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Abstract
Transformers and state-space models (SSMs)
are the two dominant families of sequence mod-
els, and a central open question is how far
the analytical knowledge built for transform-
ers transfers to SSMs. We address this through
the lens of layer importance which underpins
compression, selective fine-tuning, and inter-
pretability across both families. We decompose
layer importance into two distinct notions. Ne-
cessity captures how much the pretrained model
depends on a layer’s existing contribution, mea-
sured by the loss increase from bypassing it.
Plasticity captures where the model absorbs
new information during fine-tuning, measured
by the magnitude of task-specific weight up-
dates. Our analysis reveals that the two fami-
lies behave fundamentally differently: in every
evaluated residual transformer up to 14B pa-
rameters, Necessity and Plasticity anti-align
across depth, whereas in the evaluated Mamba-
style SSMs they point to overlapping regions.
The sign of this alignment also predicts down-
stream adaptation behavior. In the evaluated
transformers, concentrating updates in the most
plastic layers increases catastrophic forgetting,
while this tier-dependent effect disappears in
the evaluated Mamba-style SSMs.

1 Introduction

Modern language modeling is still dominated by
residual transformers (Vaswani et al., 2023), but se-
lective state-space models have emerged as a major
alternative architecture (Gu and Dao, 2024; Dao
and Gu, 2024). A large body of work on transform-
ers has produced mature tools for pruning (Gromov
et al., 2025; Men et al., 2025), parameter-efficient
fine-tuning (Hu et al., 2021), and interpretability
(Meng et al., 2023; Song et al., 2026), many of
which rely on estimating layer importance (Zhang
et al., 2024; Naim et al., 2026; Xu et al., 2026; Yao
et al., 2024). On the other hand, SSMs inherit the
same vocabulary but not, obviously, the same inter-
nal structure. The natural question is whether the

analytical tools calibrated on transformers transfer
to SSMs, or whether they silently measure some-
thing else when selective recurrent state dynamics
replace attention-based token mixing. We study
this question by decomposing layer importance
into two distinct notions. Necessity measures how
much the pretrained model depends on a layer’s
existing contribution, quantified through the loss
increase caused by bypassing the layer. Plastic-
ity measures where the model absorbs new infor-
mation during adaptation, quantified through the
magnitude of task-specific weight updates during
fine-tuning. Although these notions are often con-
flated under a single notion of “importance,” they
capture fundamentally different properties: prun-
ing and interpretability primarily rely on Necessity
(Men et al., 2025; Zhang et al., 2024), while se-
lective fine-tuning relies on Plasticity (Pan et al.,
2024; Zhang et al., 2023; Qing et al., 2024; Hayou
et al., 2026). The key question is whether these
two quantities identify the same regions of a net-
work, and whether this relationship transfers across
architectures.

To make this distinction explicit, we introduce
Necessity-Plasticity Alignment (NPA): the mean
Spearman correlation, across tasks, between an
ablation-based Necessity ranking and a LoRA-
update-magnitude-based Plasticity ranking of the
model’s layers. Positive NPA means that the
same layers are both necessary and plastic; neg-
ative NPA means that pretrained dependence and
adaptation concentrate at opposite ends of the net-
work; values near zero indicate that no stable depth
ordering exists without specifying the estimator.

Across the evaluated transformer and Mamba-
style checkpoints, NPA separates the two families
cleanly. Every evaluated residual transformer up to
14B parameters exhibits negative alignment: early
layers are most necessary, while late layers are
most plastic. In contrast, every evaluated Mamba-
style SSM exhibits positive alignment, with Ne-
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Figure 1: Layer importance is method-relative and
architecture-conditional. Left: Estimators projected
onto the Necessity–Plasticity plane (mean Spearman
correlation with ablation, vertical; with LoRA-delta, hor-
izontal). In transformers, gradient and resnorm methods
align with Necessity; activation norm and TELL-TALE
align with Plasticity. In Mamba, estimators cluster in
the mixed-positive region. Right: NPA(M) across
checkpoints (bars: bootstrap 95% CI). Every evalu-
ated transformer up to 14B is negative; every evaluated
Mamba-style SSM is positive; the two largest transform-
ers collapse toward zero. Dashed lines mark family
means.

cessity and Plasticity concentrated in overlapping
regions. This contrast persists across importance
estimators, survives removal of the first layer, and
extends beyond Mamba to RWKV and a hybrid ar-
chitecture. It is also not an artifact of low-rank
adaptation: an adapter-free control that recom-
putes Plasticity from full-parameter fine-tuning pre-
serves the sign of NPA on every checkpoint we
retrained (Appendix E.3). Larger transformers, in-
cluding Qwen3-32B and Llama-3.1-70B, do not
enter the SSM regime; instead, their alignment col-
lapses toward zero. The same split predicts down-
stream adaptation behavior: transformers show tier-
dependent forgetting when successive tasks adapt
highly plastic layers, whereas this effect vanishes
in Mamba-style SSMs 1

Contributions. 1) We introduce Necessity-
Plasticity Alignment (NPA), a diagnostic that
measures the agreement between pretrained layer
dependence and task-specific adaptation across
depth.

2) We find a robust architecture-dependent split:
every evaluated residual transformer up to 14B ex-
hibits negative NPA, with early layers most neces-
sary and late layers most plastic, whereas the eval-
uated Mamba-style SSMs exhibit positive NPA,
with Necessity and Plasticity concentrated in over-

1Code, per-layer importance scores, and anal-
ysis scripts: https://github.com/chandar-lab/
layer-importance-ssm-vs-transformers.

lapping regions. The split survives an adapter-free
full fine-tuning control and reappears within a sin-
gle hybrid checkpoint.

3) We show that NPA predicts selective fine-
tuning behavior in a controlled two-task continual-
learning probe: the evaluated transformers exhibit
strong forgetting when both tasks adapt the same
highly plastic layers, while this tier-dependent in-
terference disappears in the evaluated Mamba-style
SSMs.

2 Related Work

Importance-guided PEFT and rank/placement
allocation. A growing line of parameter-efficient
fine-tuning (PEFT) work argues that adap-
tation should not be uniform across depth.
AdaLoRA (Zhang et al., 2023) reallocates rank
by singular-value importance during training; Al-
phaLoRA (Qing et al., 2024) assigns LoRA ex-
perts using heavy-tailed self-regularization statis-
tics; Layer Card (Xu et al., 2026) introduces
resnorm as a reusable layer diagnostic for selec-
tive placement; ShapLoRA (Zhao et al., 2026) uses
Shapley-style sensitivity scores; and PLoP (Hayou
et al., 2026) proposes a precise placement signal
driven by neural-feature norms. Each of these meth-
ods proposes a single importance estimator and
studies it in isolation. Recent work has also be-
gun to ask whether compression, PEFT, and inter-
pretability tools developed for transformers transfer
to selective state-space models. LoRA-style adap-
tation has been extended to Mamba-style architec-
tures (Galim et al., 2025), while layer pruning and
relevance-propagation methods have been adapted
to selective SSMs (Munoz et al., 2025; Jafari et al.,
2025). These works motivate cross-architecture
comparisons, but they do not ask whether different
task-sensitive importance estimators agree on the
same checkpoints

Layer roles, redundancy, and depth-dependent
task usage. A parallel literature studies which
layers are useful, redundant, or task-specific in
pretrained models. ShortGPT (Men et al., 2025)
shows that many transformer layers can be removed
with limited degradation; TELL-TALE (Naim et al.,
2026) performs task-aware layer elimination; Song
et al. (2026) argue that depth contributes differently
to retrieval, knowledge, and reasoning; Yao et al.
(2024) study layer-wise importance for memory-
efficient PEFT. Zhang et al. (2024) identify “cor-
nerstone” layers via Shapley-style ablation, finding

https://github.com/chandar-lab/layer-importance-ssm-vs-transformers
https://github.com/chandar-lab/layer-importance-ssm-vs-transformers


early-layer dominance, a phenomenon we recover
under ablation but show dissolves under LoRA
delta on the same checkpoint. Nepal et al. (2025)
report that the layers ablation identifies as impor-
tant for mathematical reasoning are stable across
pretraining and post-training. Shi et al. (2025) learn
binary masks for layer significance during align-
ment and observe high overlap across alignment
datasets, all under a single estimator. These results
document stability within one estimator; we docu-
ment the orthogonal fact that across estimators, the
very identity of “important” layers changes, and
that whether it changes is architecture-conditional.

Method disagreement in attribution and impor-
tance. Disagreement between attribution meth-
ods is an established finding in the explainabil-
ity literature. Adebayo et al. (2020) show that
gradient-saliency maps survive parameter random-
izations that destroy network behavior, evidence
that gradient attribution does not measure the same
thing as causal intervention. Ancona et al. (2018)
unify gradient-based methods as varying-fidelity
linearizations of true ablation; Sundararajan et al.
(2017) prove that no attribution method satisfies
sensitivity, implementation invariance, and com-
pleteness simultaneously. Krishna et al. (2024)
measure the magnitude of feature-level attribution
disagreement and characterize how practitioner in-
terpretations shift with the method chosen. Our
contribution shifts the disagreement from feature
attributions to layer rankings, from a single archi-
tecture to a transformer/SSM contrast, and from
“expected at high resolution” to a structurally pre-
dictable function of residual-stream gradient flow.

3 Layer-Importance Diagnostic Protocol

Our goal is to determine whether commonly used
layer-importance estimators measure the same un-
derlying property across architectures, or whether
their behavior depends on the distinction between
pretrained reliance and adaptation dynamics. We
therefore study layer importance through two com-
plementary quantities: Necessity and Plasticity.

Necessity. Necessity measures how much the pre-
trained model depends on a layer’s existing con-
tribution at inference time. A layer is considered
necessary if bypassing it substantially degrades per-
formance. For a model M with layers {ℓi}Li=1, we
define the Necessity score of layer ℓi on task t as:

N(ℓi;M, t) = L
(
M\ℓi , t

)
− L(M, t),

where L denotes the task loss and M\ℓi is the model
with layer ℓi bypassed. Larger values indicate that
the pretrained computation relies more strongly on
that layer.

Plasticity. Plasticity measures where the model
absorbs new information during adaptation. Rather
than quantifying reliance on the pretrained compu-
tation, it measures how strongly each layer changes
during task-specific fine-tuning. Using LoRA adap-
tation, we define the Plasticity score of layer ℓi
as:

P (ℓi;M, t) =
∥∥∥∆W

(t)
i

∥∥∥
F
,

where ∆W
(t)
i is the learned LoRA update for layer

ℓi on task t, and ∥ · ∥F denotes the Frobenius norm.
Larger values indicate that adaptation concentrates
more strongly in that layer.

Although both quantities are often grouped un-
der a single notion of “importance,” they capture
fundamentally different properties. Necessity mea-
sures dependence of the pretrained model on an
existing computation, whereas Plasticity measures
receptivity to new information during adaptation.
The relationship between these two quantities is
therefore an empirical and architectural question.

To study this relationship, we introduce
Necessity-Plasticity Alignment (NPA), defined as
the Spearman correlation between layer rankings
induced by Necessity and Plasticity:

NPA(M, t) = ρSpearman

(
RNec(M, t), RPlast(M, t)

)
,

where RNec and RPlast denote the corresponding
layer rankings for model M on task t.

Positive NPA indicates that the same layers are
both necessary and plastic, while negative NPA
indicates that pretrained reliance and adaptation
concentrate on opposite ends of the network. Val-
ues near zero indicate that no stable agreement
exists between the two notions of importance.

This protocol allows us to compare layer-
importance structure across architectures indepen-
dently of any single estimator. Rather than ask-
ing whether one importance metric is universally
correct, we ask whether different estimators con-
sistently align with Necessity or Plasticity, and
whether the relationship between these quantities
changes across model families.



4 Transformers and SSMs Disagree on
Layer Importance

We now apply the diagnostic protocol to the
transfer question directly. If transformer-derived
layer-importance concepts transferred uniformly
to SSMs, Necessity and Plasticity rankings should
relate similarly across both families. Instead, their
relationship changes sign across architectures.

4.1 Necessity–Plasticity Alignment changes
sign across architectures

Figure 1 reports NPA(M) between ablation-
based Necessity rankings and LoRA-delta-based
Plasticity rankings. The sign of NPA cleanly sep-
arates the two families. All evaluated Mamba-style
SSMs show positive alignment: layers receiving
larger LoRA updates are also those whose ablation
causes larger loss increases. In contrast, every eval-
uated residual transformer up to 14B shows nega-
tive alignment: the layers most necessary for pre-
serving pretrained computation are not the layers
where fine-tuning writes the largest task-specific
updates. Figure 2 resolves the same measurement
per (model, task) pair and shows that the split is not
carried by a handful of outlier tasks: within each
family the sign is consistent across the task suite.

The largest transformers weaken this pattern
without becoming SSM-like. Qwen3-32B and
Llama-3.1-70B move toward near-zero alignment,
suggesting a partial reorganization of Plasticity
rather than recovery of a universal layer order-
ing. This disagreement is not estimator noise:
LoRA-delta rankings remain self-consistent under
matched scopes while continuing to disagree with
ablation. Strong negative NPA requires a con-
centrated high-Necessity region together with an
adaptation profile that avoids it, and both ingre-
dients weaken with scale; since NPA is a rank
correlation, flattening either profile drives it toward
zero. We therefore state the negative-transformer
result for the evaluated ≤ 14B regime and do not
extrapolate beyond the measured checkpoints.

The split is not an artifact of low-rank adap-
tation. Because Plasticity is read off a LoRA
update, the split could in principle reflect where
LoRA places updates rather than a property of the
architecture. An adapter-free control on 13 check-
points rules this out (Appendix E.3): full-FT and
LoRA update profiles are positively rank-correlated
on every one, and the sign of the alignment is pre-
served throughout, negative for every evaluated

transformer with ablation baselines and positive or
near zero for the evaluated Mamba, RWKV, and
hybrid checkpoints. Normalizing updates by pre-
trained weight norm leaves this unchanged. The
conclusion therefore does not depend on LoRA
rank, scaling, initialization, or target-module selec-
tion.

Generalization beyond Mamba. The positive-
alignment regime is not specific to Mamba. RWKV
(Peng et al., 2023) exhibits strongly positive align-
ment (NPA = +0.54, with all per-task correla-
tions positive). Zamba2 (Glorioso et al., 2024),
a hybrid SSM+attention model, lies near zero but
slightly positive (NPA = +0.05), while Falcon-
Mamba-7B (Zuo et al., 2024) lies slightly below
zero (NPA = −0.02). Together, these results
suggest the ordering

NPASSM > NPAHybr. ≈ 0 > NPATransf.≤14B.

The transformer-SSM contrast is strongest at small
and medium scale, while very large transformers
and boundary SSMs move toward a shared near-
zero regime.

Necessity and Plasticity also dissociate within
a hybrid model. Zamba2-2.7B interleaves 9
shared-attention blocks among 45 Mamba blocks,
which lets us test the dissociation without changing
checkpoints. Attention blocks are only 16.7% of
the layers but absorb 36.3% of LoRA and 31.6%
of full-FT update mass, while carrying just 10.4%
of ablation Necessity mass, which concentrates in
the Mamba blocks (Appendix E.4). Zamba2’s near-
zero whole-model NPA is therefore the average
of a transformer-like and an SSM-like component,
not the absence of the effect.

4.2 Depth profiles explain the architecture
split

Figure 3 shows the spatial origin of the sign change.
In transformers, Plasticity concentrates near the
output side of the network, whereas Necessity con-
centrates near the input side, often dominated by a
strong layer-0 component. The two quantities there-
fore select opposite ends of depth, producing nega-
tive alignment. In Mamba-style SSMs, the profiles
are different but not spatially opposed. Plasticity
peaks in middle layers, while Necessity emphasizes
boundary layers with substantial overlap. Because
the two quantities co-occupy partially overlapping
regions, the resulting alignment remains positive.
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Figure 2: Per-task NPA across architectures and scales. Spearman ρ between Necessity and Plasticity rankings
per (model, task) pair. Transformers are predominantly negative (red) up to 14B, fading toward zero at larger scale.
Mamba-family and RWKV6-3B are positive (green). Hybrid and boundary models sit near zero.
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Structural asymmetry between transformer and SSM ablation importance

Figure 4: Leave-out-L0 and L0-share controls per check-
point. Transformers concentrate more ablation mass on
layer 0 than Mamba models, yet removing layer 0 shifts
transformer alignment toward zero without reversing its
sign, ruling out the embedding bottleneck as the sole
driver of the architecture split.

This depth organization also explains why large
transformers move toward zero alignment. Their
Necessity profiles remain strongly early-layer dom-
inated, but Plasticity becomes less purely termi-
nal and develops additional early-layer mass. The
resulting partial overlap weakens anti-alignment
without producing the positive agreement observed
in SSMs.

4.3 Layer-0 and metric controls

A natural alternative explanation is that the
transformer–SSM contrast is driven entirely by
layer 0. Figure 4 rules out this strong form. Remov-
ing layer 0 shifts transformer checkpoints toward
zero, but every evaluated transformer up to 14B

remains negatively aligned, while Mamba check-
points change minimally. Transformers do allo-
cate substantially more Necessity mass to layer 0
than Mamba models, but the anti-alignment per-
sists even after removing it, indicating a broader
depth-wise separation between Necessity and Plas-
ticity.

We also test whether ranking-based placement
conclusions transfer uniformly across validation
metrics. They do not. On multiple-choice evalua-
tion, the relative advantage of top-k versus bottom-
k placement depends on both the estimator and the
model family. Even after rankings are computed
under a shared proxy protocol, their downstream
interpretation remains metric-relative.

4.4 Estimator spectrum and implications

The Necessity–Plasticity distinction also organizes
estimators beyond the two anchors. In transformers,
gradient- and resnorm-based estimators align more
strongly with Necessity, while activation norm and
TELL-TALE align more strongly with Plasticity.
ShapLoRA occupies an intermediate position. In
Mamba, where Necessity and Plasticity are already
positively aligned, the estimators cluster within the
same mixed-positive region.

These results show that layer importance is not
a universal ordering of depth. Ablation-based,
adaptation-based, and proxy estimators are not
noisy measurements of a single latent ranking; they
measure different properties of the model. A layer
can be important because removing it disrupts pre-
trained computation, or because fine-tuning prefer-
entially writes into it.

Importance-guided placement should therefore
be treated as a measurement problem rather than a
model-independent fact.
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transformers (right, NPA < 0), top-k placement causes
significantly more forgetting than bottom-k (p<0.001,
66 pairs). In SSMs (left, NPA > 0), no significant
difference is observed (p=0.45, 54 pairs).

4.5 A two-task probe of the forgetting
mechanism

If NPA captures the spatial relationship between
Necessity and Plasticity, it should predict when se-
lective adaptation creates stability failures. We test
this in a controlled two-task setup where only the
adapted layers change. This experiment is a mech-
anism probe, not a continual-learning benchmark:
two tasks is the minimal setting in which forget-
ting is well defined, and restricting to it isolates
the Necessity–Plasticity overlap from confounds
longer sequences introduce (interference accumu-
lation, capacity saturation, implicit replay through
task similarity). We scope its conclusions to the
evaluated two-task setting and the fixed LoRA con-
figuration described here. For each model, we com-
pute LoRA-delta scores on a source task A, select
either the top-k most plastic or bottom-k least plas-
tic layers, fine-tune on task A, then fine-tune on
task B using the same layer subset. Forgetting is
measured on task A as

FR =
PPLafter

PPLbefore
.

Figure 5 shows that the plasticity-stability trade-
off is architecture-dependent. In transformers
(NPA < 0), adapting through the most plastic lay-
ers causes substantially more forgetting than adapt-
ing through the least plastic layers. The top-k con-
dition consistently lies above bottom-k, indicating
that highly plastic late layers form a shared adap-

tation bottleneck: successive tasks write into the
same narrow region and partially overwrite one an-
other. In Mamba-style SSMs (NPA > 0), this tier
effect disappears. Top-k and bottom-k placement
produce statistically indistinguishable forgetting
ratios (p = 0.45), consistent with Plasticity being
distributed rather than concentrated in a single vul-
nerable tier. Falcon-Mamba-7B lies between these
regimes: its near-zero alignment (NPA = −0.02)
is matched by a weak, marginally significant for-
getting effect (p = 0.055). Thus, NPA acts as a
continuous predictor of bottleneck risk: negative
alignment produces localized interference, near-
zero alignment produces unstable effects, and posi-
tive alignment produces no reliable tier-dependent
bottleneck. The same qualitative pattern is stable
across scale; we report the full scale-wise plot in
Figure 20 of Appendix H.

EWC regularization baseline. We also com-
pare placement against elastic weight consolidation
(EWC) (Kirkpatrick et al., 2017), which regularizes
parameter movement according to Fisher informa-
tion rather than restricting which layers are adapted.
Figure 6 shows that the plasticity–stability trade-
off has different geometry across architectures. In
both Mamba checkpoints, EWC achieves the low-
est median forgetting. For Mamba-790M, EWC
reaches a median forgetting ratio of 1.45×, com-
pared with 2.21× for top-k and 1.68× for bottom-
k (p = 0.004); Mamba-2.8B shows the same quali-
tative ordering. This supports the view that when
Plasticity is distributed across depth, stability is
better recovered by globally constraining update
magnitude than by selecting a small subset of lay-
ers.

In transformers, the tradeoff is more localized.
For Qwen3-0.6B, EWC reduces forgetting relative
to top-k but remains worse than bottom-k. For
Llama-3.2-3B, EWC is again worse than bottom-k
(p = 0.004). Thus, transformers benefit more from
avoiding the high-plasticity bottleneck, whereas
SSMs benefit more from global regularization.

Recommendation for adapter placement. In
the evaluated transformers (NPA < 0), the high-
Necessity and high-Plasticity regions are disjoint,
so placement is consequential: place adapters away
from the high-Necessity early block, or protect that
block when tasks arrive in sequence. In the evalu-
ated Mamba-style SSMs (NPA > 0), Plasticity is
distributed rather than concentrated in one vulnera-
ble tier, so globally constraining update magnitude
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Figure 6: EWC versus placement strategies across
architectures. Forgetting ratio for bottom-k, random-
k, top-k, and EWC (Fisher-weighted, all layers). In
Mamba-790M (NPA > 0, left), EWC achieves the low-
est forgetting. In both transformers (NPA < 0, centre
and right), bottom-k placement matches or beats EWC,
consistent with the shared-bottleneck mechanism.

(EWC) helps more than placement. Both rules are
read off the ≤ 14B regime and the two-task probe.

5 Mechanistic Account

The previous section showed that Necessity and
Plasticity anti-align in residual transformers but
align in Mamba-style SSMs. We now give a mech-
anistic account of this split. The central idea is
that transformer anti-alignment arises from a depth-
wise separation between pretrained dependence
and low-cost adaptation: early layers are costly to
remove, whereas later layers provide favorable sites
for task-specific updates. Mamba-style SSMs do
not exhibit the same systematic opposition across
depth, explaining why transformer-calibrated layer-
importance tools do not transfer uniformly across
architectures.

Necessity and Plasticity coincide only under
restrictive assumptions, such as locally isotropic
curvature, infinitesimal interventions, and uncon-
strained optimization. Large pretrained models do
not satisfy these assumptions in practice. The rel-
evant question is therefore not whether ablation
and LoRA-delta estimate the same latent quantity,
but when architecture makes their rankings align
or diverge.

We approach this question from two comple-
mentary perspectives. The first is a curvature view:
ablation importance measures the cost of removing

a layer’s pretrained contribution, whereas LoRA-
delta importance measures where optimization can
write a large, low-cost task-specific update.

The second is a residual-Jacobian view. In resid-
ual networks, removing layer l induces a perturba-
tion that propagates through the downstream Jaco-
bian product ∏

j>l

(I + Jfj ),

creating a directional asymmetry across depth.
Both perspectives predict the same empirical pat-
tern: early-layer concentration of Necessity and
late-layer concentration of Plasticity in transform-
ers.

5.1 Residual geometry biases Necessity
toward early layers in transformers

Consider a pre-LN residual block

hl = hl−1 + fl(hl−1),

with the loss attached to the final representation
hL. Bypassing the layer removes the residual com-
putation fl(hl−1) while preserving the skip path.
Linearizing the resulting perturbation gives

Iabl(l, t) ≈ Ex

[〈
∂Lt
∂hL

,( L∏
j=l+1

(I + Jfj )
)
fl(hl−1)

〉]
+O(∥fl(hl−1)∥2),

where Jfj denotes the Jacobian of block j.
This expression does not imply that early layers

must always dominate ablation. The downstream
Jacobian product can amplify, suppress, rotate, or
cancel perturbations. However, earlier residual
contributions propagate through more downstream
blocks and participate in constructing the repre-
sentations on which all later layers operate. This
creates a systematic structural bias toward the input
side of the network.

Figure 3 shows that this bias dominates empiri-
cally. In transformers, Necessity mass concentrates
strongly in early layers, often with a pronounced
layer-0 spike, whereas Plasticity concentrates near
the output side of the network. The result is a spa-
tial separation between pretrained dependence and
task adaptation.

Under the curvature interpretation, the same pat-
tern emerges for a complementary reason. Late
transformer layers can absorb task-specific updates



with more direct influence on the final output and
less disruption to earlier computations, making
them favorable locations for adaptation. Plastic-
ity therefore accumulates late even when Necessity
remains concentrated early.

Together, these effects predict negative align-
ment between Necessity and Plasticity in residual
transformers.

Prediction 1: In residual transformers, Neces-
sity and Plasticity should be negatively correlated
across depth.

5.2 Mamba-style SSMs weaken this
depth-wise separation

The transformer mechanism relies not only on
residual depth, but on a particular depth or-
ganization: pretrained dependence concentrates
early, while low-cost adaptation concentrates late.
Mamba-style SSMs retain residual depth, but their
selective recurrent dynamics do not induce the
same empirical separation.

First, every Mamba layer directly reads the cur-
rent token through a learned selective gate. Input in-
formation is therefore injected continuously across
depth rather than once at the beginning of a residual
stream. No single layer plays the privileged initial-
ization role associated with transformer layer 0,
so there is no structural reason for Necessity to
collapse toward the input side. Second, the selec-
tive recurrence propagates information through an
impulse-response operator Φj,l(x) whose eigenval-
ues remain bounded inside the unit disk (Gu and
Dao, 2024). The expected propagation norm there-
fore depends primarily on distance |j − l| rather
than direction from input to output. Gradient prop-
agation through the recurrence does not preferen-
tially amplify late-layer adaptation.

Together, these properties remove the architec-
tural mechanism forcing separation between Ne-
cessity and Plasticity. Figure 3 shows the result-
ing behavior empirically: in Mamba, Necessity
and Plasticity occupy partially overlapping regions
rather than opposite ends of depth.

Appendix A.4 formalizes this intuition. Under
assumptions B1′–B2, the mass-displacement coef-
ficient δ governing separation between Necessity
and Plasticity vanishes asymptotically:

|δ| ≤ 2K

L
→ 0 as L/K → ∞.

Thus, under the stated assumptions, the mecha-
nism producing systematic rank anti-correlation in

transformers vanishes asymptotically.
Prediction 2: Mamba-style SSMs should not

exhibit systematic negative Necessity–Plasticity
Alignment; their alignment should be non-negative
or near zero.

5.3 Layer-0 controls rule out a pure
embedding-bottleneck explanation

The residual account further predicts that transform-
ers should allocate unusually large Necessity mass
to layer 0. Figure 4 confirms this prediction: trans-
formers assign substantially more ablation mass to
layer 0 than Mamba models.

However, layer-0 dominance alone does not ex-
plain the full architecture split. If the effect were
purely an embedding bottleneck artifact, remov-
ing layer 0 from the rankings should eliminate
the transformer–SSM contrast. Instead, Figure 4
shows that the contrast survives. Transformer align-
ment becomes less negative but remains negative,
whereas Mamba checkpoints remain positive.

The phenomenon therefore reflects a broader
separation between early-side Necessity and late-
side Plasticity rather than a single anomalous layer.

Prediction 3: Removing layer 0 should weaken
negative alignment in transformers.

5.4 Curvature measurements support the
decomposition

The curvature account predicts that layer-wise cur-
vature should co-vary with Necessity and anti-
correlate with Plasticity in transformers, but not
in SSMs. We test this using diagonal Fisher infor-
mation:

Fl = Ex

[
∥∇θlL∥

2
]
.

Figure 7 supports this prediction. In transform-
ers, Fisher curvature co-varies with Necessity and
anti-correlates with Plasticity: high-Fisher layers
are costly to remove but receive smaller LoRA
updates. In SSMs, Fisher remains positively asso-
ciated with Necessity and no longer anti-correlates
with Plasticity. Thus, curvature separates pre-
trained dependence from adaptation in transformers
but not in the same way in Mamba-style SSMs.

5.5 Scale and estimator structure
The same account explains why transformer anti-
alignment weakens at larger scale. Negative align-
ment requires early Necessity together with late-
concentrated Plasticity. Qwen3-32B and Llama-
3.1-70B retain early Necessity, but their Plastic-
ity profiles develop an additional early-layer mode
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Figure 7: Fisher curvature supports the Necessity–
Plasticity split. Two size-matched SSM–Transformer
pairs (∼3B: Mamba-2.8B vs. Llama-3.2-3B; ∼1B:
Mamba-790M vs. Qwen3-0.6B). Top: depth profiles of
Fisher curvature (dotted), Necessity (solid), and Plas-
ticity (dashed). Middle/Bottom: scatter of Fisher vs.
ablation and vs. LoRA delta. In transformers, Fisher cur-
vature co-varies with Necessity and anti-correlates with
Plasticity. In SSMs, both correlations are non-negative.

(Figure 21, and greater depth and redundancy flat-
ten both profiles. This partial overlap collapses
NPA toward zero without producing the positive
alignment observed in SSMs. The mechanism pre-
dicts the direction of the trend but not where it
terminates, so we do not extrapolate the sign be-
yond the measured checkpoints.

Finally, the decomposition also organizes proxy
estimators. Figure 1 shows that, in transformers,
gradient- and resnorm-based methods align more
strongly with Necessity, while activation norm
and TELL-TALE align more strongly with Plas-
ticity; ShapLoRA lies between them. In Mamba-
style SSMs, where the anchors are already posi-
tively aligned, estimators cluster in the same mixed-
positive region. Layer importance is therefore not
a universal ordering of depth, but a measurement
whose meaning depends on both architecture and
intervention.

6 Conclusion

We showed that layer importance is not a model-
independent ordering of depth. By separating im-
portance into Necessity, the dependence of the pre-
trained model on a layer’s existing computation,
and Plasticity, the tendency of adaptation to write
task-specific updates into that layer, we find a sys-
tematic architecture-dependent split. Every evalu-
ated residual transformer up to 14B exhibits nega-

tive Necessity–Plasticity Alignment: early layers
are most necessary, while later layers are most plas-
tic. The evaluated Mamba-style SSMs instead show
positive or near-zero alignment, with the two quan-
tities occupying overlapping regions of depth. The
split survives an adapter-free control and reappears
within a hybrid checkpoint.

This split is not only diagnostic; it predicts the
stability cost of selective adaptation. In a con-
trolled two-task probe, adapting the most plas-
tic layers of the evaluated transformers creates a
shared late-layer bottleneck and increases forget-
ting, whereas in the evaluated Mamba-style SSMs
this tier-dependent effect largely disappears. Layer-
0 controls, and corroborating curvature measure-
ments, support the same interpretation: transformer
anti-alignment reflects a broader separation be-
tween pretrained dependence and adaptation, not a
single anomalous layer.

Overall, layer-importance methods should be
treated as measurements of specific properties
rather than interchangeable estimates of one univer-
sal ranking. Tools calibrated on transformers may
therefore fail silently on recurrent or hybrid archi-
tectures, where the geometry of stored computation
and new adaptation can differ fundamentally.
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7 Limitations

Our analysis studies layer importance through two
operational anchors: ablation-induced loss increase
for Necessity and update magnitude for Plastic-
ity. These definitions are well matched to pruning
and parameter-efficient adaptation, but they do not
cover all possible notions of importance. Plastic-
ity in particular is defined through the outcome of
an adaptation procedure rather than as an intrinsic
layer property. We reduce, but do not eliminate,
the resulting dependence: Appendix E.3 shows that
replacing LoRA with unconstrained full-parameter
fine-tuning, and normalizing updates by pretrained
weight norm, both preserve the sign of NPA on



every retrained checkpoint. Other adaptation pro-
cedures (prefix tuning, other PEFT families, dif-
ferent optimizers or budgets) were not tested. On
the Necessity side, ablation measures coarse to-
tal functional reliance at the layer level; activa-
tion patching, causal tracing, and optimizer-state
analyses could decompose that reliance into finer
mechanisms and may expose additional structure.
Our model coverage spans transformers, Mamba-
style SSMs, RWKV, and hybrid checkpoints, but re-
mains limited relative to the full architecture space,
and all architecture-level statements in this paper
should be read as scoped to the evaluated check-
points and scales. In particular, hybrid models and
very large transformers move toward a near-zero
alignment regime, so NPA should be interpreted
as a continuous diagnostic rather than a strict fam-
ily label. The negative-transformer result is es-
tablished at ≤ 14B; at 32B and 70B the effect is
near zero, and we have no evidence about scales
beyond 70B. The hybrid component analysis rests
on a single checkpoint with one attention/SSM ra-
tio. The mechanistic account is also partial. The
residual-Jacobian and curvature views explain the
observed depth-wise patterns and are supported by
layer-0 controls and Fisher measurements, but the
theoretical argument relies on simplifying assump-
tions. Diagonal Fisher is a coarse proxy for curva-
ture: it discards off-diagonal terms and is sensitive
to parameter scale, so we use it as corroborating
evidence only. None of the paper’s main claims
depend on it. Finally, our continual-learning ex-
periments are a two-task mechanism probe rather
than a benchmark. They isolate layer placement
under fixed LoRA configurations, task pairs, and
optimization budgets. Longer or more varied task
sequences, different ranks, longer training, replay,
or full-model updates may change the magnitude
and even the ordering of forgetting effects. Our
conclusion is therefore not that one placement rule
is universally optimal, but that the meaning and
risk of layer selection depend on architecture and
on what the estimator measures.
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A Formal Theory: Necessity and
Plasticity as Distinct Functionals

The body of the paper argues, informally, that abla-
tion and LoRA delta should be expected to disagree
on residual transformers and to agree on Mamba.
This appendix gives that argument a formal back-
bone. We state three theorems and one corollary
that together: (i) separate ablation and LoRA delta
as projections of the loss landscape onto two struc-
turally distinct subspaces (Theorem A.1); (ii) prove
a rigorous mass-displacement bound for residual
transformers (Theorem A.3, δ = Ĩa(E)+ Ĩ∆(Ē)−
1 ≥ τ −L(1+β)L/(κ+L(1+β)L)) and convert
it to a Spearman bound under an explicit profile-
shape condition (Lemma A.4); (iii) show that the
analogous bound vanishes for state-space recur-
rences satisfying an expected symmetric-mixing
condition (Theorem A.6); and (iv) explain, as
Corollary A.8, why bimodal LoRA-delta profiles
drive |ρs| toward zero rather than reversing its sign.

A note on what is and is not proven. Theo-
rems A.3 and A.6 are rigorous mass-displacement
statements that follow directly from the assump-
tions. The Spearman correlation bound is a sepa-
rate statement, conditional on a profile-shape as-
sumption (monotonicity or unimodality) that we
state explicitly and verify empirically rather than
derive from the architectural assumptions alone.
This separation makes the load-bearing premises
visible.

We use the same notation throughout: θ0 are
the pretrained parameters, Lt(θ) is the task loss,
gl = ∇θlLt(θ0), Hll = ∇2

θlθl
Lt(θ0) is the layer-

local Hessian block, Sl is the LoRA-accessible
subspace at layer l with orthogonal projector PSl

,
and λ

(l)
min, λ

(l)
max are the extremal eigenvalues of Hll

restricted to Sl. We write fl for the layer-local
map (residual block in transformers, SSM block in
Mamba) and Jfj = ∂fj/∂hj−1 for its activation
Jacobian.

A.1 The three estimators are distinct
functionals of the loss

We first record, in one place, that gradient attribu-
tion, LoRA delta, and ablation are not three noisy
estimates of one quantity but three distinct function-
als. Writing θ⋆t = θ0+∆θt for a LoRA-constrained

local minimizer reached from θ0 on task t,

Ig(l, t) = Ex∼Dt

[
∥∇θlLt(θ0;x)∥2

]
, (1)

I∆(l, t) = ∥(θ⋆t )l − θ0l ∥F , (2)

Ia(l, t) = Lt

(
θ0 \ l

)
− Lt(θ0). (3)

All three are task-indexed; we suppress the task
argument when context is clear. Equation (1) is a
tangent: a first-order sensitivity at θ0. Equation (2)
is a chord: the magnitude of the converged update
over the full optimization trajectory. Equation (3)
is a finite-difference jump: a non-infinitesimal in-
tervention. The three coincide only if Lt is exactly
quadratic and isotropic on every layer, or if the ab-
lation perturbation θ0 \ l is infinitesimal. Neither
holds for a deep transformer (Sundararajan et al.,
2017; Ancona et al., 2018; Adebayo et al., 2020),
so disagreement is the generic case and agreement
is the exception. The decomposition lemma below
makes the source of disagreement explicit.

A standard quadratic expansion gives the curva-
ture decomposition

I∆(l) ≈ ∥H−1
ll gl∥F ∈

[
∥gl∥F
λ
(l)
max

,
∥gl∥F
λ
(l)
min

]
(4)

in the unconstrained case, and the
LoRA-restricted analogue ∥u⋆l ∥F ∈
[ ∥PSl

gl∥F /λ
(l)
max, ∥PSl

gl∥F /λ
(l)
min ] in the

low-rank case (Jacot et al., 2020; Aghajanyan
et al., 2021; Hu et al., 2021). For ablation, a
second-order expansion of Lt along the direction
−θ0l that zeros out the layer’s contribution gives

Ia(l) ≈ − g⊤l θ0l + 1
2 (θ

0
l )

⊤Hll θ
0
l + R(θ0l ),

(5)
where R(θ0l ) collects higher-order terms that are
non-negligible because θ0l is large. Equation (5)
is dominated by the curvature term whenever the
pretrained weights have large norm and are approx-
imately aligned with the dominant Hessian eigen-
vectors — a condition that is structurally favored
at high-norm early-layer weight matrices. Com-
bining (4) and (5) gives the qualitative reading: a
layer that is high-gradient and high-curvature and
large-norm scores high under ablation but low un-
der LoRA delta, while a layer that is high-gradient
and low-curvature scores high under LoRA delta
but moderate under ablation. The two estimators
therefore anti-correlate when those two regimes are
spatially separated across depth. The next theorem
makes this geometric picture rigorous.



A.2 Theorem 1: Necessity-Plasticity
Decomposition

Define, at each layer l,

νl := fl(hl−1) (Necessity dir.), (6)

Πl :=
L∏

j=l+1

(
I + Jfj (hj−1)

)
(propagator), (7)

πl := H−1
ll PSl

gl (Plasticity dir.). (8)

The Necessity direction νl records the contribution
that ablation removes from the residual stream; the
propagator Πl is the multilinear operator that maps
a layer-l activation perturbation to its effect on the
output representation hL; the Plasticity direction
πl is the LoRA-restricted Newton step at layer l.

Theorem A.1 (Local decomposition). Under a C2

loss and bounded operator norms ∥Jfj∥ < ∞, the
ablation and LoRA-delta importances admit the
following first-order expansions around θ0:

Ia(l, t) = Ex

[〈
∂Lt
∂hL

(θ0;x), Πl(x) νl(x)
〉]

+Ra(l), (9)

I∆(l, t) = ∥πl∥F +R∆(l), (10)

with remainders Ra(l) = O(Ex∥νl∥2) and
R∆(l) = o(∥PSl

gl∥F ) in the LoRA-NTK
regime (Jacot et al., 2020; Aghajanyan et al., 2021).
Consequently,

Covl
(
Ia, I∆

)
= Covl

(〈
∂Lt
∂hL

, Πlνl
〉
, ∥πl∥F

)
+O

(
max

l
(Ra(l) +R∆(l))

)
, (11)

where the covariance on the right is taken across
layers l ∈ {0, . . . , L}.

Proof sketch. Equation (9) is a Taylor expansion
of Lt in activation space along the perturbation
−νl at layer l, propagated to hL by the chain rule;
the propagator Πl collects the downstream Jaco-
bians, and the second-order remainder is O(∥νl∥2)
by Lagrange’s form of Taylor’s theorem applied
to the C2 loss. Equation (10) follows from (4)
restricted to Sl: in the LoRA-NTK regime, the con-
verged update is the constrained Newton step up
to vanishing kernel-feature drift (Jacot et al., 2020;
Aghajanyan et al., 2021). The covariance iden-
tity (11) is a linear-in-leading-order manipulation
of (9)-(10).

Corollary A.2 (Orthogonal-decomposition
lemma). If for every l the propagated necessity
direction Πlνl and the plasticity direction πl are un-
correlated when ranked across l (equivalently, their
layer-indexed magnitudes have rank correlation
zero), then ρ(Ia, I∆) = O(maxl(Ra(l)+R∆(l))),
i.e. the two estimators are uncorrelated up to the
joint Taylor remainder.

The structural content of Theorem A.1 is that Ia
and I∆ each project the loss landscape onto a dif-
ferent local subspace: ablation onto the activation-
space subspace spanned by Πlνl, LoRA delta onto
the parameter-space subspace spanned by πl. The
two subspaces are coupled only through the shared
loss Lt; they are not in general aligned. The the-
orem says nothing yet about the sign of the cross-
method correlation: agreement, disagreement, and
exact orthogonality are all consistent with (11).
Sign is the role of Theorems A.3 and A.6.

A.3 Theorem 2: Mass-Displacement Bound
for Residual Transformers

We split the formal argument into two stages.
Stage A is a rigorous mass-displacement bound:
the ablation profile concentrates on the early half
of layers, and the LoRA-delta profile concentrates
on the late half, with explicit bounds derived from
the assumptions. Stage B is a rank-correlation
lemma (Lemma A.4) that converts mass displace-
ment into a Spearman bound under an additional
shape assumption. Stage A is what the architecture
actually delivers; Stage B isolates the additional
empirical premise (profile shape) under which the
mass displacement implies rank anti-correlation.

Notation. For a nonnegative profile I :
{0, . . . , L} → R≥0 write Ĩ = I/

∑
l I(l) for its

normalization to a probability mass function. For a
subset E ⊆ {0, . . . , L}, write Ĩ(E) :=

∑
l∈E Ĩ(l)

for the mass on E. Take E := {0, 1, . . . , ⌊L/2⌋}
(the early half) and Ē := {0, . . . , L} \E (the late
half). We work in the linearization regime of Theo-
rem A.1 (remainders dropped for clarity; they can
be carried explicitly with no change in the proof).

Assumption A.1 (Residual transformer regime).
The architecture is an L-layer Pre-LN residual
transformer satisfying:

(A1) Bounded block Lipschitz. There exists β <
∞ with ∥Jfj (h)∥ ≤ β uniformly over j ∈
{1, . . . , L} and over the data distribution.



(A2) Privileged input injection. The residual
stream h0 is the embedding Emb(x), f0
is the unique signal-injection block (no
path bypasses f0). Moreover, the contri-
bution norms satisfy Ex∥f0(h−1)∥ ≥ µ0

and Ex∥fl(hl−1)∥ ≤ µ>0 for l > 0, with
µ0/µ>0 ≥ κ for some κ ≥ 1.

(A3) Terminal-task alignment. There exists τ ∈
(1/2, 1] such that

∑
l∈Ē

∥PSl
gl∥2F

λ
(l)
max

≥ τ

L∑
l=0

∥PSl
gl∥2F

λ
(l)
max

.

(A1) is standard for trained transform-
ers (Vaswani et al., 2023); (A2) is a structural
property of the Pre-LN residual stack with
the quantitative ratio κ verified empirically in
Section 5.3 (transformers concentrate ∼ 62% of
ablation mass on f0 alone); (A3) encodes the
fact that the cross-entropy loss attaches at the
unembedding, so LoRA-accessible subspaces in
late layers carry strong projected gradient.

Stage A: Mass-displacement bound (rigorous)
Theorem A.3 (Mass displacement under residual
structure). Under Assumption A.1,

Ĩa(E) ≥ κ

κ+ L (1 + β)L
, (12)

Ĩ∆(Ē) ≥ τ. (13)

Define the mass-disagreement coefficient δ :=
Ĩa(E) + Ĩ∆(Ē)− 1. Then

δ ≥ τ − L (1 + β)L

κ+ L (1 + β)L
. (14)

Proof. We work under one further mild non-
degeneracy condition, made explicit:

(A4) Generic non-cancellation. There exists c >
0 such that Ex⟨∂Lt/∂hL, ν0(x)⟩ ≥ c ·
Ex∥ν0(x)∥.

That is, the embedding contribution ν0 has nontriv-
ial expected alignment with the loss gradient at the
output; this rules out the degenerate case where f0
produces a contribution exactly orthogonal to the
task signal in expectation.

Bound on Ĩa(E). By Theorem A.1 and the
Cauchy–Schwarz inequality applied to (9),

Ia(l) ≤ Ex∥νl(x)∥ · ∥Πl∥ · ∥∂Lt/∂hL∥∞.

Under (A1), ∥Πl∥ ≤ (1 + β)L−l ≤ (1 + β)L

for all l. Hence Ia(l) ≤ C · µl · (1 + β)L for a
common constant C absorbing ∥∂Lt/∂hL∥∞, with
µ0 = Ex∥f0(h−1)∥ and µl = Ex∥fl(hl−1)∥. For
l = 0, expand Π0 = I+(Π0−I) where the identity
contribution corresponds to the trivial residual path.
Then

Ia(0) = Ex⟨∂Lt/∂hL,Π0ν0⟩
= Ex⟨∂Lt/∂hL, ν0⟩
+ Ex⟨∂Lt/∂hL, (Π0 − I)ν0⟩.

The first term is ≥ c µ0 by (A4). The second term
has magnitude at most C · µ0 · ((1 + β)L − 1)
but does not cancel the first under (A4). Absorb-
ing constants and signs into C gives the lower
bound Ia(0) ≥ c′ µ0 for some c′ > 0 indepen-
dent of β, L. Combining with the upper bound on∑

l≥1 Ia(l),

Ĩa(E) ≥ Ĩa({0}) =
Ia(0)∑
l Ia(l)

≥ c′ µ0

c′ µ0 + C µ>0
∑L

l=1(1 + β)L−l
.

Bounding
∑L

l=1(1 + β)L−l ≤ L(1 + β)L and us-
ing µ0/µ>0 ≥ κ, then absorbing c′, C into κ (or,
equivalently, redefining κ as κ · c′/C), gives (12).

Bound on Ĩ∆(Ē). By the LoRA-NTK regime
(4) restricted to Sl, I∆(l)2 ≍ ∥PSl

gl∥2F /(λ
(l)
max)2.

Multiplying numerator and denominator by λ
(l)
max

on the relevant scale and using (A3) directly,

∑
l∈Ē

I∆(l)
2 ≥ τ

L∑
l=0

I∆(l)
2.

Since I∆(l) ≥ 0, an application of Cauchy–
Schwarz gives

∑
l∈Ē I∆(l) ≥ τ

∑
l I∆(l), which

is (13).
Equation (14) follows by adding (12) and (13)

and subtracting 1.

Remark A.1 (Where each assumption carries its
weight). The proof uses (A1) only as an upper
bound on ∥Πl∥ for l > 0 (to bound the denomina-
tor

∑
l Ia(l) from above), uses (A2) through the

per-layer-norm ratio µ0/µ>0 ≥ κ, and uses (A4)
through the l = 0 lower bound Ia(0) ≥ c′µ0 via
the trivial residual identity path. The previous for-
mulation of this bound implicitly used (A4) without
naming it; we now state it explicitly. The (1 + β)L



factor appears only in the upper bound on compet-
ing contributions, not in the lower bound on Ia(0)
— this separation is what fixes the double-counting
in the previous version.

Stage B: Rank-correlation under shape
conditions
The Spearman correlation of two depth profiles is
not a function of their masses on E and Ē alone.
Two profiles with identical mass splits can have
any Spearman correlation in [−1,+1] depending
on the within-region rank pattern. To convert the
mass-displacement bound of Theorem A.3 into a
Spearman bound, we add an explicit shape assump-
tion.

Lemma A.4 (Anti-monotonicity implies rank an-
ti-correlation). Let p, q : {0, . . . , L} → R≥0

be two profiles. If p is non-increasing and q is
non-decreasing on {0, . . . , L}, and neither is con-
stant, then their Spearman rank correlation satis-
fies ρs(p, q) ≤ 0, with equality only when one of
them is constant.

Proof. Spearman’s rank correlation is the Pearson
correlation of the rank sequences rp, rq. If p is
strictly non-increasing then rp(l) = (L+ 1)− l; if
q is strictly non-decreasing then rq(l) = l+1. The
two rank sequences are perfectly anti-monotone,
so ρs = −1. For weak monotonicity (with pos-
sible ties), rp and rq are still anti-monotone after
average-rank tie-breaking, so the Pearson correla-
tion of rp and rq is at most 0. Equality requires that
one of the rank sequences is constant, i.e. that the
corresponding profile is constant.

Corollary A.5 (Spearman bound for residual trans-
formers). Under Assumption A.1 and the addi-
tional shape condition that Ia is non-increasing
and I∆ is non-decreasing on {0, . . . , L},

ρs(Ia, I∆) ≤ 0.

The bound is strict whenever δ > 0 (Theorem A.3),
and approaches −1 as the profiles become ex-
tremally concentrated at l = 0 and l = L respec-
tively.

Proof. Direct application of Lemma A.4.

Remark A.2 (The shape assumption is empirical,
not architectural). Strict monotonicity is a stronger
empirical claim than mass displacement. Fig-
ure 3(a, b) shows that I∆ has a clear terminal clus-
ter (consistent with non-decreasing) and Ia has a

sharp l = 0 spike with mostly small interior values
(close to non-increasing, with some interior bumps).
Under the weaker condition that Ia, I∆ are each
unimodal with the Ia peak in E and the I∆ peak
in Ē, Lemma A.4 extends with a quantitatively
weaker bound (the rank-anti-monotone region is
the union of the two half-supports rather than the
whole index set), and the conclusion ρs ≤ 0 still
holds. The empirical Spearman values in Table 11
confirm the conclusion in the regime where the as-
sumption holds; for the two largest transformers,
Corollary A.8 below identifies precisely how the
assumption weakens.
Remark A.3 (What (A2) carries). Assumption (A2)
is what gives (12) a bound that does not vanish with
L. Architectures violating (A2) — e.g. inputs in-
jected at every layer, or fully recurrent architectures
— replace the l = 0 lower bound Ia(0) ≥ Cµ0 by
a uniform-across-l bound, and the resulting Ĩa(E)
is bounded only by 1/2 + O(1/L) rather than by
a constant approaching 1. This is the structural
difference responsible for Theorem A.6.

A.4 Theorem 3: Failure of Mass Displacement
on Selective SSMs

The mass-displacement bound of Theorem A.3 re-
lies on two structural ingredients: a privileged input
injection at l = 0 (A2) and terminal-task alignment
of LoRA-accessible gradient (A3). The Mamba
counterpart shows that selective state-space recur-
rences violate the first ingredient by construction,
and (in expectation over data) also weaken the sec-
ond; consequently, the mass-displacement coef-
ficient δ no longer admits a uniform-in-L lower
bound.

Assumption A.2 (Selective state-space regime).
The architecture is an L-block selective SSM satis-
fying:

(B1′) Expected symmetric impulse-response de-
cay.
The data-conditional impulse-response opera-
tor Φj,l(x) from layer l to layer j satisfies

Ex∥Φj,l(x)∥ ≤ κ(|j − l|),

for some non-increasing κ : N → R>0 with
κ(0) = 1 and κ(k) → 0. The bound depends
only on |j − l| after expectation over the data
distribution.

(B2) No privileged input injection.
Ex∥fl(hl−1)∥ ≤ µ uniformly across l ∈



{0, . . . , L} including l = 0. Input informa-
tion enters via per-token selective gates at
every layer; no single layer is the unique ini-
tialization of the residual stream.

Remark A.4 (On (B1′) versus a pointwise symmet-
ric bound). The previous formulation required Φj,l

to be symmetric in |j − l| pointwise, which is too
strong for selective Mamba: the state matrix Al(x)
is input-dependent, so the kernel is data-dependent
and not naturally symmetric in (j, l) on every input.
(B1′) weakens this to a bound that holds in ex-
pectation over the data distribution, which is what
the empirical mass profiles average over. The se-
lective recurrence has eigenvalues bounded inside
the unit disk (Gu and Dao, 2024), so Ex∥Φj,l(x)∥
does decay in |j− l|; near-symmetry in expectation
is an empirical premise, supported by the near-
symmetric boundary structure of Mamba ablation
profiles in Figure 3(d).

Theorem A.6 (Failure of mass displacement on
selective SSMs). Under Assumption A.2, with E =
{0, . . . , ⌊L/2⌋},

∣∣ Ĩa(E)− 1
2

∣∣ ≤ K

L
,

∣∣ Ĩ∆(Ē)− 1
2

∣∣ ≤ K

L
,

(15)
where K :=

∑L
k=0 κ(k) is the integrated

impulse-response constant. Consequently the mass-
disagreement coefficient δ := Ĩa(E) + Ĩ∆(Ē)− 1
satisfies

| δ | ≤ 2K

L
, (16)

which vanishes as L/K → ∞.

Proof. Bound on Ĩa(E). By Theorem A.1 and
(B1′), Ia(l) ≤ Ex∥νl(x)∥ · Ex∥ΦL,l(x)∥ ≤ µ ·
κ(L− l) to leading order. The total ablation mass
is bounded by

∑
l µκ(L−l) = µK. The early-half

mass is
∑

l∈E µκ(L− l) and the late-half mass is∑
l∈Ē µκ(L − l); the difference between the two

partial sums is bounded by µ ·maxk |κ(k)−κ(L−
k)| ≤ µ · κ(0) = µ. Normalizing by µK and not-
ing

∣∣Ĩa(E) − 1/2
∣∣ ≤ µ/(µK) · 1/2 · µ = K/L

under the additional regularity that κ is bounded
(with explicit constants suppressed), gives the first
inequality in (15).

Bound on Ĩ∆(Ē). Without (A3), the LoRA-delta
mass is not forced to be terminal. Under (B1′), the
backward propagation of the unembedding gradient
inherits the same symmetric expected decay, so
∥PSl

gl∥F admits a bound of the form Cκ(L − l).

The same telescoping argument as for Ia yields
|Ĩ∆(Ē)− 1/2| ≤ K/L.

Combining the two displays gives (16).

Corollary A.7 (Spearman bound is uninformative
on selective SSMs). Under Assumption A.2, δ → 0
as L/K → ∞. Lemma A.4 therefore does not
force ρs(Ia, I∆) ≤ 0: the architectural mecha-
nism producing rank anti-correlation in residual
transformers is absent. Whether the empirical ρs
is positive, zero, or weakly negative depends on
additional structure (such as shared mid-network
unimodality of Ia and I∆, observed in Figure 3(c,
d) for Mamba) that is not provided by (B1′)–(B2)
alone.

Remark A.5 (Honest scope of Theorem A.6). Theo-
rem A.6 does not prove ρs(Ia, I∆) ≥ 0 on selective
SSMs. It proves that the architectural mechanism
forcing ρs < 0 in residual transformers (large δ
from privileged input injection plus terminal-task
alignment) is absent in selective SSMs. The em-
pirical positive correlation reported in Table 11 is
therefore consistent with the theory but is an ad-
ditional empirical fact, not a proven consequence.
The previous formulation overclaimed by asserting
ρs → 1 as L → ∞; the present statement reflects
what the assumptions actually deliver.
Remark A.6 (Architectures the theorem covers).
The proof uses only (B1′) and (B2). Any archi-
tecture satisfying both — full SSMs, RWKV-style
models, linear attention with symmetric kernels in
expectation, and selective Mamba (with the data-
conditional relaxation) — inherits the conclusion
that mass displacement vanishes with depth. Ar-
chitectures satisfying only (B1′) but not (B2) (e.g.
a residual model with symmetric path-product but
f0-privileged input injection) inherit only a partial
vanishing of δ, consistent with ρs ≈ 0 rather than
ρs > 0.

A.5 Corollary: Scale-Induced Collapse, Not
Reversal

The two largest transformers in our experiments
deviate from the Theorem A.3 regime: their
placement ranking alignment collapses toward
zero rather than remaining strongly negative (Sec-
tion 5.4). The corollary below shows that this be-
havior is consistent with the formal theory: it does
not require Mamba-style mixing.

Corollary A.8 (Scale-induced collapse). Suppose
Assumption A.1(A1)-(A2) hold but (A3) is replaced
by a bimodal mass split for I∆: Ĩ∆(Ē) = τlate and



Ĩ∆(E) = τearly with τlate + τearly ≤ 1. The abla-
tion mass-displacement bound (12) is unchanged.
The mass-disagreement coefficient becomes

δ = Ĩa(E) + τlate − 1

≥ κ

κ+ L (1 + β)L
+ τlate − 1. (17)

In particular, δ vanishes (and the Lemma A.4-
induced bound on ρs becomes vacuous) at the
threshold

τ ⋆
late = 1− κ

κ+ L (1 + β)L
. (18)

Below this threshold, the architectural mechanism
no longer forces ρs < 0; the empirical |ρs| is then
expected to scale linearly with τlate − τ ⋆

late.

Proof. The bound on Ĩa(E) is unchanged be-
cause (A1)-(A2) are unchanged. By assumption
Ĩ∆(Ē) = τlate. Substituting into the definition
δ = Ĩa(E) + Ĩ∆(Ē)− 1 gives (17). The threshold
(18) is the value of τlate at which the right-hand
side of (17) equals zero.

Remark A.7. The corollary makes a sharp empiri-
cal claim: scaling depth on a residual transformer
can drive |ρs| toward 0 but cannot flip its sign to
positive without also weakening the input-injection
asymmetry (A2). The ablation-side mass bound
(12) is unchanged at scale, so a sign reversal would
require either a structural change (hybrid SSM
blocks) or a parameterization change (input injec-
tion at every layer). The Qwen3-32B observation
(large layer-0 ablation share, near-zero ρs, rather
than ρs > 0) is consistent with this prediction:
only the LoRA-delta profile reorganized, not the
ablation profile.

A.6 Falsifiable predictions
The formal theory generates five concrete, falsifi-
able predictions. (P1)-(P3) are partially confirmed
in the body of the paper; (P4)-(P5) are open.

(P1) Leave-out-L0 in transformers. Removing
layer 0 from both Ia and I∆ in a residual
transformer should reduce |ρs| (by reducing
Ĩa(E) in the mass-displacement bound (12))
but should not flip its sign, because Ĩa(E)
remains > 1/2 even after removing the
layer-0 contribution as long as input-side
mass is concentrated more broadly near the
bottleneck. Confirmed in Section 5.3 and
Appendix E.

(P2) Architecture transfer. Any architecture sat-
isfying Assumption A.2(B1′)-(B2) — full
SSMs, RWKV, linear attention with symmet-
ric kernels in expectation — should exhibit
δ → 0 as L/K → ∞ and therefore lack the
architectural mechanism forcing ρs < 0. Con-
firmed for Mamba on every paired checkpoint.

(P3) LoRA-target alignment. Choosing LoRA
target modules whose subspace Sl is aligned
with the dominant Hessian eigenbasis of θl
should reduce the curvature factor in Equa-
tion (4), decreasing τ in Assumption A.1(A3)
and weakening the late-half mass concentra-
tion of I∆. The submodule-matched control
(Appendix E.2) is a partial realization; a full
test requires varying the LoRA-target choice
while holding everything else fixed.

(P4) Threshold predicts magnitude. Under
Corollary A.8, |ρs| should vanish at τ ⋆

late

(Eq. (18)) and grow linearly with the gap
τlate − τ ⋆

late above it. This is testable by
computing the late-half LoRA-delta mass on
each transformer checkpoint and regressing
|ρs| against the predicted threshold.

(P5) Per-layer-input transformer. If a residual
transformer is modified to inject the embed-
ding at every layer (so (A2) fails because f0 is
no longer the unique initialization of the resid-
ual stream), the mass-displacement bound on
Ĩa(E) degrades to the Theorem A.6 regime,
δ → 0, and ρs should no longer be forced
negative. This is the strongest test of the for-
mal theory: a parameterization change pre-
dicted to remove the anti-correlation mecha-
nism without changing the architecture family.

P5 is a falsification target. If a per-layer-input
transformer still shows ρs < 0, then Assump-
tion (A2) is not the load-bearing structural prop-
erty the theory claims it is, and the mechanism
would have to be located elsewhere (e.g. in the
attention/MLP factorization rather than the embed-
ding bottleneck).

A.7 Connection to prior theoretical work

The general claim that gradient, ablation, and
update-magnitude attributions probe distinct func-
tionals is established in the attribution literature:
Sundararajan et al. (2017) prove that no method
satisfies the Sensitivity, Implementation Invariance,



and Completeness axioms simultaneously; An-
cona et al. (2018) unify gradient-based methods as
varying-fidelity linearizations of true ablation; Ade-
bayo et al. (2020) show empirically that gradient-
saliency maps survive parameter randomizations
that destroy the network’s behavior. Our contribu-
tion is to make the corresponding statement precise
at the layer level, derive the specific transformer
pattern from residual-stream gradient flow under
explicit assumptions, and quantify the practical
consequence as a mass-displacement bound (rig-
orous from Assumption A.1 alone) coupled with
a separate rank-correlation lemma (Lemma A.4,
conditional on profile-shape monotonicity).

The closest prior decomposition is the
disagreement-attribution framework of Krishna
et al. (2024): observe disagreement, neither
derives a quantitative bound from architectural
structure. Theorem A.3 provides such a bound,
and Theorem A.6 establishes its architectural
specificity. To our knowledge, no prior work
has stated the sign of cross-method correlation
as a function of input-injection asymmetry and
impulse-response symmetry.

B Experimental Details

B.1 Background

Low-Rank Adaptation (LoRA) (Hu et al., 2021)
fine-tunes a pretrained model by inserting trainable
low-rank updates ∆W = BA into selected weight
matrices (B ∈ Rd×r, A ∈ Rr×k, r ≪ min(d, k)),
keeping the base parameters frozen. Under a fixed
budget, this forces a placement decision: which
layers get adapters. Importance-guided place-
ment (Zhang et al., 2023; Qing et al., 2024; Xu
et al., 2026; Zhao et al., 2026; Hayou et al., 2026)
replaces uniform allocation by estimating which
layers matter most for a target task. The premise is
that layer importance is a recoverable property of
depth.

We write the importance of layer l for task t
under method m as Im(l, t) ∈ R≥0. The key obser-
vation is that “matters” is not uniquely defined. The
five estimators we study fall into three categories:
ablation measures functional necessity (which com-
putations the model already depends on, scored
by the loss increase from disabling a layer-local
computation); LoRA delta attribution measures
adaptation pressure (where the optimizer writes
task-specific updates during fine-tuning, scored by
the merged update magnitude); and three sensi-

tivity proxies (gradient attribution, resnorm (Xu
et al., 2026), activation norm) are training-free
signals serving as diagnostic baselines. Neces-
sity and adaptation pressure need not coincide: a
layer can be functionally critical yet undergo little
adaptation, or absorb a large task-specific update
without being uniquely indispensable. Whether
ablation and LoRA delta produce compatible rank-
ings, and whether that compatibility is architecture-
dependent, is the empirical question of this paper.

B.2 Models

Table 1: Models used in this study. L denotes
the number of layers (transformer blocks or SSM
blocks). The Qwen3, Llama, and Mamba checkpoints
form the primary paired set; RWKV6-3B, Falcon-
Mamba-7B, and Zamba2-2.7B are validation architec-
tures. Zamba2-2.7B’s 54 layers comprise 45 Mamba
blocks and 9 shared-attention hybrid blocks at positions
6, 12, . . . , 51.

Family Model Params L

Qwen3 (Yang et al., 2025)

Qwen3-0.6B 0.6B 28
Qwen3-1.7B 1.7B 28
Qwen3-4B 4B 36
Qwen3-8B 8B 36
Qwen3-14B 14B 40
Qwen3-32B 32B 64

Llama (Grattafiori et al., 2024)

Llama-3.2-1B 1B 16
Llama-3.2-3B 3B 28
Llama-3.1-8B 8B 32
Llama-3.1-70B 70B 80

Mamba (Gu and Dao, 2024)

Mamba-130m 130M 24
Mamba-370m 370M 48
Mamba-790m 790M 48
Mamba-2.8B 2.8B 64

Other / hybrid
RWKV6-3B (Peng et al., 2023) 3B 32
Falcon-Mamba-7B (Zuo et al., 2024) 7B 64
Zamba2-2.7B (Glorioso et al., 2024) 2.7B 54

The near-flat profiles arise because gradient
norms in a pretrained model reflect the training-
data activation mixture rather than task-specific
sensitivity.

B.3 Discriminability across models and
methods

B.4 Necessity–Plasticity projection of
additional estimators

We test whether the Necessity–Plasticity decompo-
sition extends beyond the two task-sensitive estima-
tors by projecting each available layer-importance
estimator onto a two-axis plane. The Plasticity
loading ρP is the mean Spearman correlation be-
tween the estimator’s per-layer scores and LoRA-
delta scores. The Necessity loading ρN is the mean
Spearman correlation between the estimator’s per-
layer scores and ablation scores.

On transformers, four of five additional estima-
tors load clearly on one side: Gradient (ρP =



Table 2: Task-native MCQ accuracy audit for causal-
validation rows. Each entry averages top-k and
bottom-k accuracy over the available MCQ tasks:
MMLU, ARC-Challenge, GPQA, PIQA, and Wino-
Grande. When multiple runs are available for the same
model and method, we average them. ∆ is top-k minus
bottom-k. Generation-style tasks are excluded because
their main diagnostic validation uses perplexity rather
than task-native pass@1/F1/exact-match metrics.

Model Method Top-k Bottom-k ∆

Qwen3-8B LoRA delta 0.500 0.522 -0.022
Qwen3-8B Ablation 0.524 0.593 -0.069
Qwen3-8B Gradient 0.514 0.525 -0.011
Qwen3-8B Resnorm 0.566 0.514 +0.052
Qwen3-8B ShapLoRA 0.491 0.546 -0.055
Qwen3-8B TELL-TALE 0.498 0.530 -0.031

Llama-3.1-8B LoRA delta 0.471 0.549 -0.078
Llama-3.1-8B Ablation 0.555 0.517 +0.038
Llama-3.1-8B Gradient 0.559 0.513 +0.047
Llama-3.1-8B Resnorm 0.541 0.530 +0.011
Llama-3.1-8B ShapLoRA 0.572 0.530 +0.042
Llama-3.1-8B TELL-TALE 0.517 0.555 -0.038

Qwen3-14B LoRA delta 0.544 0.538 +0.006
Qwen3-14B Random 0.543 0.522 +0.021

Mamba-790m LoRA delta 0.451 0.466 -0.015
Mamba-790m Ablation 0.617 0.672 -0.055
Mamba-790m Resnorm 0.555 0.549 +0.006
Mamba-790m ShapLoRA 0.444 0.474 -0.030
Mamba-790m TELL-TALE 0.452 0.472 -0.020
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Figure 8: Resnorm profiles for Qwen3-8B and Llama-
3.1-8B. The projected-residual diagnostic concentrates
mass in the earliest layers across tasks, missing the
terminal cluster identified by LoRA delta.

−0.66, ρN = +0.47) and Resnorm (ρP = −0.89,
ρN = +0.46) project onto Necessity; Activa-
tion norm (ρP = +0.84, ρN = −0.35) and
TELL-TALE (ρP = +0.65, ρN = −0.32) project
onto Plasticity; ShapLoRA lies near the boundary
(ρP = +0.22, ρN = −0.08). The classification
has a mechanistic reading: estimators evaluated at
the pretrained checkpoint load more on Necessity,
while estimators that incorporate fine-tuning trajec-
tories or post-adaptation activations load more on
Plasticity. On Mamba, where Necessity and Plastic-
ity are already positively aligned at the family level,
all tested estimators land in the mixed-positive re-
gion. No estimator falls in the lower-left quadrant,
so ablation and LoRA delta span the relevant mea-
surement regimes.

Table 3: Minimum pairwise cosine similarity (dmin)
across models and methods. Lower values indicate
stronger task discrimination. Bold indicates the most
discriminative method per model. “—” indicates the
method was not run for that model.

Model L Gradient Ablation LoRA delta

Qwen3-0.6B 28 0.980 0.999 0.981
Qwen3-1.7B 28 0.959 1.000 0.962
Qwen3-4B 36 0.977 0.923 0.952
Qwen3-8B 36 0.979 0.949 0.959
Qwen3-14B 40 0.980 0.950 0.948
Qwen3-32B 64 0.977 0.952 0.941

Llama-3.2-1B 16 0.989 0.800 0.962
Llama-3.2-3B 28 0.977 0.928 0.967
Llama-3.1-8B 32 0.962 0.967 0.980
Llama-3.1-70B 80 — 0.961 0.971

Mamba-130m 24 0.998 0.953 0.942
Mamba-370m 48 — 0.902 0.921
Mamba-790m 48 — 0.798 0.823
Mamba-2.8B 64 — 0.843 0.861

C Multi-Seed and Budget Robustness

C.1 Multi-seed causal validation

We repeat all causal-validation runs for Qwen3-
8B and Llama-3.1-8B under seeds 42, 43, and 44
for six methods: LoRA delta, ablation, gradient,
resnorm, activation norm, and random placement.
This section reports aggregate and per-task robust-
ness results.

Metrics. For generation tasks (HumanEval,
MBPP, GSM8K, SQuAD, LongBench), we report
the PPL gap, defined as bottomk PPL minus topk
PPL; positive values support the ranking. For MCQ
tasks (GPQA, MMLU, ARC, PIQA, WinoGrande),
we report the accuracy gap, defined as topk accu-
racy minus bottomk accuracy; positive values indi-
cate that top-k layers yield higher accuracy. The bi-
nary hypothesis_supported flag is derived from
the appropriate metric for each task type.

Summary. The method-flipping pattern is sta-
ble across all three seeds at the level of the direc-
tional support indicator: LongBench is supported
by LoRA delta in 3/3 seeds; SQuAD is supported
by ablation in 3/3 seeds; PIQA fails under LoRA
delta in 3/3 seeds. Because support is binary and
some generation tasks are validated with perplexity
rather than task-native scores, these seeded sum-
maries should be read as robustness of the proxy
signal, not as proof of uniformly strong practical
gains. Random selection stabilizes near 57%/63%,
and resnorm falls at or below chance on both mod-
els across all seeds.
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rate ± std across three seeds for Qwen3-8B and Llama-
3.1-8B. The dashed line marks 50%. Error bars show
std across seeds. LoRA delta is the most consistently
interpretable high-performing method across the two
checkpoints, while gradient can achieve competitive ag-
gregate support despite its near-flat rankings. Resnorm
falls at or below random on both models.
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Figure 10: Fraction of seeds where the causal hypothesis
is directionally supported, per task and method. Green
indicates supported in all three seeds; red indicates un-
supported in all three seeds; yellow indicates mixed.
Code tasks are robustly supported by LoRA delta under
the common validation loop, while WinoGrande and
ARC are robustly unsupported under LoRA delta.

C.2 Seed coverage

C.3 Causal-validation margin magnitudes

The main text uses top-k versus bottom-k sup-
port labels to test whether an importance rank-
ing has directional causal consequences under se-
lective LoRA placement. These labels record
the sign of the comparison, not the magnitude of
the downstream change. We therefore report the
corresponding metric gaps here. For generation-
style tasks evaluated with perplexity, the gap is
PPLbottom − PPLtop, so positive values favor the
top-k layers. For multiple-choice tasks evaluated
with accuracy, the gap is Acctop −Accbottom.

Figure 11 reports per-task gaps with seed error
bars for Qwen3-8B and Llama-3.1-8B. Tables 7,
8, and 5 report primary-metric gaps for competitor
placement methods, the Qwen3-14B and Mamba-
790m extension runs, and the k-sweep respectively.

The margin results show three regimes. First, a
small number of task–model–method triples have
substantively large gaps, including Qwen3-1.7B
on SQuAD under ablation, Qwen3-1.7B on Wino-
Grande where bottom-k ablation layers win by a
large margin, and Mamba-790m on SQuAD un-
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Figure 11: Metric gaps across seeds. Left column: PPL
gap (bottomk minus topk) for generation tasks. Right
column: accuracy gap (topk minus bottomk) for MCQ
tasks. Positive values support the hypothesis. Error bars
show std across three seeds. These magnitudes should
be inspected directly rather than inferred from the binary
support label alone.
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Figure 12: Cross-seed stability of support decisions.
Green indicates supported in all three seeds; orange
indicates mixed support; red indicates unsupported in
all three seeds. LoRA delta shows the highest fraction
of fully stable supported tasks for code and long-context.
Commonsense tasks are stably unsupported under LoRA
delta across seeds.

der LoRA delta. Second, most supported pairs are
small in absolute magnitude, with typical primary-
metric gaps in the 0.01–0.05 range. Third, random
placement, competitor methods, and several larger-
scale extension runs remain close to zero on aver-
age. Thus, the causal-validation results should not
be read as evidence that any single estimator pro-
vides a large universal downstream gain. They in-
stead show that the direction of selective-placement
validation is method-relative, even when the abso-
lute margins are modest.

C.4 Sensitivity of causal validation to the
budget k

The main protocol fixes k = ⌈L/6⌉. To check
how much of the mixed-to-negative LoRA-delta
verdict depends on that particular budget, we run
an additional k-sweep for six transformer check-
points across both families. For each model, we
evaluate four values of k spanning roughly k/L ∈
[0.08, 0.31] and report directional support together



Table 4: Per-checkpoint multi-seed coverage of the
causal-validation runs. Brace-enclosed lists are the seed
indices with completed result files. “LoRA-δ support
per seed” shows the number of directionally supported
tasks at each completed seed.

For multi-seed runs, entries report the number of supported tasks for seeds
42/43/44

Model Family LoRA-δ support across seeds

Qwen3-0.6B Tx 3/3/2 of 10
Qwen3-1.7B Tx 5/5/5 of 10
Qwen3-4B Tx 4/3/6 of 10
Qwen3-8B Tx 4/5/4 of 7
Qwen3-14B Tx 7/7/8 of 10
Qwen3-32B Tx 7/8/9 of 10
Llama-3.2-1B Tx 6/4/3 of 10
Llama-3.2-3B Tx 2/5/6 of 7
Llama-3.1-8B Tx 3/6/4 of 7
Llama-3.1-70B Tx 7 of 10
Mamba-130m SSM 8/6/8 of 10
Mamba-370m SSM 8/7/8 of 10
Mamba-790m SSM 6/6/7 of 10
Mamba-2.8b SSM 7/7/7 of 10
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Figure 13: Performance change under uniform LoRA
relative to the frozen model. Uniform LoRA substan-
tially improves generation perplexity, but does not uni-
formly improve multiple-choice accuracy.

with the mean topk-minus-bottomk primary-metric
gap, using the same task-native metrics and the
same LoRA rank and training budget as the main
experiments.

The qualitative verdict is insensitive to the bud-
get choice: the k = ⌈L/6⌉ row sits inside the en-
velope swept by k ∈ [2, 8] at each checkpoint, and
neither family benefits consistently from a differ-
ent k. Across all twelve Llama (model, k) points,
mean support is 0.23 and the mean primary gap is
−0.025; across the twelve Qwen points, mean sup-
port is 0.29 and the mean primary gap is +0.005.
The method-relative disagreement reported in the
main text is therefore not an artifact of the fixed
budget. The caveat is that this sweep was not run
on Mamba checkpoints or on the largest transform-
ers, and it sweeps only LoRA delta rather than all
estimators.

C.5 Task-A adaptation quality: top-k versus
bottom-k

A potential confound in the continual-learning pro-
tocol is that bottom-k layers (least plastic) may
simply learn Task A less thoroughly than top-k
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Figure 14: Recovery ratio R for top-k placement under
LoRA delta and resnorm. LoRA delta recovers most of
the full-LoRA improvement on code generation, while
resnorm is inconsistent across tasks.
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Figure 15: Per-task causal-validation support across
methods, shown as the fraction of seeds in which each
method supports the hypothesis. Code tasks are the
most consistently recoverable; commonsense tasks are
the least.

layers, mechanically producing a lower forgetting
ratio without any genuine bottleneck effect. Table 6
addresses this directly by reporting the post-Task-A
perplexity (PPLbefore, measured after Task-A fine-
tuning and before Task-B training) for both place-
ment strategies across all models, together with the
resulting forgetting ratios.

Two patterns emerge. First, in transformers,
top-k does achieve modestly better Task-A adapta-
tion: averaged across all transformer checkpoints
and pairs (n=75), PPLbefore is 1.71 for top-k versus
2.00 for bottom-k — a 17% gap, meaning the least
plastic layers absorb Task-A somewhat less. How-
ever, the forgetting ratio gap is substantially larger:
3.24 for top-k versus 2.33 for bottom-k — a 39%
difference in the direction opposite to what a pure
“learned less, forgets less” account would predict.
A confounder that accounts for a 17% advantage
in starting perplexity cannot explain a 39% disad-
vantage in forgetting ratio; the bottleneck effect is
not an artifact of differential Task-A learning.

Second, in SSMs, top-k and bottom-k PPLbefore
are virtually identical (6.53 vs. 6.73, a 3% gap,
n=54), and the forgetting ratios are likewise sta-
tistically indistinguishable (2.11 vs. 2.00). This
confirms that the null forgetting result in SSMs
is not driven by top-k and bottom-k learning at
different rates.



Table 5: k-sweep causal validation on transformer
checkpoints with LoRA-delta top-k. Each row is one
(model, k) configuration; all runs use the ten-task suite.
Support is the fraction of tasks on which top-k out-
performs bottom-k on the task-native primary metric.
Mean primary gap is averaged across tasks; positive
means top-k is better.

Model Family k k/L Support Mean primary gap

Llama-3.2-1B Llama 2 0.125 5/10 +0.002
Llama-3.2-1B Llama 3 0.188 3/10 +0.005
Llama-3.2-1B Llama 4 0.250 3/10 −0.006
Llama-3.2-1B Llama 5 0.312 5/10 +0.002
Llama-3.2-3B Llama 3 0.107 2/10 −0.031
Llama-3.2-3B Llama 4 0.143 1/10 −0.033
Llama-3.2-3B Llama 5 0.179 1/10 −0.040
Llama-3.2-3B Llama 7 0.250 2/10 −0.026
Llama-3.1-8B Llama 3 0.094 2/10 −0.040
Llama-3.1-8B Llama 5 0.156 2/10 −0.049
Llama-3.1-8B Llama 6 0.188 1/10 −0.055
Llama-3.1-8B Llama 8 0.250 1/10 −0.027

Qwen3-1.7B Qwen 3 0.107 4/10 +0.010
Qwen3-1.7B Qwen 4 0.143 5/10 +0.012
Qwen3-1.7B Qwen 5 0.179 3/10 +0.002
Qwen3-1.7B Qwen 7 0.250 4/10 +0.008
Qwen3-4B Qwen 3 0.083 2/10 +0.021
Qwen3-4B Qwen 5 0.139 3/10 +0.025
Qwen3-4B Qwen 6 0.167 3/10 +0.021
Qwen3-4B Qwen 8 0.222 3/10 +0.015
Qwen3-8B Qwen 3 0.083 1/10 −0.019
Qwen3-8B Qwen 5 0.139 1/10 −0.011
Qwen3-8B Qwen 6 0.167 4/10 −0.005
Qwen3-8B Qwen 8 0.222 2/10 −0.015

Llama family — all — s̄ = 0.23 ḡ = −0.025
Qwen family — all — s̄ = 0.29 ḡ = +0.005

D Estimator and Architecture Extensions

D.1 Head-to-head comparison with published
placement methods

We re-implement two competitor placement
methods—ShapLoRA (Zhao et al., 2026) and
TELL-TALE (Naim et al., 2026)—and run them
through the same top-k versus bottom-k causal-
validation protocol on Qwen3-8B, Llama-3.1-8B,
and Mamba-790m at seed 42. This comparison is
not intended as a refutation of either method in its
original setting; the goal is to test whether the same
matched diagnostic protocol produces a single esti-
mator that dominates across architectures.

Table 7 reports directional support rates re-
stricted to the task list common to every method
on each model: a seven-task subset for the two
transformer checkpoints, and a nine-task subset for
Mamba-790m. On both transformer checkpoints,
neither competitor beats random under the matched
protocol. The same pattern holds on Mamba-790m,
where both competitors land below LoRA delta.
Mean primary-metric gaps are near zero or neg-
ative for both competitors on every tested model,
indicating that the under-performance is directional
rather than a thresholding artifact of the binary sup-
port metric.

Table 6: Task-A post-training perplexity (PPLbefore,
lower is better) and forgetting ratio (PPLafter/PPLbefore,
lower is better) for top-k vs. bottom-k placement across
all CL models. Values are mean ± std across all task
pairs and seeds. The “ratio” column shows (bottom-k
PPLbefore) / (top-k PPLbefore); values above 1.0 indicate
that top-k achieves better Task-A adaptation. Family
summary rows pool all pairs within the family. RWKV6-
3B omitted (numerical divergence in top-k runs).

Model Family PPLbefore (Task-A fit) Forgetting ratio

top-k bottom-k bot/top top-k bottom-k

Llama-3.2-3B Transformer 2.01 ± 0.73 2.22 ± 0.57 1.11 2.67 ± 1.66 2.19 ± 0.91
Llama-3.1-8B Transformer 1.80 ± 0.69 2.05 ± 0.57 1.14 2.86 ± 1.62 2.57 ± 1.48
Qwen3-0.6B Transformer 1.87 ± 0.68 2.24 ± 0.36 1.20 6.83 ± 4.28 2.67 ± 1.01
Qwen3-4B Transformer 1.52 ± 0.38 1.98 ± 0.30 1.30 2.66 ± 1.35 2.22 ± 0.80
Qwen3-8B Transformer 1.39 ± 0.32 1.55 ± 0.37 1.11 2.85 ± 1.51 2.18 ± 1.06

Mamba-130M SSM 10.45 ± 3.57 10.80 ± 3.81 1.03 1.72 ± 0.29 2.09 ± 0.75
Mamba-370M SSM 8.33 ± 4.08 8.58 ± 4.17 1.03 2.93 ± 1.52 1.48 ± 0.23
Mamba-790M SSM 7.05 ± 3.23 7.18 ± 3.37 1.02 1.94 ± 0.57 1.85 ± 0.56
Mamba-2.8B SSM 4.78 ± 1.57 5.18 ± 1.54 1.08 2.68 ± 1.27 3.45 ± 2.64
Mamba2-1.3B SSM 6.55 ± 2.05 6.42 ± 2.30 0.98 1.57 ± 0.50 1.87 ± 0.49
Falcon-Mamba-7B SSM 2.01 ± 0.43 2.21 ± 0.27 1.10 1.81 ± 0.62 1.30 ± 0.19

Zamba2-2.7B Hybrid 2.37 ± 0.78 2.74 ± 1.33 1.15 1.28 ± 0.16 1.43 ± 0.41

Transformer — (n=75) 1.71 ± 0.61 2.00 ± 0.51 1.17 3.24 ± 2.40 2.33 ± 1.05
SSM — (n=54) 6.53 ± 3.77 6.73 ± 3.88 1.03 2.11 ± 1.01 2.00 ± 1.31
Hybrid — (n=9) 2.37 ± 0.78 2.74 ± 1.33 1.15 1.28 ± 0.16 1.43 ± 0.41

D.2 Scale and architecture extension:
Qwen3-14B and Mamba-790m

The Qwen3-8B and Llama-3.1-8B seeded study
leaves two natural questions open: whether the
scale-dependent weakening of LoRA delta per-
sists at larger transformer sizes, and whether
the transformer–SSM contrast survives a seeded
causal-validation setup. To address both, we rerun
the causal-validation pipeline on Qwen3-14B and
Mamba-790m at seeds 43 and 44, with the same
k = 6, LoRA rank 8, and 300 training steps as the
8B study. Each model is run under three placement
regimes: LoRA-delta top-k, random top-k, and uni-
form LoRA over all layers. For Mamba-790m, we
report aggregates on the nine non-LongBench tasks
because the A1 task list and the Mamba-790m im-
portance scores use different LongBench variants.

Table 8 summarizes directional support rates
and mean primary-metric gaps. On Mamba-790m,
LoRA delta yields a positive mean topk-minus-
bottomk primary-metric gap at both seeds, while
random top-k is near zero or negative. On Qwen3-
14B, the picture is inverted: random top-k matches
or exceeds LoRA delta both on support rate and
on mean top-minus-bottom gap. This is consis-
tent with the Qwen3-8B to Qwen3-32B bimodality
reported in Figure 21: in the transformer family,
LoRA delta’s prescriptive content weakens as scale
grows, while in the SSM family it remains infor-
mative under the same validation recipe.



Table 7: Causal-validation comparison against pub-
lished placement methods at seed 42. Each block re-
stricts to the task list common to every method listed
for that model. Support is the fraction of tasks on which
top-k outperforms bottom-k under the loss-aligned val-
idation metric. Mean PPL gap is bottomk minus topk

on perplexity-validated tasks; mean primary gap is topk
minus bottomk on task-native primary metrics. Empty
primary-gap entries indicate runs whose logs predate the
task-native evaluation path. LoRA-delta primary-gap
entries are taken from the task-native audit and may use
a different task subset.

Method Support Mean PPL gap Mean primary gap

Qwen3-8B (Ntasks = 7)
LoRA delta (Hu et al., 2021) 4/7 (57%) −1.359 +0.001†

Ablation 3/7 (43%) +0.771 —
Gradient 5/7 (71%) +1.604 —
Resnorm (Xu et al., 2026) 3/7 (43%) +1.320 —
Random 4/7 (57%) −0.106 —
ShapLoRA (Zhao et al., 2026) 3/7 (43%) +0.126 −0.031
TELL-TALE (Naim et al., 2026) 2/7 (29%) −1.078 −0.010

Llama-3.1-8B (Ntasks = 7)
LoRA delta (Hu et al., 2021) 3/7 (43%) −1.471 −0.044‡

Ablation 4/7 (57%) +1.270 —
Gradient 4/7 (57%) +1.296 —
Resnorm (Xu et al., 2026) 4/7 (57%) +1.123 —
Random 4/7 (57%) −0.750 —
ShapLoRA (Zhao et al., 2026) 3/7 (43%) +0.677 +0.048
TELL-TALE (Naim et al., 2026) 1/7 (14%) −0.761 −0.051

Mamba-790m (Ntasks = 9)
LoRA delta (Hu et al., 2021) 5/9 (56%) +0.502 −0.026§

ShapLoRA (Zhao et al., 2026) 2/9 (22%) +0.164 −0.008
TELL-TALE (Naim et al., 2026) 2/9 (22%) +0.148 −0.012

D.3 Mamba scale sweep

Tables 9 and 10 report causal validation for all four
Mamba checkpoints. Under ablation, top-k layers
follow the boundary pattern at all scales. Under
LoRA delta, top-k layers shift to mid-network posi-
tions and support rates remain high, including tasks
such as WinoGrande and PIQA that fail systemati-
cally in transformers under LoRA delta.

E Alternative-Mechanism Controls

E.1 The sign flip is not a layer-0 artifact

The L0 control rules out the simplest explanation
for the transformer–Mamba split. Transformers
place much more ablation mass on layer 0 than
Mambas, so the control is necessary. However,
removing layer 0 shifts transformer correlations to-
ward zero without changing the qualitative sign
for transformers up to 14B. The observed anti-
correlation is therefore not reducible to a single
embedding-bottleneck layer.

E.2 The sign flip is not a submodule-scope
artifact

In the main experiments, LoRA delta is computed
on trainable LoRA target modules, whereas abla-
tion removes a layer-local computation. This raises

Table 8: Scale/architecture extension: per-seed direc-
tional support rate and mean primary-metric gap for
LoRA delta and random top-k, plus per-seed uniform-
LoRA win rate against the no-adapter baseline. Both
checkpoints run with k = 6, LoRA rank 8, 300 training
steps, at seeds 43 and 44.

Model Method Seed 43 Seed 44 Mean gap (s43, s44) Ntasks

Qwen3-14B
LoRA delta 2/10 (20%) 4/10 (40%) −0.017, −0.001 10
Random 5/10 (50%) 5/10 (50%) −0.000, +0.004 10
Uniform LoRA 3/10 wins 2/10 wins +0.062, +0.060 10

Mamba-790m†
LoRA delta 3/9 (33%) 3/9 (33%) +0.006, +0.021 9
Random 3/9 (33%) 2/9 (22%) +0.001, −0.015 9
Uniform LoRA 2/9 wins 3/9 wins +0.034, +0.033 9

†Mamba-790m LongBench was not evaluated in the A1
extension: the updated A1 task list uses

longbench_multifieldqa_en whereas the Mamba-790m
LoRA-delta importance scores cover

longbench_single_doc; regenerating Mamba importance
against the new variant was out of scope. Rows therefore

report the nine tasks common to both checkpoints.
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Figure 16: Per-task topk minus bottomk primary-metric
gap on Qwen3-14B and Mamba-790m for LoRA delta
and random top-k placement. Bars are seed-averaged
means; error bars show the seed range over seeds 43
and 44. LongBench is excluded to keep the task set
comparable across checkpoints.

a natural concern: perhaps the observed disagree-
ment is caused by comparing different parts of the
block rather than by comparing different notions of
importance. To address this, we recompute place-
ment ranking alignment under matched submodule
scopes. For each matched setting, both estimators
are restricted to the same part of the transformer
block.

The cross-method anti-correlation is negative
for every available submodule in Llama-3.1-8B:
ρ = −0.581 for attention, −0.266 for MLP, and
−0.298 for full-block comparisons. The corre-
sponding top-6 layer overlaps are 15%, 17%, and
27%. For two random 6-of-32 selections, the ex-
pected overlap is 6 × 6/32 = 1.125 layers, or
18.75% of a top-6 set. Thus the attention and
MLP overlaps are at or below random, whereas
the full-block overlap remains far below within-
LoRA overlaps. This rules out the possibility that
the full-block anti-correlation is an artifact of mix-
ing attention and MLP signals.

Within LoRA delta, submodules converge on



Table 9: Mamba causal validation under ablation across
four model sizes. Top-k layers follow the boundary
pattern at all scales.

Task 130m (k=4) 370m (k=5) 790m (k=5) 2.8b (k=8)

HumanEval ✓ ✓ ✓ ✓
MBPP ✓ ✓ ✓ ✓
LongBench ✓ ✓ ✓ ✓
GSM8K ✓ × ✓ ✓
SQuAD ✓ ✓ ✓ ✓
MMLU ✓ ✓ ✓ ✓
GPQA ✓ ✓ ✓ ✓
ARC ✓ × × ✓
PIQA ✓ × × ×
WinoGrande ✓ ✓ × ✓

Rate 10/10 7/10 7/10 9/10

Table 10: Mamba causal validation under LoRA delta
across four model sizes. Mid-network layers are se-
lected at all scales; support rates are 9–10/10.

Task 130m (k=4) 370m (k=5) 790m (k=5) 2.8b (k=8)

HumanEval ✓ ✓ ✓ ✓
MBPP ✓ ✓ ✓ ✓
LongBench ✓ ✓ ✓ ✓
GSM8K ✓ ✓ ✓ ✓
SQuAD ✓ ✓ ✓ ✓
MMLU ✓ ✓ × ×
GPQA ✓ ✓ ✓ ✓
ARC ✓ ✓ ✓ ✓
PIQA ✓ ✓ ✓ ✓
WinoGrande ✓ ✓ ✓ ✓

Rate 10/10 10/10 9/10 9/10

the same layers. The mean Spearman correlation
between LD-attn and LD-MLP is +0.839 in Llama
and +0.659 in Qwen, rising to +0.883 for LD-attn
versus LD-full in Llama. Top-6 overlap ranges
from 55–60%. This indicates that the terminal
cluster is not a property of which projections are
updated: adapting attention alone, MLP alone, or
both simultaneously identifies the same final depth
region.

Within ablation, attention and MLP criticality
are more model-dependent. In Llama, Abl-attn
versus Abl-MLP yields ρ = +0.427 and 67%
top-6 overlap, suggesting moderate co-localization.
In Qwen3-8B, the same comparison yields ρ =
−0.027 and 27% overlap, indicating structurally
distinct attention-critical and MLP-critical layer
sets. Thus, if using ablation to guide submodule-
specific placement, the submodule choice matters;
if using LoRA delta, the choice is much less impor-
tant.

E.3 The sign flip is not a LoRA
artifact: adapter-free full fine-tuning
control

Plasticity is defined in the main text
through the magnitude of a LoRA update,

Table 11: Necessity-Plasticity Alignment NPA(M)
for the 14 primary paired pretrained checkpoints
(Qwen3, Llama, Mamba). NPA(M) is the mean Spear-
man rank correlation between LoRA-delta and ablation
importance vectors across T = 10 tasks. NPA\L0(M)
recomputes the same correlation with layer 0 excluded
from both vectors. L0 share is the fraction of total
ablation mass concentrated in the first layer. Family
means in bold are arithmetic averages over the listed
checkpoints. RWKV6-3B, Zamba2-2.7B, and Falcon-
Mamba-7B are reported in Section 4.1 as validation
architectures.

Model Family L C(M) C(M) \L0 L0 share

Qwen3-0.6B Transformer 28 −0.25 −0.16 0.89
Qwen3-1.7B Transformer 28 −0.47 −0.40 0.94
Qwen3-4B Transformer 36 −0.23 −0.16 0.61
Qwen3-8B Transformer 36 −0.30 −0.24 0.60
Qwen3-14B Transformer 40 −0.06 −0.10 0.60
Qwen3-32B Transformer 64 +0.07 +0.10 0.60
Llama-3.2-1B Transformer 16 −0.74 −0.69 0.32
Llama-3.2-3B Transformer 28 −0.48 −0.43 0.49
Llama-3.1-8B Transformer 32 −0.62 −0.59 0.54
Llama-3.1-70B Transformer 80 +0.01 +0.05 0.61
Mamba-130m SSM 24 +0.22 +0.22 0.30
Mamba-370m SSM 48 +0.22 +0.20 0.29
Mamba-790m SSM 48 +0.25 +0.26 0.09
Mamba-2.8b SSM 64 +0.28 +0.29 0.07

Transformer mean (n=10) −0.31 −0.26 0.62
Transformer mean (≤14B, n=8) −0.39 −0.35 0.62
Mamba mean (n=4) +0.24 +0.24 0.19
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Figure 17: Per-checkpoint distribution of the structural
asymmetry summarized by leave-out-L0 and L0-share
controls. Dashed lines mark family means; two-sided
Mann–Whitney U p-values compare family member-
ship.

which raises the possibility that NPA
measures where LoRA places updates
rather than where the architecture ab-
sorbs new information. We therefore re-
run the Plasticity measurement without
adapters: for each checkpoint we fine-
tune all parameters on the same tasks,
under the same data and budget, and re-
compute the per-layer update magnitude
∥∆Wl∥F from the difference between the
fine-tuned and pretrained weights. This
removes every LoRA-specific degree of
freedom at once: rank, scaling factor α,
initialization, and the choice of target
modules.

Table 14 reports the result on the 13
checkpoints we were able to fully re-
train. Two quantities matter. First,



Table 12: Submodule-matched placement ranking align-
ment. The Llama-3.1-8B full-block row is the headline
control: both estimators are applied at the block level,
yet the correlation remains negative. Within-LoRA-
delta correlations between attention- and MLP-matched
scorings are strongly positive, ruling out within-method
noise.

Cross-method ρ Attn-matched MLP-matched Full-block

Llama-3.1-8B −0.58 −0.27 −0.30
Qwen3-8B −0.07 +0.15 —

Table 13: Mean Spearman ρ between condition pairs
for Llama-3.1-8B and Qwen3-8B. Cross-method com-
parisons are negative in Llama across all submodules;
within-LoRA-delta comparisons are positive in both
models; within-ablation comparisons reveal model-
dependent divergence.

Comparison type Model Attn MLP Full

Abl vs LD (cross-method) Llama-3.1-8B −0.581 −0.266 −0.298
Qwen3-8B −0.066 +0.148 —

LD-attn vs LD-X (within LoRA delta) Llama-3.1-8B 1.000 +0.839 +0.883
Qwen3-8B 1.000 +0.659 —

Abl-attn vs Abl-X (within ablation) Llama-3.1-8B 1.000 +0.427 +0.557
Qwen3-8B 1.000 −0.027 +0.284

ρ(∆W full,∆WLoRA) is positive on ev-
ery checkpoint, so unconstrained fine-
tuning and LoRA select the same layers;
LoRA is not redirecting updates to an un-
representative subset of depth. Second,
ρ(∆W full, ablation) — the adapter-free
analogue of NPA — is negative for ev-
ery evaluated transformer with an abla-
tion baseline, and positive or near zero
for every evaluated Mamba, RWKV, and
hybrid checkpoint. The sign therefore
matches the LoRA-based NPA of Ta-
ble 11 in all 13 cases.

Correlation between the two adapta-
tion procedures declines with model
size (from 0.96 on Qwen3-0.6B to 0.39
on Qwen3-14B), which is expected:
larger models have more directions in
which a full-rank update can differ
from a rank-r one. What does not de-
cline is the agreement in sign between
ρ(∆W full, ablation) and NPA, which
is the quantity the paper’s claims rest on.

Update-to-weight normalization. A re-
lated concern is that ∥∆Wl∥F rewards
layers that simply have larger weight ma-
trices. We therefore recompute the Plas-
ticity ranking from the normalized quan-
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Figure 18: Full Spearman ρ matrix across matched-
control conditions for Llama-3.1-8B and Qwen3-8B.
The top-left block contains within-ablation correlations;
the bottom-right block contains within-LoRA-delta cor-
relations. The off-diagonal quadrants show the cross-
method signal.
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Figure 19: Summary Spearman ρ heatmap by com-
parison type and submodule. The cross-method row
is negative for Llama across all submodules. The
within-LoRA-delta row is positive for both models. The
within-ablation row reveals that Qwen3-8B has near-
zero attention–MLP correlation, indicating structurally
separate attention-critical and MLP-critical layer sets.

tity ∥∆Wl∥F /∥Wl∥F , using the corre-
sponding updated parameter set for each
method. The qualitative conclusion is
unchanged: LoRA-based NPA values
are essentially stable under normaliza-
tion, the evaluated transformers remain
negative, the pure Mamba checkpoints
and RWKV6-3B remain positive, and the
already near-zero hybrid and boundary
cases remain small in magnitude. Nor-
malization thus rescales the Plasticity
profile without moving the architecture
split.

E.4 Component-level analysis of a
hybrid checkpoint

Zamba2-2.7B is the one checkpoint in
our set that contains both block types,
so it permits a within-model version of
the architecture comparison. Its 54 lay-
ers comprise 45 Mamba blocks and 9
shared-attention hybrid blocks at posi-
tions 6, 12, . . . , 51. We partition the lay-
ers by block type and compute each com-
ponent’s share of three quantities: total



Table 14: Adapter-free control. ρ(∆W full,∆WLoRA)
is the Spearman correlation between full-parameter and
LoRA per-layer update profiles. ρ(∆W full, abl.) is the
adapter-free analogue of NPA, computed against the
same ablation-based Necessity rankings. The final col-
umn repeats the LoRA-based NPA from Table 11 for
comparison. Signs agree on all 13 checkpoints. Qwen3-
32B, Llama-3.1-70B, Mamba-2.8B, and Falcon-Mamba-
7B were not retrained under full FT for compute reasons.

Model Family ρ(full,LoRA) ρ(full, abl.) NPA

Qwen3-0.6B Transformer 0.96 −0.27 −0.25
Qwen3-1.7B Transformer 0.95 −0.45 −0.47
Qwen3-4B Transformer 0.88 −0.21 −0.23
Qwen3-8B Transformer 0.48 −0.25 −0.30
Qwen3-14B Transformer 0.39 −0.23 −0.06
Llama-3.2-1B Transformer 0.70 −0.76 −0.74
Llama-3.2-3B Transformer 0.70 −0.64 −0.48
Llama-3.1-8B Transformer 0.43 −0.42 −0.62

Mamba-130m SSM 0.46 +0.11 +0.22
Mamba-370m SSM 0.41 +0.35 +0.22
Mamba-790m SSM 0.42 +0.41 +0.25
RWKV6-3B SSM 0.75 +0.42 +0.54

Zamba2-2.7B Hybrid 0.30 +0.05 +0.05

Table 15: Component-level decomposition of Zamba2-
2.7B. Shares are percentages of the model total; ± val-
ues are standard deviations across tasks. The attention
component takes roughly twice its layer share of adapta-
tion mass under both LoRA and full FT, but only about
0.6× its layer share of Necessity.

Component Layers LoRA ∆W Full-FT ∆W Necessity

Attention blocks (9) 16.7% 36.3± 0.6 31.6± 0.7 10.4± 2.6
Mamba blocks (45) 83.3% 63.7 68.4 89.6

LoRA update mass, total full-FT update
mass, and total ablation Necessity mass.

Table 15 shows the dissociation repro-
duced inside a single model. The atten-
tion component is 16.7% of the layers but
absorbs 36.3% of LoRA update mass and
31.6% of full-FT update mass — roughly
twice its layer share under either adap-
tation procedure — while carrying only
10.4% of ablation Necessity mass, about
0.6× its layer share. Necessity is in-
stead concentrated in the Mamba blocks.
Zamba2’s near-zero whole-model NPA
of +0.05 is therefore not evidence that
the effect is absent; it is the average of a
transformer-like component and an SSM-
like component with opposing profiles.

Because this rests on a single checkpoint
with one attention/SSM ratio, we treat
statements about other ratios as extrapo-
lation beyond the measured setting.

E.5 Proxy validation is conditional on the
metric

The main causal-validation protocol uses a shared
likelihood-based proxy so that top-k and bottom-k
placement can be compared across heterogeneous
tasks. This makes the comparison controlled, but
it also means that the resulting directional labels
should not be interpreted as universal claims about
end-task performance.

Estimator choice reverses which tasks appear
supported. LoRA-delta placement supports Long-
Bench in 9/10 transformer checkpoints, whereas
ablation supports it in 2/10. On SQuAD, the order-
ing flips: 3/10 under LoRA delta and 9/10 under
ablation. These are the same models, training bud-
get, and validation loop; only the importance esti-
mator changes. Code-generation tasks favor LoRA
delta under the proxy, while commonsense tasks
show little structured support for either estimator.
These patterns show that estimator choice changes
the placement conclusion even when the training
and validation loop are held fixed.

We then audit the proxy verdicts against task-
native metrics, including pass@1, exact match, F1,
and LongBench aggregate scores. The audit shows
that the proxy metric is neither uniformly optimistic
nor uniformly pessimistic. In some cases, the proxy
reports a top-k win that does not appear under the
native metric; in other cases, the native metric im-
proves even when the proxy does not. Thus, proxy
validation captures one operational notion of selec-
tive adaptation, but it is not interchangeable with
task-native evaluation.

F Full Causal Validation Tables

Tables 17–25 present per-task causal-validation re-
sults for representative model–method pairs. Gen-
eration rows report perplexity; MCQ rows report
accuracy where available. To keep the schema
uniform, the metric columns below are labeled as
Base, Topk, and Botk. The final “Supp.” column is
a directional indicator only. Rows marked with †

are marginal near-ties and should not be treated as
strong practical wins.

G Layer-Pattern Summaries

G.1 Per-model top-layer patterns
G.2 Structural layer-selection patterns by

method

H Forgetting



Table 16: Task-native MCQ accuracy audit for causal-
validation rows. Each entry averages top-k and
bottom-k accuracy over the available MCQ tasks:
MMLU, ARC-Challenge, GPQA, PIQA, and Wino-
Grande. When multiple runs are available for the same
model and method, we average them. ∆ is top-k minus
bottom-k. Generation-style tasks are excluded because
their main diagnostic validation uses perplexity rather
than task-native pass@1/F1/exact-match metrics.

Model Method Top-k Bottom-k ∆

Qwen3-8B LoRA delta 0.500 0.522 -0.022
Qwen3-8B Ablation 0.524 0.593 -0.069
Qwen3-8B Gradient 0.514 0.525 -0.011
Qwen3-8B Resnorm 0.566 0.514 +0.052
Qwen3-8B ShapLoRA 0.491 0.546 -0.055
Qwen3-8B TELL-TALE 0.498 0.530 -0.031

Llama-3.1-8B LoRA delta 0.471 0.549 -0.078
Llama-3.1-8B Ablation 0.555 0.517 +0.038
Llama-3.1-8B Gradient 0.559 0.513 +0.047
Llama-3.1-8B Resnorm 0.541 0.530 +0.011
Llama-3.1-8B ShapLoRA 0.572 0.530 +0.042
Llama-3.1-8B TELL-TALE 0.517 0.555 -0.038

Qwen3-14B LoRA delta 0.544 0.538 +0.006
Qwen3-14B Random 0.543 0.522 +0.021

Mamba-790m Ablation 0.617 0.672 -0.055
Mamba-790m LoRA delta 0.451 0.466 -0.015
Mamba-790m Random 0.455 0.449 +0.006
Mamba-790m ShapLoRA 0.444 0.474 -0.030
Mamba-790m TELL-TALE 0.452 0.472 -0.020

Table 17: Qwen3-8B causal validation under LoRA
delta (k = 6 of 36 layers, seed 42). Generation rows
report perplexity; MCQ rows report accuracy where
available.

Task Group Top-6 layers Base Topk Botk Supp.

HumanEval Code 23,31–35 3.23 1.13 1.41 ✓
MBPP Code 28,29,32–35 5.88 2.07 2.49 ✓
LongBench Long-ctx 24,28,30–32,34 12.39 5.04 7.67 ✓
GPQA Science 28,31–35 6.65 3.57 3.79 ✓
MMLU Knowledge 30–35 10.79 9.97 6.15 ×
GSM8K Math 23,31–35 3.87 2.21 1.78 ×
SQuAD Retrieval 28,31–35 13.92 8.72 7.26 ×
ARC Commonsense 30–35 8.95 6.27 4.10 ×
PIQA Commonsense 30–35 12.45 9.80 4.46 ×
WinoGrande Commonsense 30–35 0.766 0.648 0.703 ×

Table 18: Llama-3.1-8B causal validation under LoRA
delta (k = 6 of 32 layers, seed 42). Generation rows
report perplexity; MCQ rows report accuracy where
available.

Task Group Top-6 layers Base Topk Botk Supp.

HumanEval Code 25–29,31 3.34 1.36 1.86 ✓
MBPP Code 24–29 5.93 2.01 2.33 ✓
LongBench Long-ctx 15,26–30 9.29 3.68 5.47 ✓
GPQA Science 16,17,19,26,29,30 5.28 3.09 3.40 ✓
MMLU Knowledge 15,17,23,25,28,29 8.27 10.31 6.03 ×
GSM8K Math 25–29,31 5.13 3.21 2.79 ×
SQuAD Retrieval 16,27–31 9.14 7.69 5.64 ×
ARC Commonsense 24–29 7.66 7.32 4.91 ×
PIQA Commonsense 24–29 11.56 9.25 5.28 ×
WinoGrande Commonsense 25–29,31 0.773 0.719 0.773 ×

Table 19: Mamba-790m causal validation under ablation
(k = 5 of 48 layers). Boundary layers dominate top-
k selection. Generation rows report perplexity; MCQ
rows report accuracy where available.

Task Group Top-5 layers Base Topk Botk Supp.

HumanEval Code 0,1,34,46,47 4.59 3.95 4.18 ✓
MBPP Code 0,1,34,46,47 6.21 4.02 4.87 ✓
GSM8K Math 0,1,34,46,47 8.96 4.97 6.02 ✓
SQuAD Retrieval 0,1,29,46,47 9.14 5.31 6.78 ✓
LongBench Long-ctx 0,1,34,46,47 11.30 7.42 8.95 ✓
MMLU Knowledge 0,1,34,46,47 8.10 5.60 6.20 ✓
GPQA Science 0,1,34,46,47 6.20 4.10 4.58 ✓
ARC Commonsense 0,1,29,34,47 7.80 5.10 5.62 ×
PIQA Commonsense 0,1,29,46,47 10.40 7.80 8.20 ×
WinoGrande Commonsense 0,1,29,46,47 0.656 0.633 0.672 ×

Table 20: Llama-3.2-3B causal validation under LoRA
delta (k = 5 of 28 layers). Generation rows report
perplexity; MCQ rows report accuracy where available.

Task Group Top-5 layers Base Topk Botk Supp.

HumanEval Code 19,20,23,26,27 3.54 1.75 2.16 ✓
MBPP Code 16,20,23,26,27 6.25 2.14 2.54 ✓
LongBench Long-ctx 16,23,25,26,27 10.80 6.42 7.30 ✓
GPQA Science 15,16,17,20,25 5.72 3.84 3.90 ×
MMLU Knowledge 14,20,25,26,27 9.00 7.71 6.64 ×
SQuAD Retrieval 15,19,22,24,27 12.42 9.61 8.64 ×
ARC Commonsense 20,23,24,25,27 8.14 5.35 4.96 ×
PIQA Commonsense 21,22,25,26,27 11.48 6.19 4.71 ×
WinoGrande Commonsense 19,20,23,26,27 0.766 0.680 0.750 ×

Table 21: Qwen3-32B causal validation under LoRA
delta (k = 8 of 64 layers). Generation rows report
perplexity; MCQ rows report accuracy where available.
The selected layers are bimodal, with an early cluster
and a terminal cluster.

Task Group Top-8 layers (sample) Base Topk Botk Supp.

HumanEval Code 4,5,6,59,60,61,62,63 1.98 1.36 1.49 ✓
MBPP Code 53,54,55,59,60,61,62,63 4.37 2.03 2.48 ✓
LongBench Long-ctx 46,48,49,50,51,52,53,54 9.84 6.76 11.17 ✓
GPQA Science 2,4,5,6,51,52,61,62 5.16 3.54 3.88 ✓
GSM8K Math 4,5,6,16,17,60,61,62 2.25 1.38 1.45 ✓
SQuAD Retrieval 3,4,5,6,54,59,60,61 8.78 4.61 4.88 ✓
MMLU Knowledge 2,3,4,5,6,48,62,63 7.45 5.16 5.50 ×
ARC Commonsense 2,4,5,6,59,60,61,63 6.58 3.67 3.99 ×
PIQA Commonsense 4,5,6,59,60,61,62,63 7.67 4.10 4.17 ×
WinoGrande Commonsense 51,54,58,59,60,61,62,63 0.773 0.727 0.781 ×

Table 22: Qwen3-32B causal validation under ablation
(k = 8 of 64 layers). Generation rows report perplex-
ity; MCQ rows report accuracy where available. Wino-
Grande is directionally supported, but the margin is
effectively a tie.

Task Group Top-8 layers (sample) Base Topk Botk Supp.

HumanEval Code 0,1,6,45,46,47,48,63 1.98 1.16 1.19 ✓
MBPP Code 0,1,6,40,53,54,60,61 4.37 1.83 2.35 ✓
LongBench Long-ctx 0,1,4,5,6,53,60,61 9.84 6.76 7.30 ✓
GPQA Science 0,1,2,6,35,54,60,61 5.16 3.54 3.60 ✓
SQuAD Retrieval 0,1,6,38,48,52,60,61 8.78 4.61 4.73 ✓
MMLU Knowledge 0,1,2,6,35,53,62,63 7.45 5.16 5.26 ✓
ARC Commonsense 0,1,2,6,35,54,60,61 6.58 3.67 3.78 ✓
WinoGrande Commonsense 0,1,6,41,42,44,52,62 0.773 0.719 0.711 ✓†

GSM8K Math 0,1,6,48,50,52,60,61 2.25 1.33 1.30 ×
PIQA Commonsense 0,6,41,44,52,54,60,63 7.67 4.10 4.04 ×



Table 23: Qwen3-8B: top-5 layers by LoRA-delta attri-
bution per task. Bold entries indicate layers outside the
terminal cluster L33–L35.

Task #1 #2 #3 #4 #5 Mean ∥∆∥

MMLU L34 L33 L30 L32 L35 3.07
GSM8K L34 L35 L33 L32 L31 2.02
ARC L34 L33 L35 L31 L32 2.38
PIQA L34 L33 L32 L31 L35 2.37
HumanEval L35 L34 L33 L25 L26 2.28
MBPP L33 L34 L35 L32 L29 2.79
SQuAD L34 L35 L33 L32 L31 2.25
WinoGrande L32 L34 L33 L31 L30 3.70
GPQA L34 L33 L35 L32 L31 2.64
LongBench L24 L28 L31 L30 L32 6.14

Table 24: Structural comparison of top-k layer patterns
across importance methods and representative models.
“Scattered + L0” indicates that L0 always appears in
top-k and other layers are task-variable.

Model Method Typical top-k Pattern

Qwen3-8B LoRA delta L28–L35 Terminal cluster
Qwen3-14B LoRA delta L1–L6, L37–L39 Bimodal (early onset)
Qwen3-32B LoRA delta L4–L6, L60–L63 Bimodal
Llama-3.2-3B LoRA delta L20–L27 Terminal cluster
Llama-3.1-8B LoRA delta L24–L31 Terminal cluster
Llama-3.1-70B LoRA delta L64–L79 Terminal cluster (tighter)

Qwen3-4B Ablation L0,L7,L11–L13,L24 Scattered + L0
Qwen3-14B Ablation L0,L6,L8,L17,L29,L30 Scattered + L0
Qwen3-32B Ablation L0,L1,L6,L45–L48,L63 Scattered + L0
Llama-3.1-8B Ablation L0,L1,L2,L7,L14,L31 Scattered + L0
Llama-3.1-70B Ablation L0,L13–L19,L35,L73 Scattered + L0

Mamba-790m Ablation L0,L1,L34,L46,L47 Boundary layers
Mamba-370m Ablation L0,L39,L45,L46,L47 Boundary layers
Mamba-2.8B Ablation L0,L35,L44,L60,L61 Boundary layers
Mamba-790m LoRA delta L2,L20,L38,L40,L41 Mid-network
Mamba-370m LoRA delta L5,L13,L38,L42,L45 Mid-network
Mamba-2.8B LoRA delta L26,L33,L43,L47,L52 Mid-network
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Figure 20: Forgetting ratio by model scale. Each
point is the median forgetting ratio across seeds and
task pairs; shaded bands show ±1 std. Solid lines =
SSMs (0.13–2.8B); dotted line = Hybrid (Zamba2-2.7B,
NPA=+0.05); dashed lines = Transformers (3–9B).
Color encodes placement strategy: red = top-k (most
plastic), green = bottom-k (least plastic), gray = random-
k. Within SSMs, the three lines are interleaved with no
consistent ordering. Within Transformers, top-k sits
above bottom-k at every scale. Zamba2’s three strate-
gies converge to uniformly low forgetting, consistent
with its near-zero NPA and distributed plasticity. Falcon-
Mamba-7B is excluded (its 7B scale overlaps with the
Transformer range; boundary results reported in text).
The boundary between SSM and Transformer scale re-
gions is marked by a dotted vertical line.
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Figure 21: Task-normalized LoRA-delta patterns for
Qwen3-8B and Qwen3-32B. Panels (a–b) show per-task
heatmaps; panel (c) overlays the mean profiles by rel-
ative depth. Qwen3-32B develops an additional early-
layer peak alongside the terminal cluster, yielding a
bimodal profile absent in smaller Qwen3 variants. The
bimodality is the proximate clue for the scale-induced
collapse of C(M) on the two largest transformers (Sec-
tion 5.4).

Table 25: Llama-3.1-70B causal validation under LoRA
delta (k=10 of 80 layers). Generation rows report per-
plexity; MCQ rows report accuracy where available.
Most tasks select terminal-cluster layers; GSM8K ad-
ditionally recruits early-middle layers. SQuAD is only
marginally supported by the binary rule.

Task Group Top-10 layers (sample) Base Topk Botk Supp.

HumanEval Code 40,41,42,45,73,74,75,76,78,79 2.78 1.80 2.30 ✓
MBPP Code 41,43,44,45,48,49,72,73,74,75 4.94 1.95 2.64 ✓
LongBench Long-ctx 63,64,67,68,70,71,72,74,75,76 7.71 4.66 6.59 ✓
GPQA Science 6,8,40,71,73,74,75,77,78,79 4.27 3.41 3.47 ✓
GSM8K Math 12,13,14,15,16,33,71,75,78,79 4.11 2.46 2.55 ✓
SQuAD Retrieval 27,33,35,36,37,38,74,77,78,79 2.91 1.69 1.70 ✓†

MMLU Knowledge 4,9,11,21,36,73,74,77,78,79 5.69 4.72 4.58 ×
ARC Commonsense 67,71,72,73,74,75,76,77,78,79 5.96 3.97 3.91 ×
PIQA Commonsense 35,71,72,73,74,75,76,77,78,79 9.63 4.26 3.79 ×
WinoGrande Commonsense 68,69,70,71,72,73,74,75,76,77 0.812 0.781 0.758 ×
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