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A Details of Theoretic Analysis and Proof

In this section, we illustrate the details of analysis and proof. For clarity, Some symbols may differ
slightly from the paper.

A.1 Definitions and notations

Attention mechanism. Given a spatial-temporal feature z € R?*"*l1 %1 and textual embedding
¢ € Rbxnxl2xdz ywhere b, n,l, d denote the lengths of batch, frame, sequence and feature dimensions,
the attention mechanism obtains three elements Query ), Key K and Value V by Q = 2W,, K =
Wi, V = cW,, where W, € RT"* 1}/, and W,, € R%*<, After that, they will interact to generate
the transferred feature via

Attention(z,¢) = Mg 'V, where Mg x = softmax(QK T /V/d). (1)

Layer Normalization. Considering data 2 € R'?, the Layer Norm [1] is defined as
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where « and (3 are learnable scalar parameters.
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Remark 1. In practice, there is an alternative definition of Layer Norm, where (1, and o, are com-
puted only along feature dimension, e.g., |1, = %E?le'ﬂ. Both the two definitions are appropriate
for the subsequent analysis.

Transformer module. A classical Transformer module in LDM [4] has the residual structure:
Transformer(z, ¢) = z + Linear(Attention(norm(z), norm(c))), 3)

where Linear(z) = zWp, + by, W, and by, are learnable parameters.
Remark 2. In LDM [4], the Self Attention (SA) Module is defined by

Transformer(z) = z + Linear(Attention(norm(z), norm(z)), €))
and the Cross Attention (CA) Module is defined by
Transformer(z, ¢) = z + Linear(Attention(norm(z), c), ®)

We generalize and unify them into a common form in Eq. (3) for the sake of analysis.

A.2 Distribution transition in Transformer Module

Proposition 1. We assume that for Transformers in Eq. (3), any input feature z € R™*? (or R"*9) is
a sample of i.i.d d-dimensional Gaussian random variables, denoted as 7v(z) ~ N (fry(z), Sro(z));
and z = Norm(z), same notation for c. (i) For the output from Eq. (1), the i-th row vector vari-
able, Attention(2,¢)’, follows the Gaussian distribution N (phro(vy, WQ, K Lro(v) ), Where pip, vy =

Wf,um(é), Yrov) = WUTEm(é)WU, and wgQ g = ||MéK||§ (ii) For the output from Eq. (3),

each row vector variable in Transformer(z, c) follows the Gaussian distribution N (.. o(2)? b U(Z)),
where ,U,;_U(z) = Hro(z) + WguT'v(V) + bL: and E;“U(z) = E’!'U(z) + wQ,KWEETU(V)WL'

Proof. The proof can be obtained directly by using the property of Gaussian distribution:

Under the assumption, z can viewed as the sample from [rv(2)7;...;rv(2)7], where rv(z);,i =

1,...,lare iid and follow N (ft,y(z), Xyu(2)). Given the affine mapping in Eq. (2), it is intuitive that

the random variable rv(2) = a% + [3 follows Gaussian distribution, hence Z can be viewed

as sample from [rv(2)T;...;rv(2)F]. Similar conclusion can be obtained for c, thus each row vector

in V of Eq. (1) follows the Gaussian distribution, where the random variable
ro(V) = W rv(@) ~ N(W oy, W Sro@ Wo)- (6)
(i) Considering that the ¢-th row vector from Eq. (1),
A’ := Attention(%, ¢)" = S\ _, M7 (eW, ). (7)
According to the additive property of Gaussian distribution, the random variable

ro(A') = S5 MEro(V); ~ Njpo(vy W,k Sro(v))s

where wo.ic = S_y (MiT)2 = | M) |13 ®
(ii) Foreachi =1,...,[, we have
Transformer(z, ¢)’ = 2 4 Attention(2, &)Wy, + by, )
Therefore, we can derive the random variable
rv(z) + WiErv(AY) + by ~
N (froz) + W1 oy + b0, Sroi) + w0,k Wi Sy WL). 1o
O



A.3 Covariate shift for tuning 1V,

Since Tune-A-Video solely tunes the parameters of Transformers including W, in SCA and CA, which
inherited from pre-trained LDM, to prevent covariate shift, /! ) and ¥/ ) should not be largely
changed before and after tuning. At first, we can observe that u(z) is unrelated to W, hence tuning
W, does not affect the mean value. For ¥/ (=)
it through the following theoretic analysis.

Lemma 1. Given that x € R", the softmax function is defined by

we can conclude that tuning W, has little impact on

) exp (Ax1)

n v :

softmax(x) = ,A> 0. (11

The softmax function is L-Lipschitz with respect to || - |2 with L = \, that is, for all z, 2’ € R",

[|softmax(x) — softmax (2')[|, < Az — 2’|, .

Please refer to Proposition 4 in [2] for the proof.

Proposition 2. Along with notations in Proposition 1, denoting the tuned results of W, as W;“"ing,

and the tuned Covariance of 3! () @S E:ﬂt:g;"g , we have
[ = S0, |l < alWgemins — W, (12)

where « is a constant related to the definition of matrix norm but unrelated to the tuning process.

Proof. First, we expand the formula
1= = o)l = 19Quming K WE Zro(y Wi = o,k WE Sruy Wi |

i (13)
= |thuning7K - WQ7K| ||WL er(V) WL”
In the following, we consider the first term and have
Quuning. K — WQ.k| = [[IM&,.,.... w5 = 1M k|13
|ew wq,k| = ||| M, K
= |(MZQtun1ing7K - M?QaK)T(MétuningvK + MévK)‘
SNMG, iy & — MG kll2lM0,,....y 5 + M i ll2 (14)
<2 Mg, iy, — Mo, x|l
= 2Hsoftmax(QiunmgKT/\/g) — softmax(Q' KT /Vd)||2.
By Lemma 1, softmax is a Lipschitz function under 2—norm, thus we have
it — ] < | Jhuning " QKT
Qtun1n97 Q: — \/E \/E \/a
2 )
S 3 Q’Lunin _QZ 2 K 2
62ll tuning 21Kl a5)
= gl\éiWé“m"g — 2 Wll2| K2
2 unin ot
= gI\WJ I = Wll2l12*[2 K |l2-
In summary, we can derive
unin, 2 unin 2t
[ YA [ EHWJ I — Woll2lE 21K 2| WE Sy WL (16)
O

Remark 3. Because Wg“”ing is optimized iteratively from W, which is well initialized from pre-
trained LDM to have a small gradient value under the diffusion loss, and

W2 — W, 3 < Trace( (W1 — W,)(WEeming — W)T) = [Wimnins — W2, (17)

it is intuitive that under a small learning rate, this term will have a small value.



A.4 Covariate shift for appending Temporal Attention Module
For a batch of temporal data z € R(®)*"*4_ Temporal Attention (TA) Module has the following form
Transformer(z) = z + Linear(Attention(norm(z), norm(z)). (18)

Considering a temporal feature z € R™*¢, following Proposition 1 the impact on mean value - ()~
Lro(z) = WEWL l4(2) + b, and the impact on covariance E’m(z) = Sro(z) = wQ,k WL S\ Wi.

A.5 Covariate shift for appending Shift-restricted Temporal Attention Module

For a batch of temporal data z € R(®)*"*d STAM has the following form

Transformer(z) = z + Linear(Attention(IC(z), IC(z)). (19)
Considering a sample z € R"*, the impact on mean value My = Hro(z) = WEWT ey + br,

!
ro(z)
we have p1/ (2) ~ Hro(z) = br. The covariance shift is illustrated by the following proposition.

and the impact on covariance X Yru(z) = W@, KWLTETU(V)WL. However, due to pi.,(¢) = 0,

Proposition 3. Along with notations in Proposition 1, given >’

ru(z) 27"0(2) +wQ7KWEErv(V)WLy
we have

b Sro@ | S IWLIPIWS P IS ) l1- (20)

rv(z)

Proof. Since ijl MéK =1, and MéjK > 0, we can derive 0 < wg x < 1. Thus

15002 = Eroio) | = lw@k WE Srov) Wil
< WL S Wi o
< IWLIPISro v |
< WL W [Pl
O
In STAM, since .2y = pu(z)s |[We| = 1 and ||[W,]|| = 1, thus the proposition shows that
12702y = Zro(2)ll < [1350(2) [l By experiments, the most variances are small values around le — 2,

hence STAM indeed alleviates the covariate shift compared with 7A Module.
B More Results
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Figure 1: Inserting STAM before (STAM-CA) or after (CA-STAM) CA Module. The examples show
that different orders have subtle visual effects on the results.
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B.1 Position for inserting Temporal Attention Module

We note that Tune-A-Video appends TA Module after CA Module, where the module sequence is SCA
Module—CA Module—TA Module. Our EI? inserts STAM before CA Module, where the module
sequence is FFAM—STAM—CA Module. This sequence is more suitable for the theoretical analysis
of STAM. In practice, the sequence FFAM—CA Module—STAM for inflating LDM also performs
well in experiments, and we do not observe an obvious visual advantage from reordering the module
sequence. Figure 1 depicts a few examples.

B.2 More qualitative results

For comprehensive analysis and evaluation, we have supplied a video in the supplementary materials,
which contains the Qualitative Comparison, Ablation Study and Combination of EI? and P2P [3].
It can be observed that STAM and FFAM facilitate EI? to surpass previous state-of-the-art methods
in terms of textual alignment and temporal consistency. Incorporating P2P [3] with EI? can further
improve the stability and structure preservation of results.
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