426 239 310
g OverRep 56.5 24 13.8 242 314
< LoRA 11.7 12 42 57 14
AdaLoRA 5.4 1.1 0.9 25 32
RankAdaptor  11.5 0.8 45 56 13
& RestoreLCC 4.2 0.9 1.0 20 26
? LaCo 2.7 0.0 1.9 15 20
ShortGPT 24 0.0 0.0 08 1.0
Streamline 10.6 1.4 5.1 5.7 7.4
OverRep 12.6 0.1 7.5 6.7 87

Table 22: Experimental results of generation tasks on
Qwen3 reported with task-specific metrics and RP.
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