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Abstract

Post-hoc linearization is an attractive way to accelerate pretrained Video Diffusion Trans-
formers (Video DiTs), yet existing methods largely treat the quality loss induced by attention
replacement as a recovery problem. We show that a more fundamental bottleneck lies up-
stream: initialization. Random initialization discards pretrained knowledge, whereas manual
weight reuse transfers it through rigid and incomplete source–target correspondences. We
introduce LinMorph, which recasts Video DiT linearization as a learnable softmax-to-linear
weight transformation problem. Instead of copying predefined counterparts, LinMorph learns
a cross-parameter morphism that lets each target Gated DeltaNet (GDN) parameter draw
jointly from pretrained query, key, value, and output projections, including for parameters
with no direct softmax counterpart. A single morphism is shared across layers and learned
through local teacher alignment, while producing layer-specific initializations from their
respective pretrained weights. The resulting weights are then materialized as independent
GDN modules for progressive distillation and joint recovery. Since the morphism operates
in weight space rather than token space, it can be learned on short, low-resolution clips
and directly reused at larger video scales. Across pretrained Video DiTs, LinMorph enables
markedly faster recovery and better final generation quality than random initialization and
heuristic weight reuse. Results show that efficient linearization depends not only on how
a converted model is recovered, but critically on how pretrained knowledge is transferred
before recovery.

Project and Code

Project page https://lonelyling.github.io/LinMorph/
Code repository https://github.com/lonelyling/LinMorph
Model checkpoints https://huggingface.co/Lonelly/LinMorph
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Figure 1. Comparisons of different weight initialization methods. (a) Random initialization discards
pretrained knowledge, while (b) manual copying relies on partial one-to-one correspondences. (c) Our
LinMorph learns a cross-parameter transformation that initializes both matched and target-specific linear-
attention parameters. (d) The resulting initialization yields substantially faster recovery and lower KD loss.

1 Introduction

Video diffusion transformers (Video DiTs) [1–4] have recently emerged as a dominant paradigm
for high-quality video generation, benefiting from the scalability and expressive capacity of
Transformer architectures [5]. However, their computational cost grows rapidly with the number
of spatio-temporal tokens, making full softmax attention increasingly expensive for high-resolution
and long-duration video generation. Linear attention provides a promising alternative by reducing
the quadratic complexity of token interaction to linear or near-linear complexity [6–8]. Yet,
training a linear-attention Video DiT from scratch is itself prohibitively expensive. A more
practical route is therefore to linearize an existing pretrained Video DiT by replacing its softmax
attention modules with efficient linear counterparts, followed by a short recovery stage to restore
generation quality [9–11]. This post-hoc linearization paradigm enables efficient video generation
while preserving the value of expensive pretrained models.
Despite its appeal, post-hoc linearization faces an overlooked initialization problem. Existing

approaches typically either initialize the new linear attention from scratch and rely on recovery
training to reconstruct the lost functionality [12], or manually copy seemingly corresponding
softmax projections into the target operator [12, 13]. The former discards knowledge already
encoded in the pretrained attention weights, while the latter relies on rigid and often incomplete
source–target correspondences. This limitation becomes particularly pronounced for modern
recurrent linear attention operators, whose parameterizations contain components with no direct
softmax counterpart. Consequently, a substantial difficulty of Video DiT linearization may arise
before recovery begins: from how the replacement module is initialized.
This observation suggests a different formulation. Rather than asking which pretrained softmax

weights should be copied to which linear-attention parameters, we ask how pretrained softmax weights
should be transformed into an effective linear-attention initialization. From this perspective, manual
copying is only a highly constrained transformation with a predefined one-to-one correspondence.
A learned transformation can instead exploit information jointly distributed across multiple
pretrained projections and construct parameters even when no explicit counterpart exists in the
source attention.
Building on this idea, we propose LinMorph, a parameter-efficient weight-morphing framework

for post-hoc Video DiT linearization. LinMorph learns a source-conditioned transformation shared
across layers: each layer provides its own pretrained softmax weights, while the same learned
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Figure 2. Overview of LinMorph. A shared weight morphism is first learned from the frozen softmax
teacher and used to generate GDN initialization weights. After materialization, the mapper is discarded
and the GDN modules are progressively introduced and recovered by prediction distillation. The resulting
hybrid Video DiT is finally fine-tuned end-to-end without the teacher.

rule constructs its linear-attention initialization. The transformation is fitted through local
teacher alignment in a compact shared parameter space, after which the generated weights are
materialized as independent replacement modules and optimized by progressive distillation and
joint recovery. Because the morphism acts on model weights rather than video tokens, it can be
learned from short, low-resolution clips and reused to initialize recovery at larger video scales.
Figure 1 contrasts LinMorph with random initialization and manual weight reuse.
Experiments on pretrained Video DiTs show that LinMorph provides a substantially stronger

starting point than both random initialization and heuristic weight reuse, leading to faster recovery
and better final generation quality. The learned morphism also transfers across video resolutions
and durations without mapper refitting, allowing the initialization to be learned at a cheaper
video scale and reused for more expensive recovery. These results highlight a complementary axis
for efficient Video DiT linearization: beyond designing a better attention operator or recovery
objective, it is equally important to determine how pretrained softmax knowledge is transferred
into the new parameterization.

2 LinMorph: Softmax-to-Linear Weight Morphism

LinMorph learns a source-conditioned transformation shared across layers to initialize Gated
DeltaNet (GDN) replacements in pretrained Video DiTs [14]. Each layer supplies its own softmax
weights, while the shared rule constructs its GDN initialization. Figure 2 summarizes three stages:
local mapper fitting, progressive distillation of the materialized replacements, and teacher-free
joint fine-tuning.

2.1 Cross-Parameter Weight Transformation

For layer ℓ, letΘ(ℓ)
soft denote the pretrained softmax-attention parameters and Θ̃

(ℓ)
lin the initialization

of its GDN replacement. LinMorph applies a weight morphism shared across participating layers,

Θ̃
(ℓ)
lin = Tϕ,ψ

(
Θ

(ℓ)
soft

)
, (1)

where ϕ parameterizes a source-conditioned base transformation and ψ a residual correction.
The transformation parameters are shared, but the resulting initializations are layer-specific
because each layer provides different pretrained source weights. LinMorph therefore shares the
transformation rule, rather than the weights of the resulting GDN modules. Here, “morphism”
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refers to a learned cross-architecture weight transformation, not an exact function-preserving
mapping between softmax attention and GDN. Figure 3 illustrates the shared mapper for an
individual target parameter.

Shared mapper
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GDN initialization
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Figure 3. Shared weight mapper.
Shown for a target parameter j. Align-
ment and construction are target-
dependent; residual correction ap-
plies only to q, k, v, o, g, β.

Cross-parameter mixing. Rather than prescribing a one-
to-one source–target correspondence, LinMorph allows each
target parameter to draw information jointly from all pre-
trained softmax projections. Let W(ℓ)

s ∈ RD×D, s ∈ S =

{Q,K, V,O}, denote the four source projections. Given shape-
aligned source matrices {Zs}s∈S , we define

Mj ({Zs}s∈S) =
∑
s∈S

αj,sZs, (2)

where αj,s are learned unconstrained coefficients shared
across layers. Each target parameter j thus learns not only
which pretrained projections are useful, but also how their
information should be combined.

Dimension and parameter alignment. Softmax attention
and GDN need not have matching internal dimensions.
We introduce target-specific adapters Ej for the attention-
channel dimension, together with hidden-width bridges Bup

and Bdown between the pretrained DiT width D and the
GDN width Dg. For the main GDN projections, the source-
conditioned mixtures are

W
(ℓ)
j,mix = Mj

(
{EjW(ℓ)

s }s∈S

)
, j ∈ {q, k, v, g}, (3)

W
(ℓ)
o,mix = Mo

(
{W(ℓ)

s Eo}s∈S

)
, (4)

from which the base target weights are constructed as

W
(ℓ)

j = W
(ℓ)
j,mixBdown, j ∈ {q, k, v, g}, W

(ℓ)

o = BupW
(ℓ)
o,mix. (5)

The bridges connect the GDN replacement to the surrounding DiT while preserving the external
hidden width. GDN additionally contains parameters without direct softmax counterparts, in-
cluding update and decay projections, short convolutions, and normalization parameters. We
construct these parameters from compact source-conditioned statistics of the pretrained pro-
jections and apply the same learned cross-parameter mixing principle. This allows pretrained
information to contribute even when an explicit source–target correspondence does not exist.
Detailed constructions are provided in Appendix B.3.

Residual correction. The source-conditioned transformation provides a structured base initial-
ization, but need not fully account for the parameterization gap between softmax attention and
GDN. We therefore augment each generated weight with a shared residual in the native target
space,

W̃
(ℓ)
j = W

(ℓ)

j +∆Wj , j ∈ {q, k, v, o, g, β}, (6)

where W̃(ℓ)
j denotes the final weight used to initialize the replacement before recovery. The

mixing coefficients, adapters, bridges, and residual corrections are shared across participating
layers, while the source-conditioned term preserves layer-specific information.
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With matching dimensions, identity adapters and bridges, zero residuals, and a one-hot source
mixture, LinMorph reduces to direct one-to-one weight copying. Manual reuse can therefore be
viewed as a restricted special case of the proposed transformation, whereas LinMorph learns how
pretrained information should be reassigned to the target parameterization.

2.2 Shared Morphism Optimization

Local teacher alignment. We optimize the shared morphism by locally matching each mapped
GDN replacement to its corresponding pretrained softmax block. Given a noisy video latent zt
and text condition c, a frozen teacher forward pass provides, for each participating layer ℓ, the
block input X(ℓ)

T , the attention output A
(ℓ)
T , and the complete block output Y

(ℓ)
T .

For each layer, we then replay the block using the mapped GDN initialization Θ̃(ℓ)
lin , while fixing

its input to the teacher activation X
(ℓ)
T . This produces Â(ℓ) and Ŷ(ℓ) for the mapped attention

module and the full block, respectively. All non-attention components remain frozen, while
gradients are propagated through them to the shared morphism. Using the teacher activation
independently at every layer isolates the local conversion error and prevents mismatches from
preceding replacements from accumulating during mapper optimization.
We match both the attention output and its effect on the surrounding block:

Lmap =
1

|B|
∑
ℓ∈B

[
D
(
Â(ℓ),A

(ℓ)
T

)
+D

(
Ŷ(ℓ),Y

(ℓ)
T

)]
, (7)

where D(·, ·) denotes element-wise mean squared error. The first term directly aligns the replace-
ment operator, while the second measures whether the mapped attention remains compatible
with the surrounding pretrained block.

Two-stage optimization. We first optimize the source-conditioned base transformation ϕ with
the residual correction fixed to zero. We then freeze ϕ and optimize only ψ under the same
alignment objective. This decomposition first captures the reusable transformation structure
shared across layers, and then corrects the remaining mismatch directly in the native GDN
parameter space.

Materialization. After optimization, we evaluate Tϕ⋆,ψ⋆ once on the pretrained parameters of
each participating layer and materialize the resulting Θ̃(ℓ)

lin as independent GDN parameters. The
shared mapper is then discarded; the materialized modules are no longer tied across layers and
can be optimized independently during subsequent recovery.
Because the morphism is shared across layers and operates in weight space, mapper fitting

optimizes a much smaller parameter set than directly recovering all converted GDN modules.
Moreover, its parameterization depends on model dimensions rather than video token count at a
fixed architecture. We therefore fit the morphism using short, low-resolution clips and reuse the
resulting initialization for recovery at larger video scales; this cross-scale behavior is examined in
Appendix C.4.1.

2.3 Progressive Conversion and Recovery

Progressive distillation. The materialized LinMorph weights provide the starting point for
converting the pretrained Video DiT. Rather than replacing many softmax blocks at once, we
progressively increase the number of GDN replacements, e.g., 0→ 7→ 14→ 21 for Wan2.1, as
illustrated in Figure 2. At each stage, newly introduced GDN modules are initialized by LinMorph,
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while previously converted modules inherit their recovered weights. The converted modules and
their bridges are then adapted by matching the velocity prediction of the frozen softmax teacher,

LKD = MAE(vθ(zt, t, c),vT (zt, t, c)) . (8)

Progressive conversion limits the architectural change introduced at each stage, allowing the
mapped initialization to be adapted before further softmax blocks are replaced.

Teacher-free joint fine-tuning. Once the target replacement ratio is reached, we remove teacher
supervision and jointly fine-tune the entire hybrid Video DiT with flow-matching objective,

LFM = E [w(t)MSE (vθ(zt, t, c), ϵ− z0)] . (9)

This final stage allows the softmax and GDN blocks to co-adapt under the original generative
objective, producing the recovered hybrid model used for inference.

3 Understanding the Learned Weight Morphism

We isolate the learned morphism before downstream recovery to understand why it provides an
effective initialization. We first examine the cross-parameter structure discovered by LinMorph,
then evaluate the functional fidelity of the resulting initialization.

3.1 Learned Cross-Parameter Structure

LinMorph does not simply recover the namesake correspondences used by manual weight copying.
Figure 4 visualizes the learned source-mixing coefficients αj,s. While the query and key targets
retain strong contributions from their corresponding source projections, they also draw non-
negligible information from other pretrained weights: cross-projection terms account for 6.08%
and 12.20% of their absolute coefficient mass, respectively. For target parameters without a
direct softmax counterpart, the learned assignments are even more distinctive. For example,
WO contributes 82.16% of the absolute coefficient mass for the update projection β. These
patterns suggest that the useful softmax-to-linear correspondence is neither strictly one-to-one
nor determined by parameter names.

(a) Learned FullMix coefficients (b) Interventions

0.849 0.0509 −0.00408 −3.7e−5

0.12 0.929 −0.00717 0.00168

0.00305 0.00628 0.587 0.00694

−9.7e−5 1.5e−4 5.2e−4 1.05

0.022 0.0242 −0.0301 −0.00807
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q

k
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o
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Q K V O
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et
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ct
io

n
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Figure 4. Learned cross-parameter structure. Left:
source-mixing coefficients. Right: block-NMSE degra-
dation after restricting or permuting the learned
source assignments.

We further test whether these learned corre-
spondences are functionally meaningful rather
than incidental. Without any additional opti-
mization, we intervene on the fitted mapper
while keeping all other parameters fixed. Re-
stricting q, k, v, o to their namesake source pro-
jections increases block NMSE by 5.66%. More
strikingly, cyclically permuting the learned
source assignments for GDN-specific parame-
ters increases block NMSE by 171.44%, despite
preserving the norms of their coefficient vec-
tors. The paired 95% bootstrap intervals are
[5.34, 5.99]% and [162.73, 180.64]%.
Together, these results show that LinMorph

learns structured cross-parameter relationships
that are important for functional alignment.
The benefit therefore comes not merely from reusing pretrained weights, but from learning how
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information distributed across different softmax projections should be reassigned to the target
linear-attention parameterization.

3.2 Functional Fidelity of the Initialization

Table 1. Pre-recovery initialization fidelity. Evalu-
ated on 64 HQ videos, 30 blocks, and five diffusion
timesteps.

Initialization Block NMSE ↓ Block Cos. ↑

Random 0.09483 0.96211
Manual copying 0.09446 0.96209

Base 0.01360 0.99321
Base + residual 0.01239 0.99381

We next evaluate the mapped initialization be-
fore any downstream recovery. As shown in Ta-
ble 1, the base morphism already achieves high
teacher-forced block fidelity. Residual refinement
further improves both attention- and block-level
alignment, reducing block NMSE from 0.01360

to 0.01239 and increasing block cosine similarity
from 0.99321 to 0.99381.
These results are measured before progressive

distillation or joint fine-tuning, showing that the learned weight transformation itself places the
GDN replacement close to the pretrained softmax block in function space. The residual correction
then captures the remaining mismatch in the target parameterization. Additional analyses of
cross-scale reuse and cross-layer sharing are provided in Appendices C.4.1 and C.5, respectively.

4 Experiments

4.1 Experimental Setup

Backbones and data. Our primary backbone is the 30-block Wan2.1-T2V-1.3B [4], for which
we replace 14 or 21 softmax-attention blocks with GDN. To test cross-backbone applicability, we
additionally replace six blocks of Wan2.2-TI2V-5B [15] in text-to-video mode. All initialization
ablations within each backbone use the same target architecture and recovery recipe. Wan2.1
uses our curated high-quality internet-video set (HQ videos) for mapper fitting and recovery,
while Wan2.2 recovery uses OpenVid [16]. The Wan2.2 experiment uses a separately fitted
shared-mapper variant; its details are provided in Appendix C.

Evaluation. We evaluate functional fidelity with normalized mean squared error (NMSE) and
cosine similarity at both block and final-output levels. Teacher-forced metrics isolate individ-
ual replacements on teacher hidden states, whereas depth-rollout metrics propagate student
representations through the DiT and measure the composed model. All initialization and recovery-
schedule ablations use the same fixed HQ evaluation subset. Generation quality is evaluated
with VBench [17] and VBench-2.0 [18]. Detailed training settings, metric definitions, evaluation
subsets, and checkpoint accounting are provided in Appendix C.

4.2 Initialization Quality and Recovery Efficiency

We isolate the effect of initialization by holding the target architecture and recovery recipe
fixed, and compare LinMorph with random initialization and dimension-aligned manual copying.
Table 2 reports functional fidelity, while Figures 1(d) and 6 show the recovery dynamics on
Wan2.1 and Wan2.2, respectively.
On Wan2.1 with seven GDN blocks, LinMorph reduces depth-rollout block NMSE by 61.4%

over manual copying and 65.5% over random initialization after 1,500 updates, while lowering
final-output NMSE to 0.01013. It also outperforms random initialization trained for twice as
many updates (0.01682 at 3,000 updates), showing that a stronger initialization improves both
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Table 2. Controlled initialization ablation on two Video DiT backbones. Within each backbone, all
methods use the same target architecture, recovery recipe, and evaluation protocol.

Wan2.1: 7 GDN blocks

Init. Upd.
Block
NMSE ↓

Block
Cos. ↑

Output
NMSE ↓

Output
Cos. ↑

Random 1,500 0.1522 0.9315 0.0250 0.9873
Manual 1,500 0.1359 0.9379 0.0230 0.9884
Random 3,000 0.1168 0.9449 0.0168 0.9915
Manual 3,000 0.0905 0.9565 0.0137 0.9931

LinMorph 1,500 0.0525 0.9738 0.0101 0.9949

Wan2.2: 6 GDN blocks

Init. Upd.
Block
NMSE ↓

Block
Cos. ↑

Output
NMSE ↓

Output
Cos. ↑

Random 1,250 0.2886 0.8545 0.0357 0.9820
Manual 1,250 0.2673 0.8637 0.0320 0.9839
Random 2,500 0.2148 0.8917 0.0258 0.9870
Manual 2,500 0.1872 0.9049 0.0222 0.9889

LinMorph 1,250 0.1476 0.9257 0.0235 0.9882

intermediate alignment and end-to-end prediction while substantially reducing recovery effort.
Consistent with these fidelity gains, Figure 1(d) shows that LinMorph reaches a lower training
KD loss in 1,500 updates than either baseline in 3,000 updates.
Wan2.2: higher block fidelity with half the recovery updates. The benefit extends to Wan2.2
with six replacements. Figure 6 shows that LinMorph substantially reduces the early recovery
loss relative to manual copying and random initialization. At the same 1,250-update budget,
LinMorph achieves lower block and final-output NMSE than both baselines. Moreover, after only
1,250 updates, LinMorph reaches a block NMSE of 0.14755, outperforming manual copying and
random initialization trained for 2,500 updates, which obtain 0.18718 and 0.21479, respectively.
Thus, the learned initialization achieves stronger block alignment with half as many recovery
updates. Across both backbones, these results demonstrate the effectiveness of learning how
pretrained weights should be transferred before recovery.

4.3 Generation Quality

Overall quality across two benchmarks. We evaluate the recovered models on VBench [17] and
VBench-2.0 [18], covering perceptual and temporal quality as well as intrinsic video faithfulness.
Table 3 consolidates the full-suite total scores for both conversion depths. Each LinMorph row
uses the same checkpoint across the two benchmarks: microstep 8,000 for 14 GDN blocks and
microstep 40,000 for 21 GDN blocks.
The references include the source backbone, CogVideoX-based generation and representation-

alignment models, and recent Wan-based acceleration methods. These provide complementary
context for generation quality; the matched initialization ablations in Section 4.2 isolate the
benefit of learned weight transfer.
After 4,000 optimizer updates of final full-model fine-tuning, the 14-GDN model achieves

82.16 on VBench and 55.11 on VBench-2.0. Its VBench total is within 0.33 points of the reported
Wan2.1-1.3B reference, while both totals exceed the reported CogVideoX-2B and VideoREPA-2B
results. At a higher conversion ratio of 21/30 = 70%, LinMorph obtains 81.85∗ and 52.13,
respectively, retaining a VBench total above 81 despite replacing most attention blocks.

Dimension-wise comparison with LinVideo. LinVideo [10] provides a direct post-training
linearization reference on the same Wan2.1-1.3B backbone. Table 4 compares our 21-GDN
model with its 16-block conversion using all eight dimensions reported in its main Wan2.1-1.3B
comparison. This panel jointly covers frame appearance, motion, temporal consistency, and
semantic alignment, allowing us to examine where quality is retained after conversion.
LinMorph has higher reported scores on seven of eight dimensions while converting five

additional blocks. The largest gains are in aesthetic quality (+4.49 points), scene (+3.32), and
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Table 3. Overall generation quality on VBench and VBench-2.0. Scores are on a 0–100 scale; higher
is better. LinMorph uses 50-step sampling. † denotes an approximate score read from the 480 × 832
panel of Figure 5 in Ghafoorian et al. [9]. Reference provenance and evaluation details are provided in
Appendix C.6.

Model VB1 ↑ VB2 ↑ Model VB1 ↑ VB2 ↑

General video-generation models
Wan2.1-1.3Ba 82.49 56.02 CogVideoX-1.5-5Bc 82.01 53.40
MoAlign-2Bb 81.30 55.90 CogVideoX-2Bb 80.60 54.90
VideoREPA-2Bb 80.50 55.00 VideoCrafter2d 80.44 –

Efficient video-generation models
Wan-DMD (2 steps)a 83.28 56.67 PyramidalWan-DMD-PT⋆,a 82.72 51.75
Wan-Adv (2 steps)a 82.35 54.82 SnapGen-V (4 steps)c 81.14 –
Wan-Adv (1 step)a 80.28 50.36 LTX-Videoc 80.00 –
Open-Sora V1.2c 79.76 – Wan-DMD (1 step)a 79.45 53.17

Linear-complexity video-generation models
Attention Surgery(15×R2)e 83.21 55.10 M4Vc 81.91 –
HLA-3F-R1-10e 81.42 – Attention Surgery (20×R4)e,† ≈ 81.1 –

LinMorph-14 82.16 55.11 LinMorph-21 81.85∗ 52.13

Table 4. Dimension-wise VBench comparison with LinVideo. All eight dimensions in the Wan2.1-1.3B
panel of Huang et al. [10] are included. Scores are multiplied by 100; higher is better. Bold marks the
higher score in each row. LinVideo converts 16/30 blocks; LinMorph converts 21/30.

Dimension LinVideo LinMorph (21 GDN) ∆

Imaging quality 66.07 69.04 +2.97
Aesthetic quality 59.41 63.90 +4.49
Motion smoothness 98.19 98.58 +0.39
Dynamic degree 59.67 60.56 +0.89
Background consistency 96.72 97.16 +0.44
Subject consistency 95.12 95.48 +0.36
Scene 39.18 42.50 +3.32
Overall consistency 26.52 24.13 −2.39

∆: LinMorph minus LinVideo, in score points. LinVideo uses unaugmented prompts and CFG five; LinMorph uses
Wan-enhanced prompts and CFG six. This panel excludes temporal flickering and is unaffected by the prompt
correction marked in Table 3.

imaging quality (+2.97), accompanied by higher motion smoothness, dynamic degree, and
subject/background consistency. These results highlight the perceptual and temporal quality
of the recovered 21-GDN model. Sampling settings and reference sources for both tables are
detailed in Appendix C.6.
Qualitative comparisons appear in Figure 8 (Appendix C.8).

4.4 Progressive versus One-Shot Recovery

Progressive distillation and final joint fine-tuning serve complementary roles. Distillation adapts
the inserted modules while retaining the pretrained backbone; joint fine-tuning then unfreezes
the full DiT to adapt inter-block representations and the final denoising prediction together. We
first test block alignment at the end of distillation, before this full-model adaptation.
We compare direct insertion of 21 GDN blocks with 0→7→14→21 progressive conversion,

using the same mapped initialization bank and 4,500 total recovery updates. The progressive
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Table 5. Block alignment after 21-GDN distillation. Both schedules use the same mapped initialization
bank and 4,500 total optimizer updates. Metrics use student depth rollout, before final teacher-free
full-model fine-tuning. Complete prediction diagnostics appear in Appendix C.3.

Schedule Total updates
Block
NMSE ↓

Block
Cos. ↑

One-shot 0 → 21 4,500 0.18406 0.90358
Progressive 0 → 7 → 14 → 21 4,500 0.17931 0.90728

schedule uses 1,500 updates per stage and inherits previously recovered modules; the direct
schedule trains all 21 replacements for 4,500 updates.
Progressive recovery reduces depth-rollout block NMSE by 2.58% and improves block cosine

similarity from 0.90358 to 0.90728. This supports progressive insertion as a way to improve
intermediate alignment before joint adaptation. The final teacher-free stage is designed to
accommodate the representation changes introduced across blocks, allowing retained and replaced
components to adapt together under the generation objective. Appendix C.3 reports the complete
pre-fine-tuning diagnostics, including final-prediction metrics.

4.5 Inference Efficiency

Larger gains as video length increases. We benchmark the 21-GDN hybrid against pretrained
Wan2.1 with FlashAttention-2 [19], using BF16 and batch size one on an A800-80GB. Figure 5
reports attention-module, full-backbone, and end-to-end generation speedups using the original
FLA implementation. At 480× 832, attention-module speedup increases from 2.02× at 321 frames
to 3.91× at 641 frames. The full DiT reaches 1.48× speedup at 321 frames and 1.76× at 481
frames, showing that the operator-level gains translate into backbone acceleration.
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Video frames (480 × 832)
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Figure 5. 21-GDN inference speedup. At-
tention/backbone: median and IQR over three
paired rounds; end-to-end: one pair. Protocol:
Appendix C.7.

End-to-end acceleration. At 321 frames, full gen-
eration decreases from 1,604.7 to 1,094.0 seconds, a
1.47× speedup. This measurement includes text en-
coding, denoising, and VAE decoding, demonstrating
a practical reduction in generation latency beyond
the replaced attention modules. Absolute latencies,
resource use, and the measurement protocol are pro-
vided in Appendix C.7.

4.6 Transformation Design

We compare manual copying and five learned map-
pings under a common teacher, target architecture,
and evaluation protocol, with equal fitting budgets
for the learned variants. PreMix/PostMix denotes
source-weight mixing before/after dimensional ex-
pansion; residual refinement adds a full-rank cor-
rection in native target space. Table 6 shows that
residual refinement improves every learned variant
across all four metrics. FullMix achieves the best block fidelity, while PostHeadMix achieves the
best output fidelity, both with residual refinement.
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Table 6. Comparison of weight-transformation designs. Entries report results without / with residual
refinement. Block metrics use teacher-forced inputs; output metrics evaluate the cascade of all 30 mapped
modules. Evaluation uses 64 videos and five diffusion timesteps. Bold marks the best result in each metric.

Transformation Block NMSE ↓ Block Cos. ↑ Output NMSE ↓ Output Cos. ↑

Manual 0.1002 / – 0.9614 / – 4.1482 / – 0.2395 / –
FullMix 0.0177 / 0.0161 0.9912 / 0.9920 0.7810 / 0.6390 0.6456 / 0.7051
PreHeadMix 0.0221 / 0.0207 0.9890 / 0.9897 1.5084 / 1.2746 0.5176 / 0.5745
PostHeadMix 0.0175 / 0.0162 0.9913 / 0.9919 0.7376 / 0.6166 0.6625 / 0.7135
PreChannelMix 0.0183 / 0.0166 0.9908 / 0.9917 0.9758 / 0.6926 0.6071 / 0.6893
PostChannelMix 0.0207 / 0.0181 0.9897 / 0.9910 1.4928 / 0.8154 0.4759 / 0.6536

5 Conclusion

We presented LinMorph, a framework that treats post-hoc Video DiT linearization as a learn-
able weight transformation problem rather than solely a recovery problem. Instead of random
initialization or rigid manual copying, LinMorph learns cross-parameter correspondences that
transfer pretrained softmax knowledge into GDN parameters, including those without direct
source counterparts. A single source-conditioned morphism is shared across layers while produc-
ing layer-specific initializations. Operating in weight space, it can be fitted on short, low-resolution
clips and reused at larger video scales without refitting. Experiments on two Wan backbones
demonstrate improved initialization fidelity and faster recovery, while the resulting hybrid models
achieve strong generation quality and accelerate long-video inference. These findings establish
learned initialization as a complementary axis for efficient linearization: how pretrained knowl-
edge is transferred before recovery matters alongside how the converted model is subsequently
optimized.

AI use statement

Generative AI tools were used to assist with literature discovery and synthesis, methodological
and experimental feedback, software and plotting support, interpretation and presentation of
experimental results, and manuscript organization, translation, and language editing. All AI-
assisted code, analyses, citations, claims, and text are subject to author review and verification
against the implementation, experimental records, and original sources. The authors take
responsibility for the final content of this work, including material produced with the aid of
generative AI.

Ethics statement

This work studies the efficient adaptation and inference of pretrained video diffusion models. The
resulting generators may inherit biases andmisuse risks from their pretrained backbones, including
the creation of misleading or non-consensual media. Responsible deployment should include
appropriate content safeguards and clear identification of synthetic media. Our experiments use
pretrained models, existing datasets, and a curated set of high-quality internet videos. The use
and any redistribution of these resources should respect applicable licenses, copyright, privacy,
and consent requirements.

Reproducibility statement

Section 2 describes the shared weight morphism and its training objectives. Appendix B spec-
ifies target-parameter construction, dimensional alignment, initialization, optimization, and
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progressive replacement. Appendix C documents backbone-specific recovery settings, baseline
initialization recipes, and checkpoint accounting. Functional evaluation metrics and statistical
scope are provided in Appendix C.2; generation settings and benchmark reference sources are
detailed in Appendix C.6. Appendix C.7 reports the timing environment, measurement scopes,
warmup procedures, and aggregation protocol.
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A Related Work

Video diffusion transformers. Diffusion Transformers (DiTs) replace the convolutional backbone
of diffusion models with Transformer blocks and exhibit favorable scaling behavior for visual
generation [5]. This paradigm has been extended to video generation by modeling videos as
sequences of spatio-temporal latent tokens. Early works such as Latte investigate factorized spatial–
temporal Transformer designs [1], while recent large-scale systems, including CogVideoX [2],
HunyuanVideo [3], and Wan [4], demonstrate the strong generation quality enabled by scaling
Video DiTs. However, increasing the spatial resolution or video duration rapidly enlarges the
token sequence, making quadratic self-attention a major computational and memory bottleneck.
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Our work builds on pretrained Video DiTs and focuses on reducing this cost without repeating
their expensive pretraining.

Efficient attention and Video DiT linearization. Linear attention reduces the quadratic token-
interaction cost by rearranging kernelized attention computation [6]. Subsequent recurrent
formulations improve its expressiveness through data-dependent gating [7], delta-rule memory
updates [8, 20], or their combination [14]. These operators introduce state-update, decay, and
gating parameters that do not have direct counterparts in conventional softmax attention.
Efficient attention has also been explored in diffusionmodels. LinGen [21] and SANA-Video [22]

construct video generators around linear-complexity backbones, but require dedicated model
training. For pretrained image DiTs, CLEAR [23], EDiT [24], and LiT [12] study architectural
replacement and distillation recipes for efficient attention. More closely related to our setting,
Attention Surgery [9], LinVideo [10], and ReHyAt [11] convert pretrained Video DiTs through hy-
brid attention, selective layer replacement, attention distillation, and subsequent recovery. These
methods primarily improve which attention operator or layer to replace and how the converted
model should be recovered. LinMorph is complementary: it addresses how the parameters of the
replacement operator should be initialized before recovery.

Cross-architecture parameter transfer. A related line of research transfers knowledge be-
tween neural networks through their parameters. Net2Net [25] and network morphism [26]
construct function-preserving transformations when changing network depth, width, or kernel
size. Transformer-to-RNN conversion instead replaces pretrained attention with a recurrent
alternative and recovers the converted model through fine-tuning [13], while cross-architecture
layer-wise distillation transfers intermediate behavior between structurally different models [27].
Recent parameter-prediction methods further learn weight templates or projections for initializing
networks of different configurations [28, 29]. These lines of work study function-preserving
network changes, recurrent conversion, cross-architecture distillation, and initialization across
model configurations. Our focus is a shared, source-conditioned initialization rule for softmax-
to-GDN conversion. It uses pretrained projections to initialize both corresponding parameters
and unmatched components such as gates, decays, and update projections, before recovering the
converted model.

B Implementation Details of LinMorph

B.1 Notation and Parameter Conventions

All projection weights use the output-by-input convention: W ∈ Rdout×din acts as XW⊤ on
row-token inputs. Uppercase source subscripts Q,K, V,O distinguish pretrained projections from
lowercase target subscripts q, k, v, o, g, a, β. The subscript T identifies teacher activations, while
matrix transposition is denoted by ⊤. An overbar denotes a source-conditioned base weight before
residual correction, and a tilde denotes the resulting initialization after residual correction. Hats
denote outputs of the mapped replacement during local alignment. The subscriptmix denotes the
source mixture before hidden-width alignment. These distinctions apply during mapper fitting;
after materialization, the target parameters are independently optimized and need not remain
representable by the original shared mapper.
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Table 7. Notation used throughout the manuscript.

Symbol Meaning

ℓ Transformer block index.
s,S, S Source index, source set {Q,K, V,O}, and its size S = 4.
j, b, i Target-parameter index, mixing-group index, and channel index.
t, σt, c Diffusion scheduler timestep, corresponding noise level, and text

condition.
D,Hs, ds Teacher width, head count, and head width, with D = Hsds.
Dg, H, dk, dv GDN hidden width, recurrent head count, and per-head key/value

widths.
Cj , Gj Attention-channel count and mixing-group count for target j.
αj,b,s Scalar coefficient for source s in target group (j, b).
αj,b The corresponding S-dimensional coefficient vector.
ϕ, ψ Shared base-mapping parameters and shared residual parameters.
Θ̃

(ℓ)
GDN Generated native GDN initialization, excluding hidden-width bridges.

Θ̃
(ℓ)
lin Generated complete replacement parameters, including both bridges.

Θ
(ℓ,0)
lin Materialized initialization produced by the fitted mapper.

B,Rm Layers used for local mapping loss and layers replaced at recovery
stage m.

m,m⋆ Progressive replacement stage and chosen final replacement stage
(2 or 3).

θm, θ Student model parameters during progressive stagem and final joint
recovery.

vT , vθm Frozen teacher and stage-m student velocity predictions.

B.2 Target Operator, Shapes, and Initialization

The full-model configuration uses a 30-block Wan2.1-T2V-1.3B teacher with D = 1536, Hs = 12

source heads, and source head width ds = 128. The target GDN uses Dg = 3072, H = 24,
dk = 256, and dv = 512. Consequently, the query/key channel count is Ck = 6144 and the
value/gate channel count is Cv = 12288; neither should be confused with the internal hidden
width Dg. Each replacement performs a forward causal scan over the flattened video-token
sequence, with short convolutions, ℓ2-normalized queries and keys, sigmoid update gates, learned
decay, and gated output normalization. The state is reset for each attention evaluation. Only the
teacher’s four projection matrices supply source weights: teacher projection biases, query/key
normalization, and rotary embeddings are not transferred by the mapping. The external block
interface, cross-attention, feed-forward network, and residual/modulation structure are retained.
The q, k, v, o mixtures initially select their namesake sources; the g and β mixtures and the

auxiliary offsets initially vanish. Dense channel adapters start with head-aware repetition for
q, k, v, g and corresponding averaging for o, and are subsequently learned without structural
constraints. More explicitly, target head h initially draws from source head hs(h) = 1 + ⌊(h −
1)/rH⌋, where rH = H/Hs and h = 1, . . . , H. Its ds-wide source channels are repeated dk/ds or
dv/ds times. The output adapter averages the rH(dv/ds) repeated copies.
For rD = Dg/D, the hidden bridges initially satisfy

Bup =

ID...
ID

 , Bdown =
1

rD
B⊤

up, BdownBup = ID. (10)
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The identity relation describes their initialization only; both bridges are learned. It does not
imply equivalence between softmax and GDN.

Mixing order and group counts. The verified full-model recipe expands each source before
mixing. For FullMix, a source-shared linear adapter commutes with the scalar source mixture,
e.g.,

∑
s αsEWs = E

∑
s αsWs. This equivalence does not generally extend to group-dependent

coefficients. For the main projections, post-expansion HeadMix has H(dk/ds) = 48 groups for
each of q, k and H(dv/ds) = 96 groups for each of v, g, o. With S = 4 sources, a target with
Cj attention channels and Gj groups uses S, SGj , or SCj coefficients in FullMix, HeadMix,
or ChannelMix, respectively. The schematic therefore uses mixing-group labels rather than
identifying Gj with the H = 24 recurrent heads.

B.3 Auxiliary Parameter Construction

Inventory of transformed parameters. LinMorph constructs the query, key, value, and output
projection weights (Wq,Wk,Wv,Wo), the output-gate projectionWg, the update-gate projec-
tionWβ, and the decay projectionWa. It also constructs the per-head decay parameters Alog

and dt bias, the three short-convolution kernels applied to the query, key, and value streams, and
the learned scale of the output normalization. The hidden-width alignment bridges are handled
separately from these native GDN parameters.
The projections q, k, v, o, g are generated through the shape-aligned matrix mixing described in

the main text. Although g has no namesake softmax counterpart, its projection is constructed from
the same four pretrained source matrices. The update and decay projections use head-pooled
source weights, while the remaining parameters use reduced source-weight statistics. We detail
these constructions below and summarize their native shapes, source reductions, and fixed bases
in Table 8.
We omit layer superscripts here. Reshape each stored source projection asWs[h, u, i], with

source head h, within-head channel u, and input channel i. Define the row-pooled matrix and
three RMS profiles:

Us[h, i] =
1

ds

∑
u

Ws[h, u, i],

rheads [h] = stdh

√ 1

dsD

∑
u,i

Ws[h, u, i]2

 ,

rchannels [h, u] = stdh,u

(√
1

D

∑
i

Ws[h, u, i]2

)
,

rnorms [u] = stdu

√ 1

HsD

∑
h,i

Ws[h, u, i]2

 .

(11)

Here stdI denotes centering and division by the centered RMS over index set I, not the sample
standard deviation:

stdI(x) =
x−meanI x

max
(√

meanI(x−meanI x)2, 10−6
) . (12)

Each source is standardized independently. Us is a plain arithmetic mean and is not standardized.
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Table 8. Auxiliary mappings in FullMix. Shapes use stored-weight conventions. The convolution channel
count Cj is Ck for q, k and Cv for v; K is the short-convolution kernel length.

Target Native shape Source reduction Fixed base
Decay projection a H ×Dg Us Zero
Update projection β H ×Dg Us Zero
Alog, dt bias H rheads Native initialization
Short-conv weights Cj × 1×K rchannels Identity kernel
Output-norm scale dv rnorms Ones

In FullMix, each auxiliary target has its own four-source coefficient vector. The construction
for every target consists of reduction, source mixing, deterministic head/channel repetition,
and addition to a fixed base. Head-indexed quantities use the source-head assignment hs(h) =
1 + ⌊(h− 1)/rH⌋. Within-head channel profiles are repeated to the target head width. Table 8
gives the target-specific rules.
For example, FullMix constructs the a and β projection bases as

Wj [h, :] =

(∑
s∈S

αj,sUs[hs(h), :]

)
Bdown, j ∈ {a, β}. (13)

Both have shapeH×Dg and zero fixed base. HereWa is the source-conditioned decay projection.
The β projection additionally receives the native residual in Equation 6; a does not. For FullMix
convolutions, the mixed channel profile is added to every kernel tap. The base kernel has a one at
the last causal tap and zeros elsewhere. This describes the kernel initialization, not an identity of
the entire nonlinear convolution module. The short convolutions use kernel size K = 4, no bias,
and SiLU activation.

Finer-grained auxiliary variants. Auxiliary axes do not always admit the same grouping as a
main projection. For HeadMix, a, Alog, and the dt bias use a global mixture plus a per-target-head
mixture. Convolutions use per-tap global mixtures plus per-tap, per-target-head mixtures. The
β projection has a per-target-head mixture, whereas the output-norm scale has only a global
mixture because it has no separate head axis. For ChannelMix, a uses a mixture per teacher input
channel, while β, Alog, and the dt bias use per-target-head mixtures. Convolutions use mixtures
indexed by kernel tap and teacher output channel, shared across its repeated target channels;
the output norm uses mixtures per teacher within-head channel, likewise shared across repeated
slots. All these mixture parameters are shared across participating layers.

B.4 Mapping Optimization and Parameter Accounting

The teacher and native GDN template are frozen during mapping; differentiation through the
mapped block updates only the transformation. The base step trains mixtures, channel adapters,
bridges, and auxiliary mappings without a residual. The second step freezes the complete base
and trains only native-shape residuals for q, k, v, o, g, β. Both use Equation 7, with no relative-error
normalization or additional mapping regularizer. The default mapping configuration includes
all 30 layers in each update. A long-video configuration instead uses cyclic, rank-strided layer
minibatches; this is a deterministic schedule, not independent random layer sampling. Timesteps
are sampled from the scheduler’s discrete training grid; uniform grid-index sampling need not be
uniform in noise level.
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Table 9. Parameter-count comparison for the specified architecture. Mapping rows count the parameters
trainable in each separate fitting step. Progressive recovery trains all selected GDN modules and their
bridges. Full-DiT fine-tuning additionally updates the remaining model components. Counts are not
measurements of wall-clock time.

Parameter set Parameters (M)
Shared base mapper 84.93
Shared residual refinement (base frozen) 151.07
Single native GDN (reference) 151.24
Single GDN with bridges (reference) 160.68
7 GDN modules with bridges 1,124.75
14 GDN modules with bridges 2,249.50
21 GDN modules with bridges 3,374.25

An optional low-rank correction replaces ∆Wj with UjV
⊤
j , where Uj ∈ Rdout,j×r and Vj ∈

Rdin,j×r. One factor is Gaussian-initialized with standard deviation 0.02 and the other is zero;
there is no additional 1/r scaling. As with full corrections, these factors are shared across layers.
Parameter counts must include more than source-mixture coefficients. In the specified FullMix

configuration, the five dense channel adapters contain 75,497,472 parameters, the two bridges
contain 9,437,184, and the main/auxiliary mixtures contain 52, totaling 84,934,708 trainable base
parameters. The subsequent full-residual step trains 151,068,672 parameters while freezing the
base. The combined transformation contains 236,003,380 learned parameters and is shared across
depth; it is not a per-layer mapping of that size. Only one of the two parameter subsets is trainable
in each fitting step. For comparison, one native GDN module contains 151,241,264 parameters;
its two bridges bring the complete replacement to 160,678,448. The base mapper is therefore
43.8% smaller than a single native GDN, or 47.1% smaller than a complete replacement with
bridges. The residual-only fitting step is approximately the size of one native GDN; it is not a
second jointly trained copy of the base mapper. Table 9 compares the parameters optimized in
each mapping or progressive-recovery phase.
For clarity, the combined stored base and residual parameters total 236.00M, which exceeds a

single replacement’s parameter count. The single-module comparison above refers to the base
mapper and the separate residual-fitting step, not to their combined stored size. The shared
mapping nevertheless remains substantially smaller than multi-module or full-model recovery.
Materialization removes online source mixing and weight generation, but does not remove the
native GDN parameters or, in the default runtime, the hidden-width bridges.

B.5 Progressive Replacement and Recovery Details

With zero-based block indices, the nested replacement sets are

R0 = ∅,
R1 = {0, 4, 8, 12, 16, 20, 24},
R2 = {0, 1, 4, 5, 8, 9, 12, 13, 16, 17, 20, 21, 24, 25},
R3 = {0, 1, 2, 4, 5, 6, 8, 9, 10, 12, 13, 14, 16, 17, 18,

20, 21, 22, 24, 25, 26}.

(14)

For stage m, a layer in Rm−1 inherits its preceding checkpoint, whereas a layer in Rm \ Rm−1

receives the corresponding materialized initialization. All replacement attention modules at layers
inRm, including their bridges, are trainable during that stage; the remaining student components
are frozen. The teacher is always the original softmax model.
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Prediction distillation uses an elementwise L1 loss with unit coefficient, without a task-loss
term, trajectory loss, or scheduler loss weighting. Teacher and student use the same conditioning
and classifier-free guidance (CFG) schedule. For the seven-block stage and the one-shot recovery
baseline, CFG is set to five for the first 500 optimizer updates and to one thereafter. The
subsequent fourteen- and twenty-one-block stages use CFG one throughout.One teacher prediction
is evaluated for each sampled noisy input; no multi-step teacher trajectory is required. After
replacement reaches Rm⋆ , the final teacher-free phase trains the entire hybrid DiT, including
its retained softmax blocks, while freezing the VAE and text encoder. The 14-GDN setting uses
m⋆ = 2 and 4,000 updates in this final phase; the 21-GDN setting usesm⋆ = 3. The 4,000-update
count is not the total mapping-plus-recovery budget.

Compute and scope. For fixed head dimensions, each replaced recurrent attention operator has
linear sequence-length scaling and a fixed-size recurrent state. The retained softmax layers mean
that the full hybrid backbone is not asymptotically linear in sequence length. Training-memory
use and wall-clock speed also depend on kernel realization, projections, intermediate activations,
and retained modules; they should be measured separately. Comparisons of initialization quality
should report mapping cost, recovery updates, and end-to-end conversion cost, and distinguish
equal-recovery-budget comparisons from equal-total-budget comparisons.

C Experimental Protocols and Additional Results

C.1 Recovery Protocols and Checkpoint Accounting

Backbone-specific recovery objectives. The Wan2.1 initialization ablation uses teacher-
prediction L1 distillation without a task loss. Its matched historical CFG schedule uses scale
five for the first 500 updates and scale one thereafter. All three initialization arms follow this
schedule. The Wan2.2 ablation instead uses

LWan2.2 = w(t) [MSE(vS , v
⋆) + 0.05MSE(vS , sg(vT ))] , (15)

where v⋆ is the flow-matching target, w(t) is the scheduler’s training weight, and sg denotes a
detached teacher output. Wan2.2 recovery uses OpenVid clips at 81× 736× 1280, with CFG one;
functional evaluation uses HQ videos at 81× 480× 832. Within each backbone, all arms update
the same selected GDN modules and their bridges while freezing the remaining DiT, VAE, and
text encoder.

Manual initialization. The manual baseline applies deterministic dimension alignment to the pre-
trained query, key, value, and output projections, using the backbone-specific subhead/repetition
construction. It initializes the g, β, and a projection matrices to zero and the raw short-convolution
kernels with a unit last tap. Other decay and normalization parameters retain their seeded base
initialization. Zero β logits imply a sigmoid value of 0.5, not a zero update gate. The random
baseline uses native seeded initialization of the target replacement. The comparisons evaluate
complete initialization recipes, rather than isolating the act of copying Q,K, V,O alone.

Mapper variants. Wan2.1 uses the dense-adapter FullMix morphism with a separately fitted full-
matrix residual correction described in Section 2.1. Wan2.2 uses a separately trained shared four-
source mapper with repetition-based dimension alignment and rank-eight additive corrections.
Both variants construct layer-specific target weights from a transformation shared across source
layers; each backbone uses a mapper fitted to its own source weights and target dimensions.
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Table 10. Recovery settings for the initialization ablations. These are not the mapper-fitting or final
teacher-free fine-tuning settings.

Setting Wan2.1 Wan2.2

Source backbone T2V-1.3B TI2V-5B, T2V mode
Replacement blocks {0, 4, 8, 12, 16, 20, 24} {0, 5, 10, 15, 20, 25}
Recovery data HQ videos OpenVid
Training clip shape 81× 480× 832 81× 736× 1280
Training devices 8 GPUs 8 GPUs
Per-device batch 1 1
Gradient accumulation 2 4
Effective batch 16 32
Learning rate 5× 10−6 5× 10−6

Warmup updates 500 500
Training seed 20260731 20260731
Evaluation seed 20260921 20260922

Progressive and direct schedules. The progressive model uses 1,500 updates at each of seven,
fourteen, and twenty-one GDN blocks. Its last checkpoint is named after 3,000 last-stage microsteps,
but its total recovery budget is 3×3,000/2 = 4,500 updates. The direct model uses 9,000/2 = 4,500

updates at twenty-one blocks. The seven-block stage and the start of direct recovery both use
CFG five for 500 updates, followed by CFG one. The later fourteen- and twenty-one- block
progressive stages use CFG one throughout and restart the 500-update learning-rate warmup.
Optimizer/scheduler restarts and the number of trainable modules are therefore part of the
whole-recipe comparison. Total optimizer updates are matched; per-layer exposure and total
training FLOPs differ because the number of replacements changes by stage.

Checkpoint accounting. Ablation budgets throughout the main paper count optimizer updates
rather than microsteps. The 14-GDN generation model is evaluated after 4,000 optimizer updates
of teacher-free full-model fine-tuning following mapping and progressive distillation. The 21-GDN
quality and efficiency evaluations use the same final-recovery checkpoint at microstep 40,000,
corresponding to 20,000 optimizer updates with gradient accumulation factor two. These counts
refer to the final recovery stage and exclude mapper fitting and preceding progressive-distillation
stages.

C.1.1 Additional Recovery Curves

Figure 6 compares the training dynamics of the three initialization recipes on Wan2.2 with six
GDN replacements.

C.2 Evaluation Metrics and Statistical Scope

Wemeasure functional fidelity using normalized mean squared error (NMSE) and cosine similarity,

NMSE(yS ,yT ) =
∥yS − yT ∥2F

max(∥yT ∥2F , 10−12)
,

Cos(yS ,yT ) =
⟨vec(yS), vec(yT )⟩

max(∥yS∥F , 10−12)max(∥yT ∥F , 10−12)
.

(16)

Metrics are computed per example and then averaged.
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Figure 6. Wan2.2 recovery with six GDN blocks. Total training recovery loss with EMA-100 smoothing.
All methods use the same backbone-specific recovery objective.

Teacher-forced evaluation measures individual replacements using the corresponding teacher
hidden states as input. Depth-rollout evaluation instead propagates student hidden states through
a complete DiT forward pass and measures both replaced-block outputs and the final velocity
prediction.
Initialization and recovery-schedule ablations use a fixed 64-video HQ subset at 81× 480× 832

and diffusion timesteps {100, 300, 500, 700, 900}. The 64-video evaluation subset uses indices
8192–8255. Within each ablation suite, record keys comprising video index, timestep, block
index, and evaluation scope match across candidates. ForK replaced blocks, attention and depth-
rollout block metrics each average 64× 5×K records; final output metrics average 64× 5 = 320

records. These are single-forward comparisons at sampled noise levels, not diffusion-trajectory or
generated-video measurements.
Mapper fitting uses a configured training prefix of 8,192 videos. The fixed evaluation indices lie

outside that prefix, but the loader’s decode-failure resampling may draw outside it, and exclusion
from subsequent Wan2.1 recovery data is not enforced. Wan2.2 recovery uses OpenVid and
evaluation uses HQ videos; cross-manifest source-video deduplication has not been performed.
We accordingly describe these as fixed-subset functional comparisons.
Each configuration uses one training run. Mapper-intervention intervals are obtained by

averaging paired differences over timesteps and layers within each of eight videos, then boot-
strapping video clusters 10,000 times. The statistic is the ratio of mean intervention NMSE to
mean unmodified NMSE, minus one. Intervals describe video-sample variation for a fixed trained
mapper.

C.3 Progressive Recovery: Complete Prediction Diagnostics

The measurements in Table 11 are taken immediately after prediction distillation, before teacher-
free joint fine-tuning. Progressive conversion improves block alignment, while the one-shot
model has lower final-output NMSE at this stage. Final joint fine-tuning optimizes the entire
DiT under the flow-matching objective so that intermediate representations and the denoising
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Table 11. Complete diagnostics before final joint fine-tuning. Both 21-GDN models use 4,500 distillation
updates. Block metrics measure depth-rollout outputs at replaced layers; output metrics measure the final
DiT velocity prediction on the same fixed evaluation inputs.

Schedule
Block
NMSE ↓

Block
Cos. ↑

Output
NMSE ↓

Output
Cos. ↑

One-shot 0.18406 0.90358 0.03415 0.98260
Progressive 0.17931 0.90728 0.03868 0.98026

Table 12. Teacher-forced attention diagnostics for initialization. Rows shared with Table 2 use the same
checkpoints. An additional 1,500-update LinMorph checkpoint is included for Wan2.2. A norm ratio close
to zero indicates an attenuated student attention output; low NMSE alone need not imply good directional
agreement.

Backbone Initialization Updates Attn. NMSE ↓ Attn. Cos. ↑ Norm ratio

Wan2.1 LinMorph 1500 0.43849 0.75766 0.86764
Wan2.1 Manual 1500 1.02142 0.26047 0.36950
Wan2.1 Random 1500 1.10699 0.08895 0.26422
Wan2.1 Random 3000 1.09900 0.15997 0.39579
Wan2.2 LinMorph 1250 0.96955 0.48265 0.92147
Wan2.2 LinMorph 1500 1.00650 0.47709 0.94721
Wan2.2 Manual 1250 0.94925 0.25321 0.28571
Wan2.2 Manual 2500 0.95883 0.31231 0.44852
Wan2.2 Random 1250 1.03219 0.06895 0.22032
Wan2.2 Random 2500 1.11141 0.13078 0.39946

output can adapt together. The schedule comparison here covers the distillation stage; a matched
post-fine-tuning schedule comparison is not included.

C.4 Additional Functional Diagnostics

Independent training runs and hardware platforms. The pre-recovery initialization results
in Table 1 and the transformation-design ablation in Section 4.6 come from two independently
executed training and evaluation runs. The former uses NVIDIA A800 GPUs, whereas the latter
uses MetaX GPUs. Both runs follow the same training and evaluation recipe for the corresponding
configurations, but their mapper parameters are fitted separately. Accordingly, matching configu-
ration names across these experiments refer to the same method specification, not to an identical
trained checkpoint. Each table reports measurements from its own run rather than an average
across hardware platforms.

Pre-recovery fidelity protocol. Table 1 evaluates 64 QWorld videos from the HQ evaluation data
at 17× 256× 448, using five diffusion timesteps and all 30 source blocks. Random initialization,
manual copying, the base morphism, and the residual-refined morphism receive identical cached
video frames, text conditions, and noise seeds. All measurements are obtained before downstream
recovery.
Table 12 reports teacher-forced attention metrics omitted from the main initialization table.

They need not rank models identically to depth-rollout or final-output metrics. For example,
Wan2.2 manual initialization at 1,250 updates obtains slightly lower attention NMSE than
LinMorph, but has much lower cosine similarity and output norm ratio. An attenuated prediction
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Table 13. Reuse across video shapes without mapper refitting. Both variants are fitted at 17×256×448;
each is then evaluated at both sizes. Each row averages 9,600 teacher-forced local comparisons (64 videos,
five timesteps, 30 blocks). Residual denotes the separately fitted native-shape correction, not post-transfer
optimization.

Evaluation size Mapper
Attention
NMSE ↓

Attention
Cos. ↑

Block
NMSE ↓

Block
Cos. ↑

17× 256× 448 Base 0.29951 0.83543 0.01242 0.99379
17× 256× 448 Base + residual 0.27237 0.85161 0.01121 0.99439
81× 480× 832 Base 0.34784 0.80592 0.01549 0.99231
81× 480× 832 Base + residual 0.32078 0.82269 0.01418 0.99296

can reduce squared error without reproducing the teacher’s direction. This motivates reporting
cosine similarity alongside NMSE and evaluating the composed model.

Degenerate fixed-copy sanity check. The zero-recovery mapping-analysis baseline initializes
unmatched output gate parameters to zero. Its attention output is zero (NMSE one and cosine
zero), while the surrounding block retains its residual stream. Removing all unmatched routes
from the fitted mapper also produces zero attention output. We therefore use route removal
and source permutation with the other learned components retained to test the fitted mapper’s
source assignments in Section 3.1. Coefficient magnitudes visualize the mixing rule, whereas
these interventions test its functional effect.

C.4.1 Cross-Scale Reuse of the Morphism

Because the morphism operates on model weights rather than video tokens, its parameterization
does not depend on video length or spatial resolution at a fixed architecture. This allows the
same fitted morphism to be reused at larger video scales.
The cross-scale results in Table 13 use the original OpenVid evaluation subset, whereas Table 1

reports the QWorld evaluation. The small-scale measurements in these two tables therefore refer
to different evaluation inputs.
Both the base and residual-refined mappers are fitted at 17× 256× 448 and evaluated at this

scale and at 81× 480× 832, without further optimization. The evaluations use the same 64 video
indices, five timesteps, and 30 source blocks, yielding 9,600 teacher-forced local comparisons per
setting. Each replacement receives the teacher’s incoming hidden state, so these measurements
isolate local functional alignment.
Table 13 shows that residual refinement improves both attention- and block-level alignment

at both scales. At the fitting scale, it reduces block NMSE from 0.01242 to 0.01121. At the larger
scale, it reduces block NMSE from 0.01549 to 0.01418 and increases block cosine similarity from
0.99231 to 0.99296. The corresponding attention NMSE decreases from 0.34784 to 0.32078. These
improvements are obtained by reusing the same fitted transformation and correction, rather than
optimizing them again at the larger scale.
Figure 7 complements the aggregate results with block-NMSE profiles across all 30 layers.

Together, the table and layerwise profiles characterize how the learned initialization transfers
across video scales.

Mapping cost. The successful low-resolution FullMix base and residual runs each use 4,096
updates on four A800-80GB GPUs, batch one per device and no gradient accumulation. Successful
launcher-to-shutdown logs imply approximately 5.87 elapsed hours, or 23.48 GPU-hours, for
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Figure 7. Layerwise local alignment across video sizes. The same low-resolution-trained base and
residual-refined mappers are evaluated at two video sizes. Block indices are zero-based; all 30 source
layers participated in mapper fitting. Lines connect measured layers and are not uncertainty estimates.

Table 14. Cross-layer sharing and generalization. Block NMSE and cosine are averaged over five evenly
spaced evaluation blocks (0, 6, 12, 18, and 24). For the one-layer setting, five separate mappers are
each trained on one corresponding block; for the six-layer setting, five separate mappers are trained on
consecutive groups [0, 5], [6, 11], [12, 17], [18, 23], and [24, 29]. Each mapper is evaluated at all five evaluation
blocks. The table then reports the equal-weight mean across the five mappers. The 30-layer setting trains
one mapper on all layers and evaluates it at the same five blocks.

Layers sharing a mapper Block NMSE ↓ Block Cos. ↑

1 layer (independent mappers) 0.20388 0.94327
6 layers (group-shared mappers) 0.20734 0.94558
30 layers (one shared mapper) 0.01560 0.99221

both steps together; this includes startup, I/O, and checkpointing, but excludes unsuccessful
earlier attempts. The stored base and residual together contain 236.00M parameters; the two
fitting steps update 84.93M and 151.07M, respectively. These shared fitting costs are reported
separately from recovery-update budgets. A larger-video fitting run uses layer minibatching and
activation checkpointing, so its elapsed time is not used as a matched-cost comparison. The
reported recovery-update reductions do not include mapper fitting.

C.5 Cross-Layer Sharing and Generalization

LinMorph uses a single transformation shared across participating layers, rather than fitting an
independent mapper for each replacement. This design assumes that softmax-to-linear conversion
contains reusable structure across depth, even though each layer provides different pretrained
source weights. We examine this assumption by comparing mappings shared over one, six, and
all 30 layers under the same data and fitting objective.
As shown in Table 14, the 30-layer shared mapper achieves substantially better average align-

ment than the one-layer and six-layer settings. Although both localized settings fit their corre-
sponding blocks slightly better, their alignment degrades on held-out anchors, so the local fit
gains do not persist in the cross-layer average. This pattern suggests that learning across the full
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depth captures more reusable structure than fitting mappers to individual layers or local groups,
supporting a full-depth shared mapper as our default strategy.

C.6 Benchmark Protocols and Reference Sources

Sampling and checkpoint consistency. The LinMorph quality evaluations generate 81 frames
at 480 × 832 and 16 fps, using the official Wan UniPC sampling configuration with 50 steps,
CFG six, and flow shift eight. Both benchmarks use microstep 8,000 for the 14-GDN model
and microstep 40,000 for the 21-GDN model, corresponding to 4,000 and 20,000 final-recovery
optimizer updates, respectively.
VBench contains 944 unique prompts with five samples per prompt, for 4,720 staged videos,

and uses the prescribed temporal-flickering filter. The 14-GDN run completes all 16 dimensions
with no missing videos. VBench-2.0 uses official Wan-augmented prompts checked against original
metadata, three samples per ordinary prompt and twenty for diversity, for 3,860 videos per model.
Both configurations complete all 18 dimensions without recorded evaluation errors. Table 3
reports the respective full-suite aggregates; the eight-dimension panel is not used to reconstruct
a VBench total.

Prompt correction for the starred 21-GDN total. For temporal flickering, 73 prompts retain
the original Wan-enhanced filtered videos. The phone-booth and Petra prompts instead use the
official original positive prompts, with independently generated candidates and the unchanged
official RAFT acceptance procedure. The resulting aggregate is recorded as a generation-variant
result and marked with ∗ in Table 3. The eight dimensions in Table 4 exclude temporal flickering
and are unaffected by this correction. The 14-GDN evaluation uses the standard prompt policy.

Aggregate reference sources. The source-backbone and efficient-inference reference scores
come from Table 3 of Korzhenkov et al. [30], including the two- and one-step Wan-Adv/Wan-DMD
configurations and the selected PyramidalWan-DMD-PT⋆ model with a 2–2–1 sampling schedule.
These recent Wan-based methods provide context for alternative routes to efficient generation.
Their sampling schedules differ from our 50-step attention-converted models, as indicated in the
table.
CogVideoX-2B, VideoREPA-2B, and MoAlign-2B use the jointly reported VBench and VBench-2.0

evaluations in Table 3 of Bhowmik et al. [31]; VideoREPA is their reimplementation. All published
scores retain their reported precision. The table presents selected reference systems rather than a
matched-training- or matched-inference-budget comparison.

LinVideo comparison. The dimension-wise reference is the LinVideo row in the Wan2.1-1.3B
section of Table 1 of Huang et al. [10], corresponding to 16 converted attention blocks. We
include all eight reported dimensions: imaging and aesthetic quality, motion smoothness and
dynamic degree, background and subject consistency, scene, and overall consistency. Both systems
use Wan2.1-1.3B and 480p video at 16 fps. LinVideo reports unaugmented prompts and CFG
five, whereas LinMorph uses Wan-enhanced prompts and CFG six. The comparison describes the
evaluated generation systems; the controlled ablation in Section 4.2 separately tests initialization.

Reference provenance. Table 3 consolidates full-suite VBench and VBench-2.0 scores reported
across several recent works. Because these systems differ in model size, training data, sampling
schedule, and inference budget, the table is intended to provide broad generation-quality context
rather than a strictly matched comparison.
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Table 15. Full-generation latency and peak allocated memory. All runs use 480× 832, batch one, BF16,
50 denoising steps, and CFG six. Each latency is one timed generation after one excluded first generation.
Memory is PyTorch peak allocated memory in GiB, not total board memory.

Frames Wan (s) 21 GDN (s) Speedup Wan (GiB) 21 GDN (GiB)

81 166.9 213.2 0.78× 15.50 28.40
241 959.0 753.7 1.27× 18.42 44.61
321 1604.7 1094.0 1.47× 19.87 52.72

Superscript a denotes scores taken from Table 3 of Korzhenkov et al. [30]. This source provides
the reported results for Wan2.1-1.3B, Wan-Adv, Wan-DMD, and PyramidalWan-DMD-PT. We
retain the sampling configurations associated with the reported scores, including the published
PyramidalWan-DMD-PT⋆ variant with a 2–2–1 sampling schedule.
Superscript b denotes scores reported in Table 3 of Bhowmik et al. [31]. These include

CogVideoX-2B, MoAlign-2B, and the VideoREPA-2B result reproduced in that work.
Superscript c denotes benchmark scores reported or collected by Ghafoorian et al. [9] under

the evaluation protocol used in that work. In Table 3, this source is used for CogVideoX-1.5-
5B, Open-Sora V1.2, LTX-Video, SnapGen-V, and M4V. For original method descriptions, see
VideoCrafter2 [32], Open-Sora [33], LTX-Video [34], SnapGen-V [35], and M4V [36]. The
superscripts in Table 3 identify the sources of the benchmark scores, rather than the original
method papers.
Superscript d denotes the VideoCrafter2 VBench score from the official VBench leaderboard [17];

no comparable full-suite VBench-2.0 score is available in the sources used here.
Superscript e identifies results sourced from the corresponding method papers. The HLA-3F-

R1-10 result is from Ackermann et al. [37]. For Attention Surgery, we use the published CVPR
version of Ghafoorian et al. [9]. The 15 × R2 VBench and VBench-2.0 scores are taken from
its Tables 1 and 4, respectively. The 20 × R4 VBench score marked with † is approximately
read from the 480 × 832 panel of its Figure 5 and reported to one decimal place. HLA uses
Hadamard linear attention, M4V uses a Mamba/SSM backbone, and Attention Surgery uses
hybrid linear–softmax attention. These methods provide related linear-attention, state-space, and
hybrid video-generation references.
Finally, all LinMorph scores are obtained from our own evaluation. The ∗ marker on LinMorph-

21 denotes the temporal-flickering prompt correction described above; it is unrelated to the ⋆
used in the published PyramidalWan-DMD-PT model name.

C.7 Runtime Measurement Details

Implementation and scopes. Each measurement uses one NVIDIA A800-SXM4-80GB, BF16, and
batch size one. The environment uses PyTorch 2.6.0 with CUDA 12.6, Triton 3.2.0, FlashAttention
2.6.3, and FLA 0.3.2; TF32 is disabled. The attention-module benchmark measures the trained
layer-zero module, including projections, gates, convolutions, recurrence, normalization, and
input/output bridges, on identical seeded synthetic hidden states. It is not a recurrence-kernel-
only measurement. The backbone benchmark measures one denoiser forward on synthetic latents
and conditioning, excluding text encoding and VAE decoding; each timed call contains one
conditioning branch, not a full CFG sampling step. Full-generation timing includes text encoding,
all denoising steps, tiled VAE decoding, and conversion to PIL frames, but excludes model loading
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and MP4 encoding. It uses one fixed prompt and seed 42, with 50 steps, CFG six, and separate
conditional/unconditional forwards.

Repetitions and aggregation. Module and backbone runs exclude an initial first call, perform
five additional warmup calls, then time twenty calls per model in each of three paired rounds.
Baseline and student are paired on the same physical GPU. Each round forms the ratio of median
baseline to median student latency; the plotted point is the median of these three ratios and the
band is their interquartile range. Full-generation runs exclude an initial complete generation
and time one further generation per shape and model. These full-generation points have one
timed sample each. Peak allocated memory includes resident model and input allocations; it is
not incremental attention workspace or total GPU-board memory.

Resource accounting and runtime configuration. Empty-card utilization/memory checks
and memory-ledger guards passed. Host/container PID-namespace mapping did not establish
exclusive ownership. All reported results use the original FLA implementation. The 21-GDN
denoiser contains 4,594,869,808 parameters; the pretrained baseline contains 1,418,996,800.
At 321 frames, peak allocated full-generation memory is 52.72 and 19.87 GiB, respectively. The
latency comparison measures attention replacement, while mapped initialization controls the
training starting point. At short sequences, projection and recurrent overhead can dominate; the
table and scaling figure include these points as well as longer videos. The nine retained softmax
blocks preserve a quadratic component in the hybrid’s total computation. Generation-quality
measurements use 81 frames; longer inputs are used for the runtime scaling study.
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C.8 Qualitative Comparisons
0.00 s 1.25 s 2.50 s 3.75 s 5.00 s

(a)  golden fish swimming in the ocean.

Wan2.1-1.3B
Original

LinMorph
14 GDN / 8k

LinMorph
21 GDN / 40k

(b)  waterfall

Wan2.1-1.3B
Original

LinMorph
14 GDN / 8k

LinMorph
21 GDN / 40k

(c)  A person is arranging flowers

Wan2.1-1.3B
Original

LinMorph
14 GDN / 8k

LinMorph
21 GDN / 40k

(d)  a dog running happily

Wan2.1-1.3B
Original

LinMorph
14 GDN / 8k

LinMorph
21 GDN / 40k

Figure 8. Qualitative comparison on four selected prompts. Rows within each group showWan2.1-1.3B,
LinMorph-14, and LinMorph-21 using identical enhanced prompts, seeds, and sampling settings. Columns
show matched timestamps; 8k and 40k denote fine-tuning microsteps.
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