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B. Formal Theorems and Proofs

In this section, we provide detailed proofs for the theoretical
analysis of how the proposed method achieves our target,
i.e., improving the intra-video temporal consistency with-
out largely affecting the inter-video semantic separability.
Generally, our analysis leads to two main conclusions: a)
Within our proposed method, both linear-based and MLP
projection rebalance different dimensions of the represen-
tation space in a similar mechanism (Theorem 1). b) This
rebalance yields a better trade-off between the two properties
under appropriate conditions (Theorem 2).

Formally, given the original representation of a patch
z; € R?, we aim to learn a projection ¢ that maps z; to p; =
g(2;) € R?. Since directly analyzing the original objectives
Leye and Ly, is challenging, we introduce simplified yet
equivalent surrogates to facilitate the analysis.

Objective 1 (Temporal Cycle Consistency). This term
encourages alignment between temporally corresponding
patches. We quantify it with the metric in Eq. (1). Note
that minimizing My, is equivalent to minimizing the cycle-
consistency loss Lcyc, since both decrease as temporal con-
sistency improves and share the same optimality conditions.

LEe 2 flo(z) — g(z2)[17]- )

Mcyc = 9

Objective 2 (Semantic Separability Constraint): The
KL divergence constraint L, preserves the distance rela-
tionships between patches before and after the projection,
which is equivalent to constraining the projection to be iso-
metric. This property can be measured by the orthogonality
of the Jacobian matrix [14, 40, 47, 50] of g, as formulated
in Eq. (2). Therefore, we use it as an approximation of Lieg.
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Combining the two surrogates yields the overall objective:

mgin M(g) = Mcye + AMeq. 3)
We now consider two representative cases for g: i) A lin-
ear projection: g(z) = W z; ii) A two-layer MLP: g(z) =
Wy ¢(W7 z) with activation function ¢(-) = tanh(-), and
this case represents more complex modules. The following
theorem analyzes the spectral properties of the optimal solu-
tion under both cases, illustrating how the projection affects
the quality of the transferred representation.

B.1. Spectral Properties of Optimal Projections

B.1.1. Settings for Linear Projection

For the linear projection ¢g(z) = W z, the Jacobian matrix
0
can be expressed as Jy(z;) = a—g = W , thereby the
.
optimization objective can be reformulated as:

1
min M(W) = iEth (W21 — Wz, ||]
v “

A
+ 5HWWT —I)%.

To facilitate the analysis, we begin by introducing several
definitions and assumptions.

Definition 1 (Intra-video Covariance Matrix). Define the
intra-video covariance matrix as the covariance of the patch
representations that exhibit corresponding relationships be-
tween different frames in a single video: ¥ = E ., [(zl —
z2)(z1—22) " |, where (21, 22) denotes a pair of temporally
aligned patch representations.

Definition 2 (Inter-video Covariance Matrix). Define the
inter-video covariance matrix as the covariance of the video-
level representations across the dataset: ¥ = Ez, 3, [(21 —
Z)(Z1— Z2) ' |, where Z; = E ¢ (v, [2] denotes the mean
representation of video V.

Assumption 1 (Symmetric Operator). Without loss of gen-
erality, W, 3 and 3 are constrained to be symmetric
WT =W,XT =% T = %). This is justified because
any optimal W can be symmetrized without increasing (3).

Assumption 2 (Positive Semi-definite). The transformation
operator W, the intra-video covariance matrix 3, and the
inter-video covariance matrix ¥ are positive semi-definite:
W = 0,% = 0,% > 0. This ensures all eigenvalues are
non-negative.

Assumption 3 (Commutative Minimizer). we restrict the
analysis to real symmetric commuting pairs (W ,X) and
(W,X),ie, XW = WX and W = W X. This allows
simultaneous diagonalization with a common orthogonal
basis U, yielding W = UAwUT, Y = UAsUT, and
> =UAsUT, where Ay, Ax, As, denote corresponding
eigenvalue matrices.

B.1.2. Settings for MLP Projection

For the MLP projection g(z) = Wa¢(W, z), the optimiza-
tion objective can be reformulated as:

min M(g) = %Ezl,zz [llg(z1) — g(z2)I°]

g9
- o)
+ 5 zi[

| Jg(2i)dg(2:) " — I|%].

To facilitate the analysis, we begin by introducing a set
of assumptions analogous to those in Case i). Specifically,
we replace the matrix W in Assumptions | to 3 with W;
and W, respectively. In addition to these modifications, we
introduce the following additional assumptions:

Assumption 4 (Gaussian Distribution). Without loss of gen-
erality, we assume that each patch representation z; € R?



is independently drawn from a multivariate Gaussian distri-
bution: z ~ A(0,3). This assumption is justified by the
observation that patch-level features extracted from natural
videos tend to exhibit approximately Gaussian behavior due
to the high-dimensional embedding and the central limit
effect. Consequently, E, [z;2,] = X.

Assumption 5 (Linear Approximation). Assuming most
values fall within the near-linear region of the tanh activa-
tion, we adopt the approximation ¢p(Ux) ~ U ¢(x), where
U is an orthogonal matrix and ¢(-) = tanh(-) is applied
element-wise.

B.1.3. Proof for Theorem 1

Based on the settings above, we establish the following theo-
rem, which characterizes the spectral properties of the opti-
mal solution in both cases and illustrates how the projection
affects the quality of the transferred representation.

Theorem 1 (Spectral Properties of Optimal Projections, For-
mal). Denote the intra-video covariance matrix as 3 =
Bz, 2, [(21 — 22)(21 — 22) 7. Let {0}, be the eigenval-
ues of X.

For case i), assume symmetric matrices W and 3 are
positive semi-definite and mutually commuting. Let {ui}‘ij:l
be the eigenvalues of W. Then the eigenvalues of the optimal
projection W* obey:

0, g; > 2)\7

0;
1—- 2=
2)\’

Wi = (6)

For case ii), assume ¢(uz;) =~ ud(z;) holds for z; ~
N(0,3), and that symmetric matrices W1, Ws, 3 are pos-
itive semi-definite and mutually commuting. Let {1 ;}%_,
and {ji2,;}%_, be the eigenvalues of Wy and W, respec-
tively. Then the eigenvalues of the optimal projections W1 *,
Wy satisfy:

0, o; > 2\,

0
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2\’
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Proof. We first derive the case i) for the optimization objec-
tive of linear projection:

M(W) = 1k

9 F1.Z2 [”W’zl -

WZ2||2]

Term A

A @®)
+ S IWWT T

Term B

The Term A can be derived as:

Term A

1

= zl,zz [”W'zl - WZ2||2]

Ez 2, [(Wzl WZQ)T(Wzl — sz)}

2
1
2
1
QEz17z2 [ ((Wz1 — sz)(Wz1 — WZQ)T)]

1
B [Tr(W (a1 = 2)(z1 - 2) W) ()

Tr(WTWE,, 2, [(21 — 22)(21 — 22) "))

RN RN N -
H

(
(W'wx)
(

Tr(UAwU )T (UAWwU ) (UASUT))

= 5 Tr(AfyAs).

The derivation in Eq. (9) converts the squared ¢ norm
into a matrix trace and further reduces it to a product of
eigenvalues via orthogonal decomposition.

The Term B can be derived as:

Term B

A
= *HWWT —I|%

5T]r( WWT —DH(WW' —1)T)

A (10)
=5 T (W —2W? + 1))

% r(UAwU ") —2(UAwU " )? +1)

_ 2 Tr(A4 —2A%) + %.

S1m1larly, this derivation transforms the Frobenius norm
into a matrix trace and reduces it to a function of eigenvalues
via orthogonal decomposition.

Then the original objective can be rewritten as:

1
2

A T 2

+ < ||WW —I||%

M(W) = Ezl,z2 [szl - WZQHQ}

A Ad
= 5Tr(A As) + 5 Tr(Ayy = 2A%) + 5
d d
1 4 9y A
:52/% ) ;(Nz *2Ni)+?'
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Differentiating Eq. (11) w.r.t. u; gives:
oM
- = i0i+2)\ ?—2/\ "
o " e (12)

= i (20 — (22X — 0y)).



Setting the derivative of the objective function to zero
yields two possible solutions for each eigenvalue f;:

e u; = 0. This is always a solution. It is optimal whenever
the cubic term renders the quartic penalization unneces-
sary, i.e., when o; > 2.

e 2\u? — (2\ — ;) = 0. Solving for j; yields the non-zero
stationary points, which exist precisely when o; < 2.

In summary, the objective Eq. (8) reaches its minimum at

W* = U diag(py, ..., p5)U ", where the eigenvalues of
the optimal projection W* obey:

07 05 = 2)‘7
i = i (13)
1-— ﬁ’ o; < 2.

Afterward, we derive the case ii) for the optimization
objective of MLP projection:

. 1
II?;]ln M(g) = §Ez1,22 [”g(zl)

Term C

+ SEz, [HJg(zi)Jg(zi)T - IH%] .

—9(22)|]

(14)

N | >

Term D
The Term C can be derived as:

Term C

1
= 7EZ1722 [”g(zl)

— g(z2)|’]

= [[W2(6(Wiz1) — ¢(Waz2)) ]

2
1

= iEzl
1

= §E21,22 [” (UAQUT)

(PUAU z1) — g(UA U 23)) ]

15)

Following Assumption 5, the MLP projection becomes
g(2) = Wap(Wiz) =~ UA2¢(A U " z), we can continue
to derive Term C:

Term C
1

3Bz [(UAUTU

Q

(16)
(6(ALU T 21) — ¢(AU " 23)) %]

- %Ezl,zz [1A2(¢(AU T 21) — H(AU " 22)) [17].

Let Q@ = U " z. Since U is orthogonal and z ~ A/(0, %),
it follows that @ ~ N(0,X). Based on this property, we

have:
Term C
1
= iEzl,zQU|A2(¢(A1Q1) $(A1Q2)) ]
L
=3 Z 115 By 2y [(6(11,Q1i) — ¢(H1,iQ2,i))2]
i=1

(17)
1 ‘ 2 2 2
~3 D otbad Bz [(Qui — Q2)7]
i=1

d
1
= 9 Z u%,mim-
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Next, we consider the derivation of the Term D. Note that
J is the Jacobian matrix of g(z;), it can be formulated as:

Jg(zi) ~ UAy¢(A U " z;)
== UAg(b'(AlUTzi)AlUT (18)
== UA2(1 - ¢2<A1UTZZ'))A1UT.

Therefore, the Term D can be derived as:

Term D
A
= SE= [15(20)J5(20) " — II13]
; = [(UA (1= ¢* (AU 2)) AU T)

(UA (1= * (AU ) AU T) " = I|13]

A
= 7Ezi [HAQ (1 — ¢2(A1UTzi))A1A1T
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Similarly, based on Assumption 5, we can approximately

move the coefficient of z; outside the activation function

o(+), leading to the following transformation into the func-
tion of eigenvalues:

Term D

Z lJ/l z/’('2z

52: M11M2z
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Then the original objective can be rewritten as:

d
1
M(g) = 5 Zﬂg,iﬂiﬂi

d
A 2
Ty Z(N%Mgz(l — 203413 ; + 30701 ;) — 1)
2D
For simplicity, we assume f1;; < 1, which is a rea-
sonable approximation at initialization when using Kaim-
ing [35] or Xavier [29] schemes. Under this setting, the term
1—20; u%l +302 u‘ii approaches 1, leading to the following
simplification:

©
I
A

d d
1 A
M(g) = 52 :“gﬂ‘”iiai Ty E :(lﬁmgz - 1)2~

(22)
Differentiating Eq. (22) w.r.t. uy ; gives:

oM 2 2 2 2
= pi1,ia 00+ 2N (01 iz — 1) paikia
By = 1k (M ak3 = 1) pinss, o3

o /«Ll,iﬂg,i (Ui + 2)‘(/1?,#%,2' - 1))

Setting the derivative to zero produces two cases:
e p1,; = 0wheno; > 2.
1 o . .
* p1y = —/1— —~. Solving for 1,5 yields the non-
2,i 2A
zero stationary points, which exist precisely when o; <
2.

Differentiating Eq. (22) w.r.t. us ; gives:

oM 2 2 2 2
= P2, ;00 + 2A (201 — 1) 2
(9/1272‘ L ( 2L ) b (24)

= paitti i (00 + 2X(n3 03 5 — 1))

Setting the derivative to zero produces two cases:
* 2, = 0 wheno; > 2A.
1 .
* o = 1- 2 Solving for p; yields the non-
M 2X
zero stationary points, which exist precisely when o; <
2
In summary, the objective Eq. (14) reaches its min-

imum at Wi = Udiag(p}y,...,uf)U", Wi =

U diag (;@71, e ,ug’d) U, where the eigenvalues of the
optimal projection W, W3 obey:
0, o; > 2\,
ok = ; 25
#1,1”2,L 1— 2’ 0; < 2)\. ( )
2\
This completes the proof. O

B.2. Trade-off Improvement

Since both cases in Sec. B.2 yield similar spectral effects,
we conduct the theoretical analysis based on a linear layer.
To this end, we first provide the justification of the existence
of the trade-off between temporal consistency and semantic
separability. Subsequently, we define the distance-based
metrics to quantify the two competing objectives and then
present a theorem that reveals how the margin evolves after
applying the optimal projection.

Lemma 1 (Trade-off between temporal consistency and se-
mantic separability). For the objective M (W) consisting
of a temporal consistency term and a semantic separability
term, the gradients of these two terms induce opposing di-
rections in a certain parameter space. This misalignment
indicates an inherent trade-off between temporal consistency
and semantic separability when optimizing M (W).

Proof. According to Eq. (11), the objective M (W) of our
method can be derived as:

MW) = 1B, [IWa -~ W] + S [WW T 1]}
Temporal Consistency Semantic Separability
= %Tr(A%VAz) - %Tr(AW‘1 —2A%) + %
1<, A Y.
= 5;(% o;) + 5;(% —2p;7) + o5
(26)

According to the Assumption 2 , W and X are posi-
tive semi-definite, implying that ;; and o; are non-negative.
Therefore, by differentiating M (W) w.r.t. u; gives:

oM
Opi

Temporal Consistency ~ Semantic Separability

Based on the formulation in Eq. (27), the gradient of these

two derived terms can be inferred as:

» Temporal Consistency: p;o; > 0.

* Semantic Separability: 2\ —2Ap; = 2\ (115 +1) (pi —
1) < 0 when p; < 1.

Therefore, the two terms may change in opposite direc-
tions during optimization, since updates that increase tempo-
ral consistency tend to decrease semantic separability in the
same eigen-direction, and vice versa. This behavior reflects
an inherent trade-off between temporal consistency and se-
mantic separability in our objective. A similar argument can
be made for the trade-off in the MLP case.

O

Definition 3 (Intra-video Distance). Define the intra-video
distance as Djptra(21,22) = Ez, 2, [||z1 - z2||2], which
measures the average distance between temporally corre-
sponding patches within a video.



Definition 4 (Inter-video Distance). Define the inter-video
distance as Djnter (21, 22) = Ez, z, [[| 21 — 22|?]. calculat-
ing the average distance between video-level representations,
where z; = E.cf(v;) 2] is the mean representation of the
video V. This reflects the average distance between different
video-level representations.

Definition 5 (Distance Margin). Define the margin of
these two metrics as D(z1,22) = Dinter(21,22) —
YDintra(21, z2), reflecting the degree of separation between
the two properties, where a larger value indicates a better
trade-off between the two objectives.

Assumption 6 (Mean Eigenvalue Approximation). The
eigenvalues of the inter-video covariance matrix approximate
the average of those of the intra-video covariance matrix, i.e.,

. d

Vi, ;= %Zizl o;.

Theorem 2 (Trade-off Improvement, Formal). Ler 3 =
Bz [(21—22) (21— 22) 7], & = Ez, 5, [(21 — 22) (21 —
Zg)T] be the intra-video and inter-video covariance ma-
trices, with eigenvalues {o;}¢_, and {r;}¢_ , respectively.

Assume symmetric matrices W, X, and ¥ are positive
semi-definite and mutually commuting, and that Vj, T; =

%Z?Zl o; = 7. Let {p;}l_, be the eigenvalues of W.
For the linear projection g(z) = W z, where the optimal

eigenvalues are given by pi7 = /1 — %for ;i < 2\, the

improvement in the margin metric is: given by:
A= D(g(zl)vg(zQ)) - D(z17 ZQ)
_ gi 28)
= —a) (1= ) (
Z (1 —o0y) ( o > 0.

<2\

Proof. The margin metric of intra-video distance between
the projected representations and the original representations
can be derived as:

Aintra = Dintra(W 21, W 23) — yDintra(21, 22)

=E., 2, [[Wz1 — W2
—E., 2, [I21 — 22|17

=Es 2 (W2 — Way) (Wz — W)
- ’YIEzl,zQ [(Zl - ZQ)T(Zl - Zz)]

=E,, 2 [Tr(W(zl — 2z9)(z1 — zg)TWT)]
=Bz, 2, [Tr((z1 — z2)(21 — zg)T)]

= Tr(WTWIEzhz2 [(z1 — 2z2)(21 — zz)T])
— Y Tr(Ea, 2, [(21 — 22)(21 — 22) ' ])

= Tr(AjyAwAs) — 7 Tr(Ay)

(H? - 7)o

I
.M&

=1

(29)

The margin metric of inter-video distance between the
projected representations and the original representations
can be derived as:

Ainter = Dmter(Wzl, WZQ) — Dinter (Zl, Z2)
Ez, 2 [|[W2 — W2 |J?]
—1Ez, 2 [[121 — 22/
=Ez 2 (W2 - W2) (Wz —
— Bz, 2, [(21 — 22) " (21 — 22)]
=Ez 2 [T(W(21 — 22)(21 — 22) W )]
—Ez, 2, [Tr((21 — 2Z)(z1 — 22)T)]
=Tr(W WEs, 2, [(21 — 22)(21 — 22) '])
— Y Tr(Ez, 2, [(21 — 22)(21 — 22) T])
(AWAWAE) —vTr(Ag)

d
Z :
- (30)

Then the improvement of the margin metrics can be for-
mulated as:

Wz,)|

A = (Dinter(W 21, W 23) — Dintra(W 21, W 22))
— (Dinter(z1, 22) = Dintra(21, 22))
= (Dinter(Wzla sz) - Dinter(zh Zz))
— (Dintra(Wz1, W23) — Dintra(21, 22))
d

(1 =7 =Y (1 =)o

i=1
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Under Assumptions | to 3, the optimal linear projection
W*=U diag(;[{, e ,,ug)U—r has eigenvalues given by:

07 05 2 2)‘7

gi
1— =%
2\

py = (32)

o; < 2\

Under Assumption 6, due to Vj,7; = é Zle o, =T,
we have Y7 (7 — o) = 0.

By substituting puf = /1 — — and Zl (T—0)=0

under the condition o; < 2\, the change in the margin metric
can be expressed as:

A:i(uz — (1 —0o;) = Z (1 —0y) (17%»

i=1 oi<2)
(33)



When \ < g (i.e., 2\ < 1), all o; < 2\ necessarily

obey o; < 7. In this case, each term in Eq. (33) satisfies
g;

—o) (1=
(r=oi) ( 2
e 7 — og; > 0follows from o; < T,

. 1—;—;205inceai§2)\.

) > (0 because:

1
Therefore, A > 0 holds whenever A < 2 Zf: 105 O

In summary, this section provides a theoretical analysis
of the trade-off between temporal consistency and semantic
separability, leading to the following two key insights:

1. Theorem 1 shows that linear projection exhibits similar
behavior to shallow MLPs in adjusting representations,
yielding comparable effects in similar feature scaling
behavior as the linear layer.

2. Theorem 2 demonstrates that under optimal conditions,
a linear projection is sufficient to improve the trade-off
between temporal consistency and semantic separability.

C. Supplementary Explanation of Method
C.1. Differences with Previous Methods

In Figure 1, we provide a comparative overview of several
categories of video representation learning works alongside
our method.

1) Video-pretrained methods extend the masked image
modeling paradigm to the video domain by masking 3D
volumes and reconstructing raw pixels for spatiotemporal
learning [28, 82, 84]. Subsequent variants incorporate condi-
tional frames to enhance temporal modeling [25, 32, 43, 58].
These approaches typically require large-scale video pre-
training from scratch, incurring substantial computational
cost due to video redundancy and pixel-level reconstruction
overhead.

2) Supervised adaptation methods adapt Vision Trans-
formers pretrained with CLIP [70] by inserting lightweight
adapters in serial or parallel configurations [15, 55, 56, 63,
91]. These adapters are usually trained on supervised ac-
tion recognition datasets [30, 46], making them highly task-
dependent and less generalizable without additional task-
specific fine-tuning.

3) Video fine-tuning methods follow a two-stage train-
ing scheme: models are first pretrained on task-specific
datasets to learn static features for instance-level discrim-
ination, then fine-tuned on video datasets with additional
temporal branches introduced to handle motion reason-
ing [22, 38, 52, 53]. Although it can perform well on specific
video tasks, its increased model complexity and training cost
make it difficult to perform fast cross-domain transfer.

4) Our image-to-video transfer method takes a different
approach by leveraging pretrained image representations
and adapting them to video tasks via structure-preserving
projection. The main advantages are as follows:

Algorithm 1: Consistency-Separability Trade-off
Transfer Learning Algorithm

Input: Unlabeled dataset D, number of iterations L,
interpolation ratio «, constraint weight \.

Output: Parameters 01 1 of projection layer g.

1 Initialize parameters 6, for g.

2 forl=1¢t L do

3 | Sample a batch of videos {V;}Z ;.

4 fori =1to B do

5 > Temporal Correspondence Establishment

6 Select frames vtfl , Uty vfl from V,,, and

prepare position encoding Ep.s and Epos.

7 Extract representations ztfl, Ztys Zfl with f
and projections p{l, Pty f)?l via g.

8 Calculate correlation matrices Aff and Af;

9 > Temporal Consistency and Semantic
Separability Trade-off

10 Enhance temporal consistency of p{l, Pty
ﬁi’l via Leye.

11 Align the semantic separability of

{(p{1 ) ztfl)v (ptz ) Zt2)’ (ﬁ?l ) gtbl)} by ‘Creg'
12 Update the projection layer g with
ACtotal = £cyc + )\Kreg-

13 return

« Efficient transfer: We sample two frames per video and
insert a lightweight linear-based projection head after a
frozen image encoder, enabling fast transfer with reduced
temporal and spatial cost.

* Joint optimization: We simultaneously optimize tempo-
ral consistency and semantic separability via a temporal
cycle-consistency objective and a semantic separability
regularization term.

* Label-free training: Our method is fully self-supervised,
requiring no manual annotations, which enhances scalabil-
ity and promotes better generalization across diverse video
tasks of different granularity.

C.2. Algorithm of the Framework

The complete optimization procedure of our framework is
summarized in Algorithm 1. The batch-level for-loop can be
implemented via matrix operations to reduce computational
burden.

D. Detailed Description of Experiments

D.1. Training Datasets

Kinetics-400 [46] is a widely used large-scale video bench-
mark comprising 400 human action categories collected from
YouTube. It provides 239,789 trimmed video clips, each last-



Output
Video

@

n

&
X

|
Feed
Forward

Layer Norm @/
I
Multi-Head

Layer Norm @/

Self-Attentio

—

(a) Video-pretrained methods [28, 82].
Dense
< ‘ Features

o
g e é €1
5 o= o E - !
ZHTg Z-g¢g g i
EENINEIES: 2 :
SR > 2 |
»3 2 © .3 — 1

n g

(c) Video fine-tuning methods [38, 52].

Input - 3 ¥ - x Sparse
Video ‘ = Features
(7 77 - g3 g
] B3} sl|ee 3 =
RO | - & {SH2EL S ]sE
Loy ( 3 5||E< 5|8
BTG < SIER 272 N
S[1=z — i
£ |
1
A |
(b) Supervised adaptation methods [63, 91].
Dense
Input ( ‘: o X ‘ Features
132 £ =
sl|le=s 5] 2 S <5
T 2 o < =
“nE = S EE g™ i
BIZEE( | [&]1=8] | | |2 !
QB ] = & i
- o - ]

(d) Image-to-video transfer method (Ours).

Figure 1. Comparison of several categories of video representation learning methods with ours.

ing around 10 seconds, making it suitable for various video
understanding tasks. In our experiments, we sample video
frames at 2 FPS for pretraining to reduce redundancy while
retaining sufficient temporal cues. In this work, unless oth-
erwise noted, all the models equipped with our method are
trained for 5 epochs using the Kinetics-400 training set.

SSV2 (Something-Something V2) [30] is a large-scale
video benchmark emphasizing human-object interactions
and temporal reasoning. It comprises 220,847 short, crowd-
sourced clips across 174 action classes, with each clip lasting
a few seconds, making it well-suited for evaluating temporal
understanding beyond appearance cues. In our experiments,
we only use SSV2 in the ablation study on training datasets,
training for 5 epochs on the SSV?2 training split.

ImageNet-1k [21] is a well-known image dataset contain-
ing over 1.28 million training images across 1,000 real-world
object categories. It has played a central role in the devel-
opment of deep visual representation learning and serves
as the pretraining corpus for most high-performance image
encoders. In this work, most of the image models are already
pretrained on this dataset, providing a strong foundation of
semantic separability.

WIT-400M (WeblmageText) [70] is a large-scale web-
crawled dataset consisting of 400 million image-text pairs,
designed to support vision-language pretraining. The dataset
was constructed using 500,000 diverse natural language
queries to guide image-text pair retrieval, with up to 20,000
pairs per query to encourage approximate class balancing.
Its overall scale and linguistic richness make it suitable for
training multimodal models such as CLIP [70].

LAION-400M [74] is a large-scale dataset of 400 million
image-text pairs designed to support vision-language pre-
training. The image-text pairs are extracted from Common

Crawl web pages and filtered using CLIP-based similarity
to retain pairs with stronger semantic alignment between
images and captions. It is used as a pretraining dataset for
vision-language models, including BLIP [51].

D.2. Training Settings

During training, we freeze the pretrained image encoder
f and update only the projection layer g. The training is
performed on the Kinetics-400 dataset for 5 epochs with a
total batch size of 512, using the first epoch for learning
rate warm-up. We employ the AdamW optimizer [60] with
a cosine learning rate decay schedule. The base learning
rate is set to blr = 1 x 10~ and scaled according to the
batch size as Ir = blr/256. For each video clip, two frames
are randomly sampled with a temporal interval of § = 0.15
relative to the total video length. The softmax temperature
is set to 7 = 0.03. The output dimension of the projection
head g is set to d = 768 for ViT-Base backbones. Detailed
hyperparameter settings for training and method components
are summarized in Tab. 3a and Tab. 3b. All experiments are
implemented in PyTorch [65] and conducted on a Linux
server equipped with an AMD EPYC 9654 96-Core CPU
and 4 NVIDIA RTX4090 GPUs.

D.3. Evaluation Settings

D.3.1. Evaluation on Dense-level Benchmarks

We first evaluate the representations on three dense video
downstream tasks: video object segmentation on DAVIS-
2017 [67], human part segmentation on VIP [96], and hu-
man pose propagation on JHMDB [44]. Following previous
works [25, 32, 43, 58], all tasks are evaluated under a semi-
supervised protocol in which the ground-truth mask of the
first frame is given, and the model propagates predictions



Table 3. Summary of hyperparameter settings used during training
and evaluation.

(a) Training hyperparameters.

Hyperparameter Notation Value
Image size HxW 224 x 224
Patch size P 16
Optimizer / AdamW
Scheduler / Cosine
Weight decay / 0.05
Momentum 51, B2 0.9,0.95
Base learning rate blr 1x107%
Epochs / 5
Warm-up Epoch / 1
Batch size bs 512

(b) Method hyperparameters.

Hyperparameter Notation ‘ Value
Temperature of Softmax T 0.03
Frame sampling interval é 0.15
Feature dim of g d 768

(c) Evaluation hyperparameters.

Hyperparameter ‘ DAVIS-2017 VIP JHMDB
Image size 480 x 880 480 x 880 320 x 320
Top-K 7 10 7
Queue Length 20 20 20
Neighborhood Size 20 20 20

to subsequent frames without any task-specific fine-tuning.
The hyperparameters used for each evaluation task are listed
in Tab. 3c. To ensure fair comparisons, we keep the evalu-
ation hyperparameter settings fixed across all methods and
tasks without additional tuning.

DAVIS-2017 [67] is a widely used benchmark for video
object segmentation. We report three standard metrics to
assess overall segmentation quality:

1) Ju (region similarity) computes the average IoU between
the predicted mask P; and the ground-truth mask G; across
all videos V;:

1 <P NGy
=) 34
J n;mueﬂ 4

2) Fu (contour accuracy) evaluates the alignment between
the predicted and ground-truth boundaries by calculating the
harmonic mean of precision Pre; and recall Rec;:

2- Pre; - Recl
35
Z Pre; + Rec; (35)
3) J & Fu provides an overall performance measure by av-
eraging Jn, and F,:

J&F, T (36)

VIP [96] focuses on fine-grained human part segmenta-
tion and is used to evaluate semantic part propagation. The
main evaluation metric is the mIloU computed by averaging
the IoU across all classes C; and all videos V;:

\C\
|Pme ;|
mloU = — : 37
ICI Z Z |Pij UGl

JHMDB [44] is commonly used for human pose estima-
tion. We adopt it for the pose propagation task and evaluate
performance using the PCK @k metric, which measures the
proportion of keypoints predicted within a normalized dis-
tance threshold:

n [S:|
1
PCK@k = EZZ \S|Z]l (Bijspij) < k-di], (38)

where 5; is the keypoint set in video V;, d; denotes the scale
of the human body, D(p; j, p; ;) is the Euclidean distance
between the predicted and ground-truth positions, and k is
the threshold for the maximum allowable distance error. We
report PCK@0.1 and PCK@0.2 in our experiments.

D.3.2. Evaluation on Frame-/Video-level Benchmarks

We further evaluate the transferred models on several frame-
level and video-level downstream tasks: temporal action lo-
calization on Breakfast [49], video retrieval on UCF101 and
HMDBS51 [48, 77], and action classification on Something-
Something-v2 (SSV2) [30].

Breakfast [49] contains 1,712 untrimmed videos with

frame-level annotations of fine-grained actions. We perform
temporal action localization on this dataset by extracting
frame-wise representations with our transferred image-to-
video model and training the FACT [61] backbone on these
representations. Following a standard protocol, we train
FACT on split2-4 and evaluate on split]. We report three
standard metrics as follows:
1) Edit measures sequence-level similarity between the
predicted and ground-truth label sequences after collaps-
ing consecutive duplicates. Let y = (yi1,...,yr) and
v = (f1,...,9r) be frame-wise labels, and let C(-) col-
lapse consecutive identical labels. Denote Lev(-,-) as the
Levenshtein distance and | - | as the sequence length. The
normalized edit score is

Lev(C(y ),C(Y))
max{ [C¥), [C(y)[ }

2) Acc is the frame-wise accuracy, representing the percent-
age of correctly labeled frames:

Edit =

(39)

T

1
Acc = TZ].{Qt =u}, (40)

t=1



where 1{-} is the indicator function.
3) F1@k is the segmental F1 at IoU threshold k. Let the
ground-truth segment set be S = {(s7,¢f,c])} and the
predicted set S = {(s”,¢?, ")}, where s/e are start/end
frames and c is the class. For segments of the same class,
define the temporal Intersection-over-Union as:
{min ewejg) max s“sj }+
max(ey, e7) — min(s}, s%)
(4D
A prediction is a true positive (7P) if it uniquely matches a
ground-truth segment of the same class with IoU > k; un-
matched predictions are false positives (FP), and unmatched

ground-truth segments are false negatives (FN). With preci-

IOU(( Sis z) (S?,e?)) =

sion P = TP+FP and recall R = Tij&-PFN , We compute
2P R
Fl@k = —— 42
PR’ (42)

where k € {0.10,0.25,0.50} as standard thresholds.
UCF101 [77] comprises 13,320 videos from 101 human
action classes, and HMDBS51 [48] contains 6,766 videos
from 51 action classes. For zero-shot video retrieval on
the test set, we directly extract video representations using
our transferred image-to-video model and perform retrieval
following [57]: in each query round, one video is treated as
the query and all remaining videos form the reference set.
This process is repeated for every video. And we report the
following metrics with the average.
1) mAP (Mean Average Precision) is the mean of per-query
Average Precision (AP). Let | Q| be the number of queries,
n; the number of positives for query j, and 7; the rank of
the ¢-th retrieved positive for that query. Then

Q] g

1 .
mAP = |Q\ Z " Z - 43)

i=1
2) Recall@K is the fraction of queries for which at least one
positive appears in the top-K results. Let R;K) be the set of

ranks < K among retrieved items for query j, and let P; be
the set of ranks of its positives. Then

|2l

RecallaK = |Q\ Z]l{mm )< K}, (44)

Something-Something-v2 (SSV2) [30] is a large-scale
action classification benchmark consisting of 220,847 short
videos from 174 fine-grained action categories without pub-
lic labels. It focuses on human-object interactions with subtle
motion variations, and is widely used to evaluate a model’s
capability for temporal reasoning and motion-sensitive ac-
tion understanding.

For action classification on SSV2, each transferred image-
to-video model is fine-tuned on the training set for 25 epochs

and then evaluated on the validation set using single-clip
sampling. Although this protocol is lighter than commonly
used longer-schedule or multi-clip settings, it is applied uni-
formly to all compared methods to ensure effective and fair
comparison. We report the standard top-k accuracy metric:

Acc@Fk measures the percentage of validation videos whose
ground-truth label appears among the top-k predicted classes.
Let z( € R be the predicted logits for the i-th video over
C classes, and let y; € {1,...,C} be the ground-truth label.
Denote by 7, (z(i)) the set of indices corresponding to the
top-k largest entries in z(). Then

N
FORITEEACRINNE
i=1

where N is the number of validation videos and 1{-} is the
indicator function. Following common practice to present
Acc@1 and Acc@5.

Chiral SSV2 [4] is a temporal order discrimination bench-
mark constructed from Something-Something-v2 [30]. It
groups temporally opposite actions into chiral pairs, such
as “sitting down” and “‘standing up”, and evaluates whether
a video representation is sensitive to the ordering of visual
change over time. Compared with standard action classifi-
cation, this benchmark places stronger emphasis on time-
awareness rather than semantic categorization.

Following [4], we evaluate each model using a linear-

probe protocol on frozen representations. Specifically, for
each chiral group, we extract frame-level representations
from each video, concatenate representations along the tem-
poral dimension to form the video representation, and train
a linear classifier for binary classification. This procedure
is repeated independently for every chiral group, and the
final result is reported as the average classification accuracy
across all groups.
Acc measures the percentage of correctly classified videos
over all evaluation samples. Let z(Y) € R? be the logits
predicted by the linear classifier for the ¢-th video, and let
y; € {0,1} denote its ground-truth label within the corre-
sponding chiral pair. Then

Acc@Qk =

N
1 .
Acc = v ;:1 ﬂ{arg max 20 = yz} : (46)

where N is the total number of evaluation videos and 1{-}
is the indicator function.

D.3.3. Distance-based Trade-off Metrics Validation

To provide an interpretable assessment, we validate the
distance-based metrics proposed in Sec.4. We randomly sam-
ple 1,000 videos from the Kinetics-400 validation set and
compute each metric for both the original image-pretrained
models and our transferred models. All metrics are com-
puted on the same sample set for a fair comparison. We
report four metrics as follows.



1) Djpter (Inter-video distance). Let the sample set be
VY = {VIM  with M = 1000. For each V(") select
the middle frame vgf ) and extract N patch representations
{sz) ()}¥,. For each unordered pair (u,v) with u < v,
define the pair-wise inter-video distance as:

w,v) = NZHzt* -6 | @
The unnormalized inter-video distance is

ori _ 2
Dznte'r‘ - m Z

1<u<v<M

d(u,v). (48)

Let the global center be the mean patch representation over

videos, ¢(i) = & M 2" (), and define each video’s
distance to the center as

N
1 (w) ,
r(u) = N ZlH 22 (1) — (i) H2 (49)
The inter-video radius is R;,ter = max, 7(u), and the nor-
malized metric is

DOT‘;
D — inter 50
inter 2R7,nter ( )
2) D;nira (Intra-video distance). For each V(") select a set
of frame pairs P("™) = {(t,,t;)}. For a given pair, measure
pair-wise intra-video distance as:

A (L, 1) = NZHzt '—ztb)(i)HQ. (51)

The per-video unnormalized intra distance and its normaliza-
tion radius are

ori,(n) 1 2 :
Dim‘,ra - |P(n) |
(fa,tb)EP“”

d™ (ta,ty),

(52)
R

intra ma‘X 7§ :H

where z(") (i) is the per-video mean patch representation
over the frames used for P(™). We normalize each video by
its own radius and then average:

-20) |,

2

M ori,(n)
1 Dintra
= T2 e (33)

3) D (Distance margin). The trade-off margin balances the
two normalized distances with a scale factor +:

Dintra

D = Dinter — 7Y Dintra,
EM[DOTZ ] (54)

intra

7T By ]

inter

where M indexes the set of models under comparison.
Model-specific values of the scale factor +y are listed in Tab. 4
and concentrate within a narrow range. Therefore, to unify
the setting, we use the average v = 0.3 in practice.

4) Cyc. Acc. (Cycle-consistency accuracy). Given two
frames forming a palindrome traversal and N patches per
frame, let Aiz and Ai;‘ be the patch-wise correlation transi-
tion matrices, and set P = A?; Ai: The cycle-consistency
accuracy is the proportion of patches returning to their origi-
nal indices:

1 .
Cyc. Acc. = N ; Il{arg mjax P = z} . (55)

Table 4. The scale factor v = Dgrt,.,/D¢nt.,. and the average
scale factor for each model.

Method y ‘ Method ¥
MAE 0.1855 MoCov3 0.3321
MAE +OQurs 0.3289 MoCov3 +Ours 0.3053
1-JEPA 0.2283 iBOT 0.2817
I-JEPA +Ours 0.2645 iBOT +Qurs 0.3084
CLIP 0.3365 DINO 0.3378
CLIP +Qurs 0.3876 DINO +Qurs 0.3505
BLIP 0.2489 DINOv2 0.2730
BLIP +Ours 0.3737 DINOV2 +Qurs 0.2916

Average v : 0.3021

D.4. Image-pretrained Fundamental Models

We evaluate our method using eight representative pretrained
image encoders, which can be broadly categorized into three
paradigms of self-supervised learning: 1) Masked modeling:
MAE [37], I-JEPA [2]; 2) Contrastive learning: CLIP [70],
BLIP [51], MoCo v3 [18]; 3) Self-distillation: iBOT [95],
DINO [12], DINO v2 [62]. All models are pretrained on
ImageNet-1k with self-supervised objectives, except for
CLIP and BLIP, which are pretrained with natural language
supervision. We adopt ViT-Base [23] architectures with a
patch size of 16 as the backbone encoder for each model.

* MAE [37] follows an encoder-decoder architecture, where
random image patches are masked and the model is trained
to reconstruct the missing content at the pixel level.

» I-JEPA [2] learns representations by predicting latent rep-
resentations of masked regions. It discards the decoder
and instead relies on semantic-level prediction to better
capture high-level image structures.

» CLIP [70] is a vision-language model trained with natural
language supervision. It learns to align image and text
embeddings in a shared feature space using a contrastive
objective on WIT dataset.

e BLIP [51] is a vision-language model that extends CLIP-
style contrastive pretraining with additional image-text
matching and language modeling objectives. By jointly



Table 5. Evaluation results on frame-level and video-level tasks based on representative image models. The best results are marked in bold.

Action Video Action Temporal Order
Localization Retrieval Classification Discrimination
Model | Breakfast | UCFI01 | HMDBSI | SSV2 | Chiral SSV2

| Edit Acc FI1@0.10 F1@025 F1@0.50 | mAP R@1 | mAP R@I | Acc@l Acc@S5 | Acc
CLIP 538 401 529 46.0 338 | 459 90.8 ' 255 70T 346 67.8 79.1
CLIP +Ours | 549 409 525 46.4 348 | 49.0 1960 271 | 713 355 68.8 80.5
BLIP 573 413 556 49.4 367 | 544 964 294 733 399 724 81.8
BLIP +Ours | 58.6 49.1 575 51.0 381 | 552 970 299 735 414 72.6 82.8
iBOT 555 407 532 47.6 353 | 334 920 181 599 381 68.9 80.1
iBOT +Ours | 563 429 535 415 373 | 346 [ 949 188 639 | 406 713 82.3
DINO v2 585 441 570 513 382 | 371 933 187 621 @ 392 71.0 84.8
DINO v2 +Ours |[61.2/ 150.50 " 60.0 54.0 412 | 393 | 952 200 670 | 404 72.1 85.2

optimizing these objectives on large-scale web data, BLIP
learns richer cross-modal representations and achieves
stronger performance on image captioning and visual ques-
tion answering.

* MoCo v3 [18] is a contrastive learning method that adapts
Momentum Contrast to Vision Transformers, employ-
ing a siamese architecture with an online encoder and
a momentum-updated target encoder, and discards the neg-
ative sample queue used in earlier versions.

* DINO [12] adopts a self-distillation structure with Vision
Transformers as the encoder. It encourages consistent
representations across different views of the same image.

* iBOT [95] builds upon DINO by introducing additional
alignment on dense patch tokens. It aligns both the global

[CLS] token and local patch-level features between two
views, thus encouraging fine-grained spatial consistency
in the learned representations.

* DINO v2 [62] extends iBOT by incorporating various
design improvements, including better centering tech-
niques [72], regularization strategies like KoLeo loss [73],
and resolution-adaptive training [83]. In our experiments,
we exclude computationally intensive techniques to ensure
a consistent and fair comparison across models.

D.S. Competitors

We compare our approach against two categories of strong
baselines: recent state-of-the-art (SOTA) video representa-
tion learning methods and image-to-video adaptation frame-
works. For all baselines, we use the officially released
pretrained weights without any additional training or fine-
tuning.

1) Video representation learning methods: These methods
are specifically designed to learn spatiotemporal represen-
tations from raw video inputs, often relying on temporal
masking or reconstruction-based objectives.

* VideoMAE [82] extends the masked modeling paradigm
to videos by randomly masking spatiotemporal tubes and
reconstructing the missing pixels. It adopts a high masking

ratio to encourage the encoder to capture both appearance
and motion features.

* MAE-ST [28] adapts MAE to spatiotemporal data by ex-
plicitly incorporating temporal modeling modules into the
encoder to better capture dynamic patterns.

* DropMAE [87] applies spatial-attention dropout in
masked modeling, encouraging the model to attend to
motion cues for temporal discriminability.

» SiamMAE [32] adopts a Siamese structure where the past
frame and a masked version of the current frame are jointly
encoded. A conditional decoder is employed to reconstruct
the missing patches, thereby promoting temporal consis-
tency across frames.

* CropMAE [25] generalizes SiamMAE by using differ-
ent crops or augmentations of the same frame as input,
encouraging invariance under intra-frame transformations.

* RSP [43] formulates temporal modeling as a stochastic
frame prediction task. It learns to reconstruct future frames
from current ones by modeling both prior and posterior
distributions over latent motion variables.

2) Image-to-video adaptation methods: These methods

aim to adapt pretrained image models to instance-level video

understanding tasks by integrating lightweight modules that
enable temporal reasoning, while keeping most of the back-
bone parameters frozen and only updating a small subset.

* AIM [91] introduces a lightweight adapter into a frozen
ViT backbone, enabling spatiotemporal adaptation along
spatial and temporal dimensions, facilitating efficient trans-
fer from static to dynamic inputs.

» ST-Adapter [63] proposes a 3D bottleneck adapter into
the CLIP-pretrained ViT model, which enables the model
to reason about dynamic video content at a small task-
specific parameter cost.

» Zerol2V [55] introduces spatial-temporal dual-headed
attention mechanism combined with a linear adaptation
layer, thus enabling the transfer of frozen image models to
video tasks and supporting zero additional inference cost
via structural reparameterization.
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Figure 2. Cycle-consistent accuracy and downstream performance during training with or without the PEA strategies across three tasks

based on MAE (line 1) and DINO (line 2).

Table 6. Extended comparison with representative methods on the
DAVIS-2017 validation set. Methods are grouped by their core
settings for a broader reference.

Type Method Backbone ‘ DAVIS-2017
| T&Fn Tn Fn
STCN [19] ResNet50 | 854 822 886

Dedicated VOS SwinB-AOT-L [92]  Swin-B 85.4 82.4 884

Systems SimVOS-B [88] ViT-B/16 88.0 85.0 91.0
Cutie-base [20] ResNet50 87.9 84.6 91.1

Segmentation SAM 2 [71] Hiera-B+ 90.2 87.0 934
Foundation Models SAM 2 [71] Hiera-L 90.7 87.5 94.0

VideoMAE [82]
MAE-ST [28]
SiamMAE [32]
CropMAE [25]

ViT-L/16 45.0 43.6 465
ViT-L/16 54.6 555 536
ViT-B/16 60.9 594 624
ViT-B/16 57.8 569 58.7

Self-Supervised
Video Pre-training

RSP [43] ViT-B/16 60.5 57.8 632

DINO [12] ViT-B/16 63.2 60.9 65.5

Self-Supervised DINO + Ours ViT-B/16 64.2 623  66.0
Image Pre-training DINOV2 [62] ViT-B/16 63.1 61.6 64.5
+Ours DINOV2 + Ours ViT-B/16 63.7 619 654
iBOT [95] ViT-B/16 64.6 63.0 66.1

iBOT + Ours ViT-B/16 65.1 633  66.9

E. Detailed Experiments Results
E.1. Comparison with Task-Specific SOTAs

To provide a broader view, we compare our method with
several representative VOS systems and recent segmentation
foundation models on DAVIS-2017 validation in Tab. 6. Our
work focuses on general representation pre-training for di-

rect transfer across multiple tasks rather than task-specific
designs, and thereby applies lightweight transfer for evalua-
tion per standard self-supervised learning protocols. Thus,
our datasets, computing resources, and architectures are not
aligned with specialized SoTA methods for individual tasks
such as video object segmentation (VOS).

E.2. Detailed Results of Frame-/Video-Level Tasks

We further evaluate the transferred models on several frame-
and video-level downstream tasks: temporal action local-
ization on Breakfast [49] using the FACT [61] backbone,
zero-shot video retrieval on UCF101 and HMDBS1 [48, 77],
fine-tuned action classification on Something-Something-v2
(SSV2) [30], and temporal order discrimination via linear
probing on Chiral SSV2 [4].

The quantitative results of transferred representations
from four representative image models on both frame-level
and video-level downstream tasks are depicted in Tab. 5. Our
method delivers steady performance improvements across
these tasks. For instance, on frame-level tasks, it achieves
an average improvement of 2.80% Acc on Breakfast, indi-
cating enhanced temporal awareness in image models. On
video-level tasks, it brings a 2.58% R@1 improvement on
HMDB51 and a 1.53% Acc@1 gain on SSV2, which vali-
dates the preserved semantic discrimination ability. These
results indicate that our method generalizes well across dif-
ferent task granularities, highlighting its potential as a versa-
tile solution for image-to-video transfer.



E.3. Training Dynamics

We visualize the training dynamics of MAE and DINO
across three downstream tasks in Figure 2. The plots
show the cycle-consistency accuracy (i.e., the percentage
of patches that return to their original positions after a cy-
cle traversal) together with the downstream performance
over training steps. Without the PEA strategy, the down-
stream performance drops sharply within the first two epochs,
even when the cycle-consistency accuracy is close to 100%.
This indicates that the model exploits the absolute positional
encoding as a shortcut instead of learning temporal corre-
spondences that remain reliable when the temporal distance
between frames grows.

In contrast, when we apply the proposed PEA strategy,
the cycle-consistency accuracy increases gradually, and the
final value converges to a small stable range that depends
on the model architecture and hyperparameter settings. This
behavior is reasonable, since in real-world videos, corre-
spondence quality naturally degrades as time passes: the first
and last frames in a propagation chain can differ greatly due
to camera motion and non-rigid object deformation, which
leads to unavoidable information loss. On the Kinetics-400
dataset, the empirical cycle-consistency accuracy stabilizes
around 50% ~ 70% when the temporal interval is set to
6 = 0.15. By promoting effective dense correspondences
between frames and reducing reliance on positional cues,
PEA leads to more stable improvements in downstream per-
formance and highlights its role in learning robust temporal
representations.

E.4. Shortcut Phenomenon in Training

Tab. 7 compares the performance of our method trained with
and without the proposed Positional Encoding Augmentation
(PEA) strategy. As shown, removing PEA consistently leads
to substantial performance degradation, with 4.4% ~ 37.3%
drop in J & F,, on DAVIS and 4.9% ~ 22.8% drop in mloU
on VIP. This is primarily due to the model exploiting absolute
positional encodings as shortcuts, resulting in dimensional
collapse and degraded representations. The issue is partic-
ularly severe in self-distillation architectures, which rely
heavily on positional alignment between teacher and student
branches. This highlights the brittleness of image-pretrained
representations when transferred to video and underscores
that image-to-video transfer is a non-trivial challenge. In
contrast, applying PEA consistently improves performance
across all three downstream tasks, indicating the effective-
ness of resisting shortcuts induced by the positional encoding
mechanism of ViT.

E.5. Additional Ablation Study

In Figure 3, we study the effects of the interpolation ratio
« and the regularization weight A. A moderate value of «
gives the best performance since a small « cannot effectively

Table 7. Impact of Positional Encoding Augmentation (PEA) strat-
egy on representation quality across three downstream tasks.

Image VIP DAVIS17 JHMDB
Model Method mloU T&Fm PCK@0.1
Vanilla 29.3 52.4 41.6
MAE wioPEA 162 4, 262 555 385 4
W/ PEA 33.8+1_3 59.6+7_2 4844—(5 8
Vanilla 315 53.9 42.6
I-JEPA w/o PEA 26.6 1.9 49.5 1.4 4441,|;,
w/ PEA 35345 58745 444, 5
Vanilla 38.8 62.6 43.6
MoCov3  WOPEA 238 15, 428 i9¢ 422,
w/ PEA 39.8.1.0 62.9.0.3 453417
Vanilla 39.6 64.6 45.7
iBOT w/o PEA 16.8,_73 8 273 37.3 38.2,7 5
w/ PEA 40.8,1.2 65.1.05 46.1. 0.4
Vanilla 39.1 63.2 44.4
DINO w/o PEA 17.5,_71 6 30.6 32.6 39.3,3,J
w/ PEA 39.8.0.7 64.2.10 462,15
Vanilla 384 63.1 46.6
DINO v2 w/o PEA 17.7,_7(] 7 30.07",.&1 39.1 7.5
w/ PEA 399,15 63.7. 0.6 47307

suppress shortcut learning, while a large one disrupts relative
positional cues and harms correspondence learning. Sim-
ilarly, A\ controls the strength of the semantic separability
constraint: too small values may cause dimensional collapse
in the projection space, whereas overly strong regularization
reduces the flexibility needed to adapt the representations.
Overall, both hyperparameters influence performance in a
relatively mild range, and good results can be obtained with
moderate choices.

Tab. 8 analyzes the sensitivity of the temporal sampling in-
terval § and the softmax temperature 7. A suitable ¢ balances
visible motion and visual continuity, which is important for
learning meaningful frame-level correspondences, while a
moderate 7 maintains an appropriate level of similarity sharp-
ening. The model shows limited sensitivity to variations in
these two hyperparameters, and the performance remains
stable across a reasonable range. To ensure consistency and
fair comparison across all experiments, we fix 7 = 0.03 and
0 =0.15.

We further conduct a robustness and generalization analy-
sis by varying the PEA crop strategy (Tab. 9a) and the model
patch size alongside positional encoding variants (Tab. 9b).
PEA remains stable across a wide range of crop choices and
generalizes well across various patch sizes (e.g., 8, 14, and
16). Moreover, PEA is compatible with modern designs such
as RoPE [78]. By interpolating and cropping on the RoPE co-
ordinate grid, PEA effectively mitigates shortcut behaviors,
further demonstrating the robustness of our method.

As shown in Tab. 10, we investigate the impact of differ-
ent regularization objectives. The KL-based regularization
matches the distribution of transferred video representations
to that of frozen image features. This helps preserve the
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Figure 3. 3D bar charts for ablation results on interpolation ratio « and regularization weight A across three tasks using MAE.

Table 8. Sensitivity analysis on temporal interval ¢ and softmax temporature 7. Default settings are highlighted with blue .

(a) Ablation on temporal interval §.

(b) Ablation on softmax temporature 7.

Base 5 VIP DAVIS17 JHMDB Base VIP DAVIS17 JHMDB
Model mloU J&Fm PCK@0.1 Model T mloU J&Fm PCK@0.1
0.05 339 59.6 48.6 0.01 32.6 60.0 48.2
0.10 339 59.7 48.4 0.02 334 60.0 48.5
MAE 0.15 33.8 59.6 48.4 MAE 0.03 33.8 59.6 48.4
0.20 33.6 59.7 485 0.04 33.7 58.9 485
0.25 33.6 59.6 48.4 0.05 33.6 58.6 48.4
0.05 39.7 63.9 46.2 0.01 39.2 63.7 46.0
0.10 39.9 64.0 46.1 0.02 40.0 63.9 46.1
DINO 0.15 39.8 64.2 46.2 DINO 0.03 39.8 64.2 46.2
0.20 39.9 64.2 46.1 0.04 39.9 64.0 46.0
0.25 39.9 64.2 46.1 0.05 39.9 63.8 45.9

Table 9. Robustness and generalization analysis of PEA strategy
across DINO series features.

(a) Robustness across PEA crop manners.

Base PEA VIP DAVIS17 JHMDB
Model Crop mloU  J&F,  PCK@O.1
center 64.1 39.3 46.9
random 64.2 39.8 46.2
DINO edge 64.1 39.9 46.2
multiple 64.3 39.8 46.2

(b) Generalization across PE variants and patch sizes.

DINO DINOv2  DINO v3
PEA  IL,, | (Abs.PE) (Abs.PE)  (RoPE)
VIT-S/8  ViT-S/14  ViT-S/16
Vanilla 71.7 64.7 67.3
X v 71.1 63.9 65.8
v v 72.3 65.1 67.9

inherited semantic geometry and prevents feature collapse
by aligning distance relationships (as discussed in Sec. 4).
Compared to a strict element-wise MSE loss, KL divergence
provides a softer, distribution-level constraint. This allows
for sufficient temporal adaptation while effectively main-
taining semantic separability. Consequently, KL regulariza-
tion tends to increase the normalized inter-video distance

Table 10. Ablation study on the choice of regularization 1oss (Lcg)
using the DINO backbone.

PEA L, | DAVIS VIP JHMDB | Dinter Dintra D (1)

DINO 632  39.1 444 0.5756  0.2144 0.5112
X KL 618 380 46.1 0.6241  0.2404  0.5520
v/ MSE | 622 381 46.1 0.6142 02370 0.5431
v KL 642 398 46.2 0.6246 0.2316  0.5551

(Djnter), which aligns perfectly with the observed improve-
ments in downstream task performance.

F. Additional Visualizations

F.1. Inter-frame Correspondence

We visualize the inter-frame correspondence learned by the
projection layer g in Figure 4. The results indicate that
most patches establish consistent matches across frames
and successfully return to their original locations through
the forward-backward cycle. Notably, due to factors such
as camera motion and non-rigid object deformation, patch
correspondences between vtfl and vy, are not strictly bijec-

tive. A single patch in vtf , often correlates to multiple adja-
cent regions in v;,, resulting in a correlation matrix product
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Figure 4. Cross-frame correspondence learned with our method. Patches with the same color box represent correspondence.

Aﬁf Xg that exhibits a diagonally dominant structure rather
than an exactly equal to the identity matrix I. This observa-
tion reveals the dilemma of the original contrastive random
walk strategy: it needs to constrain the matrix to the iden-
tity matrix to ensure good cyclic consistency, but we cannot
make it a perfect identity matrix because it would allow the
model to take advantage of shortcuts in displaying positional
encoding. This further justifies the necessity of our pro-
posed PEA strategy, which effectively suppresses shortcut
matching to stabilize correspondence learning.

F.2. Downstream Task Performance

In Figures 5 and 6, we compare the performance of original
image-pretrained models and our transferred models across
three downstream tasks. Our method shows visible improve-
ments in several challenging scenarios, such as rapid move-
ments, complex object boundaries, and motion-induced arti-
facts, where the original models often underperform. These
results suggest that incorporating temporal correspondence

and strengthening semantic structure improves image-to-
video representation transfer, validating the effectiveness of
our method.

G. Detailed Related Work

G.1. Self-supervised Visual Representation

The rapid progress of self-supervised learning has enabled
models to acquire generalizable representations for diverse
downstream tasks in both the image and video domains.
Depending on the nature of the pretraining objective, existing
approaches can be broadly categorized into three paradigms.

Contrastive learning learns invariant representations by
maximizing agreement between relevant instances while
pushing apart representations of different instances. Early
methods in the image domain construct positive and negative
pairs [16, 18, 36] or apply diverse augmentations [11, 17, 31]
to generate contrasting views. These approaches demon-
strate strong generalization capabilities [39] and have been
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successfully extended to the video domain. By leveraging 3D
convolutions [27], temporal self-attention [1, 7, 10], or inter-
frame contrastive objectives [34, 41, 80, 93], such methods
benefit from spatiotemporal cues and have shown promising
results on discriminative tasks such as action recognition and
video retrieval [48, 77].

Masked modeling aims to reconstruct the original RGB
values of masked image patches in the pixel space [2, 5, 6, 37,
79, 89]. A representative method is MAE [37], which em-
ploys an encoder-decoder architecture based on Vision Trans-
formers [23] to restore the masked regions, thereby capturing
structural dependencies within the images. By incorporating
the additional temporal dimension, MAE can be naturally ex-
tended for video representation learning [28, 66, 82, 84, 87].
To alleviate the computational cost of dense modeling, recent
methods focus on more efficient designs. SiamMAE [32]
leverages sparsely sampled frames, asymmetric masking,
and a conditional Siamese architecture, motivating subse-
quent works that improve frame selection and predictive
mechanisms [25, 43, 90].

Self-distillation methods supervise a student network
using outputs from a teacher network without relying on
explicit labels, often focusing on restoring latent represen-
tations rather than raw pixels. This encourages the learning
of high-level semantic information, aligning with principles
of information compression [45, 81]. DINO [12] adopts
a self-distillation framework with Vision Transformers to
align patch-level representations across views. Subsequently,
iBOT [95] and DINO v2 [62] extend this paradigm by en-
forcing consistency in both global [CLS] tokens and dense
patch representations.

G.2. Image-to-video Transfer Learning

Temporal structure enhancement methods typically de-
sign training objectives in a two-stage training manner
based on self-supervised image contrastive learning frame-
works [31, 36]. In the first stage, models are pretrained on
image datasets to learn static representations for instance-
level discrimination [38, 52], or on synthetic videos to cap-
ture object motion patterns [22, 53]. In the second stage, the
models are fine-tuned on real video datasets to refine tempo-
ral correspondences, enabling them to perform specific video
tasks. However, the high spatiotemporal complexity hinders
swift cross-domain representation transfer, motivating the
exploration of parameter-efficient fine-tuning alternatives in
subsequent works.

Parameter-efficient fine-tuning methods aim to adapt
pretrained models to video tasks by updating only a small
fraction of parameters. Specifically, several methods in-
sert adapters into Vision Transformer [23] pretrained by
CLIP [70] in a series or parallel way, enabling spatial-
temporal joint adaptation through expanded convolution or
attention modules [15, 55, 56, 63, 91]. Other approaches

decouple spatial and temporal modeling using dual-branch
architectures [64, 69], enabling separate reasoning across
spatial and temporal dimensions. These adaptation meth-
ods are often trained on supervised action recognition
datasets [30, 46], which require further fine-tuning when
applied to different benchmarks. More recent work explores
object-centric adaptation via slot attention [59], demonstrat-
ing the potential of using image-pretrained encoders for
dense prediction tasks [68]. In a related direction, Pro-
LIP [26] shows that fine-tuning only the visual projector is
effective for few-shot CLIP adaptation, showing the strong
transfer capacity of lightweight projection-based adaptation.

G.3. Temporal Cycle Consistency

The inherent visual correspondence between temporally ad-
jacent observations provides a powerful supervisory signal
to capture spatiotemporal coherence in videos [3, 76]. Lever-
aging this property, numerous studies attempt to learn se-
mantically consistent representations with a cycle structure,
showing effectiveness in dense-level video tasks, including
object segmentation [67, 96], motion estimation [44], and
point tracking [9, 13]. Early methods mainly focus on track-
ing patches or objects across frames in a bidirectional man-
ner [54, 85, 94], while others align the feature distributions
among videos from the same category to enforce semantic
consistency [24, 33, 86]. Another line of work introduces
random walk strategies [8, 42, 75], where representation
learning is guided by maximizing the probability of each
patch returning to itself via a forward-backward cycle.

H. Additional Discussions

H.1. Limitation and Future Work

This work explores a more efficient and effective approach
to transferring image representations to the video domain. In
this work, we mainly focus on ViT-based backbones under
the evaluated settings. For future work, we plan to extend
the method to other visual backbones, including lightweight
architectures (e.g., CNNs, ResNets) and emerging large-
scale vision models, to assess whether the observed trade-
off is a general property of visual representations for video
understanding.

H.2. Broader Impact

We examine the trade-off between intra-video temporal con-
sistency and inter-video semantic separability in visual rep-
resentations and, based on this view, propose a method for
image-to-video representation transfer learning. The pro-
posed method achieves competitive or superior performance
compared with models pretrained on video from scratch,
providing a lightweight alternative for video representation
learning. It may also provide a useful perspective for future
research on image-to-video transfer in broader scenarios.
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