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ﬁNeodrqgon: Derivation of compute savings

Bidirectional Attention: Gy = (hwr)? ()
1
Causal Attention: Ciyyeq = Z (h-w) x (h-w-k) 2)
k=1 — ————
tokens in frame k  tokens in frames 1.k
r
= Z(rm-)2 k (3)
k=1
1
= (hw)? Z k (4)
k=1
1
= (hw)*- e+ 1) (5)
2
G (hw)?e2 2 )
Speedup, . = Conen m = Ly xasiow (6)

since each 2x reduction per spatial dimension reduces the token count by a factor of 4. We refer to stage 0
as the highest (full-resolution) stage and stage 5—1 as the lowest stage. For a query at frame & and a history
frame j < k. let the temporal distance be d := k — j. The number of tokens contributed by this particular
history frame are:
M. d=0 (self),
M

T(d) = {ga1+ l=d=5-1
M
s d=S§.

Each query frame has M query tokens, so the dot-product cost contributed by a (k. j) pair is M - T(d).
Summing over all ordered pairs (k, j) with | < j < &k <t is equivalent to summing over distances d and
counting how many pairs have that distance: for a fixed d. there are exactly (t —d) pairs (k, j) with k—j = d.

Total complexity (general §). Letr = § be the token downsampling factor, and define the finite sums

S§-2 5-1 5-1 5-1 5
1-r 4 s 1=+ (S -1
A(S) = ”'=—=—(1_4r5”’ D(S) =N gpd-t o 20 TWOT
® .,,Z{.r T-r 3 ) & ; " (1-1)?
Withu :=r—S(and > §sou = 1), we obtain
5-1 -1

pr.{:,S):iiM-T(hj):MI T r“Z(pa}

k=1 j=1 self (d=0) d=1 d=5

geometric ramp (d=1..5-1) bulk at lowest stage (d =5),

ulu+1)
2.45-1

=Mt + tA(S) - D(S) + . )

Asymptotically as t — co (with fixed S),

M? 2 Chi 5-1
Cpyre(1,S) = mr + O(1), EE Speedup,,, (S) = m - 2.4°770, (8)
Specialisation to S = 3 (matches Fig. 2). For § = 3, equation 8 becomes:
Speedupyppora = Speedupy,, (§ = 3) = 24071 = 32x. 9

The 32x compute saving from the Temporally Pyramidal Causal attention is already a major boost, but
the Pyramidal-Flow model goes further by also denoising each frame in a sparial pyramid (coarse-to-fine)
fashion. This spatial pyramidal structure is orthogonal to the temporal pyramid and provides an additional
speedup. We now derive this spatial speedup and then combine it with the temporal speedup to obtain the
total compute savings over full bidirectional attention (see Fig. 2).

Spatial pyramid setup.  Assume that the denoising process allocates fractions p; of the total denoising steps
to each stage, with Z}E_,] pi=1

Per-frame cost scaling. At stage 7, both the query and the effective K/V token counts scale by 1/4' relative
to full resolution. Since attention cost is bilinear in queries and keys, the per-frame cost at stage  scales as

Cost factor at stage i L.
S § §2 08 = e =
& TR TRTS

Thus, if Clg“)p denotes the per-frame cost under the Temporally Pyramidal Causal setup (with queries at full
resolution), then the spatially adjusted per-frame cost is

s-1

(k) Pi (k) k pi

C.»pa(inl-tcmp = ( Z F) Clemp = Bs(p) C(L,,.)p. Bs(p) = Z 167"
i=0

Spatial speedup. The relative compute multiplier in the spatial dimension is Ss(p) < 1, so the speedup is

1
Speedup__..(p) = —— |
peedup, i, (P B®

Uniform allocation across stages. If denoising steps are split uniformly across stages, p; = { then

s-1 _s
o=l 1 i I8 16 o 155

== eyt T o

Bs SZ(; 167 S 1 155(1 : ) SpeedUPopuia = T 1675)

T 16

For large S, this approaches Bs ~ {4 and Speedupy,;,; ~ Bs.

Specialisation to § = 3. With three spatial stages and uniform allocation p; = %

1 | 1 273 1 768
=1+ =+ =)= =0.355 Speed = — = — = 281X,
B 3( tet 256) 768 ’ PeedPspatial = - = 573 x
Combined spatio poral speed The temporal pyramid (with § = 3 stages) yields an asymptotic
speedup of

Spemuptempornl =3

relative to full bidirectional attention. The spatial pyramid (with S = 3 stages and uniform allocation) yields
Speedupgp,iia ~ 2.81%

relative to the temporal-only baseline. Since these optimisations act on orthogonal dimensions (temporal vs
spatial), the combined speedup is multiplicative:

Speed ined = 32 % 2.81 = 90x.

L L

Thus, a Spatio-temporally Pyramidal Causal latent eneration setup can reduce the dominant attention
complexity by nearly two orders of magnitude (90 cor pared to a full-resolution, fully bidirectional attention.
These efficiency gains are not merely theoretical; t ey enable practical scaling of autoregressive video
diffusion to longer sequences and higher resolutions without prohibitive compute costs. For this reason,

Compute savings: 90x

(Compared to vanilla
Bidirectional DiT)
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’éNeodragon: Text-Encoder Distillation framework
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Qualitative Results
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Text Encoder Distillation (Summary)

T5-XXL (Baseline)
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t}Neodragon: Asymmetric Decoder Distillation
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Asymmetric Decoder Distillation (Summary)

Pyramid-Flow Native Decoder 226M 2.496s 29.12 29.12 80.31 83.68 66.81
WAN modified 74M 1.666s 31.47 29.18 80.36 83.82 66.55
Cosmos CV [ 8x8x8 ] 63M 0.451s 29.34 29.45 79.96 83.37 66.35
LTX Video modified 237M 1.738s 28.34 29.46 80.34 83.75 66.68

(Our) TinyAEHV modified 10M 0.851s 27.71 28.40 80.25 83.51 67.19



Qualitative evaluation

Pyramidal-Flow
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&Neodrdgon: MMDIT Block Pruning (Analysis)
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ﬁNeodragon: MMDIT Block Pruning (Finetuning)

24 blocks Model
[Baseline]
Vbench: 80.31

18 blocks model
No Finetuning
Vbench: N/A

18 blocks model
Stage-1 Fine tuning
Vbench: 78.39

18 blocks model

J& W S
:m tage-2 Fine tuning
A : Vbench: 80.21



Block Pruning (Summary)

Pyramid-Flow native 24 blocks model

Stage-1
18-blocks model

16-blocks model

Stage-2 (Shipped Models)
18-blocks model

16-blocks model
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15.85s

17.53s
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66.90
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ﬁNeodragon: Pyramidal DMD Step-Distillation

Pyramidal-Flow decomposes the probability flow into S stages, where the " stage operates at 2’ x
smaller resolution than the original, where ¢ € {0,...,S — 1}. Let Down(-, s) and Up(-, s) denote
spatial downsampling and upsampling by a factor s, respectively. Each stage is parameterised by a
pair of noise levels (a’, ., 0. ) with 1 > o > o’ | > 0, and operates on latents at resolution
Down(z, 2). The start and end distributions for stage 4 are defined as

Zpu (1 — gare) Up(Down(z, iy 2) + Thrare & (6)
Z,i 1= (1 —0ua) Down(z,2') + Tl €. (7)
distribution matching gradient S S > .
Distribution Matching Gradient Computation A different local noise-level af ., ~ U(0,1) is used to learn the Flow-Matching model at
the i™ stage, and the global noise-level o relates to the local noise-level of , as 0 = (1 —
one-step generator Oloeal)Oind + TlocalOitart- Thus, the overall Pyramidal Flow Matching objective is an aggregate

? : over the stagewise objectives: Lyy.-py = Zf':nl L&~ Appendix section D provides more details.
. diffusion ¥ . For the Pyramidal-DMD, at i stage
1 input 2, = (1 — ol +
Ufucaliﬂ'( o the to-be-learned Stu-

real data dent model Dy aims to predict the

= score function clean latent, parametrized as a single-

random latent 2z comp}lted step Euler solver z5 := 2, —
gradient (0/(03art — Tena)) Dol 2o, ), since

the teacher Score-Model D had been
trained to approximate the flow de-

fined as a derivative W.rt. aj,c,). ThF Figure 5: Qualitative evaluation of step distillation. We
soicane‘j ‘Fake—chre—Model DSD 1S yisualise randomly selected frames from the generated
trained with pyramidal Flow Match-  [49x320x512] videos, across different step distillation
ing objective .prr-FM but on the dis- application on the block-pruned model for 4-4-4 configuration.

Baseline Mean-Flows DMD Progressive Adversarial

&

. tribution of student-predicted clean
paired datas.et c:?i(?udz::? @ : latents instead of ground-truth video latents. Having the fake model, the student network is up-
generated offline > Do dated with DMD loss defined through its gradient Vs Liyy, o (P(Zr,7) — Dy(Z-,7)) - VaZs. The

input of teacher and fake model Z; is defined as a stage-wise noisy version of student-predicted
clean latent, similar to eq. 6 and eq. 7,

Distribution Matching Distillation ot == (1= ) Up(Down(20,2).2) + 0l =, ®)
(DMD) ?’7";“ == r"'-;ru:l) Zp+ 00 5 )

2 o= (1= Thea) s, + Thocat¥os,.,.» (10)

YI n et al' ’ 2024 where & ~ N(0,T) and 7 = (1— 7, ) )04+ Thea O etart- We follow Yin et al. (2024) and define the

-1
sample-specific weight of DMD loss as “D(z'ﬁ T) — (,1}',, - ﬂ,:nd) L Therefore, the sample

start

gets higher weight, if teacher model is capable to estimate its conditional flow with a smaller error.
In addition we found the supervised Cauchy 10ss Lieocher = log (1 +||Zs — Down(z, 21)”3) useful

for visual quality and used it with weight 0.5. During training, we update the student and fake model
in alternate manner: one update of # per two updates of . For student’s updates we limit the set of
local noise levels 7., to four evenly selected values, and for fake model it is sampled from U(0, 1).
To obtain teacher’s prediction we employ classifier-free guidance with the same hyperparameters as
those recommended for Pyramidal-Flow.



Pyramidal Step-Distillation Results

Undistilled Mean-Flows DMD Progressive Adversarial
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Optimised Pyramidal DMD paired with SSD-1B first frame generator

Vbench: 81.61
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Pyramidal-Flow Inference Pipeline
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T Neodragon: Full E2E Pipeline
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Al video generation is poised to be the next revolution, but its heavy
computational demands limit real-world deployment. Excited to share
Neodragon, my first project after the PhD — a significant step toward
efficient, on-device video generation. Webpage: qualcomm-ai-
research.github.io/neodragon
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Omg | was waiting for exactly that ! We need more on device generation a Cris Lenta @ @crislenta - Nov 14
research and projects d whaaaat? no way this is too good to be true, right?!
Qo et 92 i 158 ] @] at L B
D Matt & @Matthewagi - Nov 14 Yash Bhalgat @ysbhalgat - Nov 14 0 vovs
going the way of photos Nice work, Animesh! Didn't know you joined @amir habibian's team )
[oX] 0 v i 1.4 N a
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O Animesh Karnewar PhD @AnimeshKarnewar - Nov 14 O o
Thanks Yash! Haha, yeah | have been away from Social Media after my PhD,

throughout the project.
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https://qualcomm-ai-research.github.io/neodragon
https://qualcomm-ai-research.github.io/neodragon
https://qualcomm-ai-research.github.io/neodragon
https://qualcomm-ai-research.github.io/neodragon
https://qualcomm-ai-research.github.io/neodragon
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