Imagine Before Concentration: Diffusion-Guided Registers
Enhance Partially Relevant Video Retrieval

Supplementary Material

A. More Details on Method
A.1. Derivation of ELBO in Eq. (2)

Given the following predictive function:

po,6(QV) = /pe(Q|V,7“)'p¢(7“|V) dr,  (18)
concentration  imagination

where py(r|V) denotes the video branch that first gener-
ates global registers, and pg(Q|V,r) models the register-
augmented cross-modal matching. Our training objective is
to maximize pg, (Q|V'). We introduce a variational posterior
4, (r|Qq) to approximate the true posterior p(r|Qq).

First, we rewrite Eq. (18) by introducing ¢, (7|Q):

log pg.»(Q|V)
zlog/po(Q\V, r)py(r|V)dr (19)
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Next, we invoke Jensen’s inequality [5], leveraging the con-
cavity of the log function, which satisfies:

log E[X] > E[log X]. (20)

Thus, the logarithm can be moved outside the integral, yield-
ing a tractable lower bound:

log pg,¢(QIV)

polrlV) @D
Z/q«,a(rlQa)IOg (PG(QW, T)q¢(r|Qa)> dr.

We subsequently decompose the logarithmic term within the
integrand:
Po(r|V)
log (pe(QIV, (oY
9 (rQa)
po(r|V)
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(22)
=logpe(QIV. 1) + log

Hence, the lower bound becomes:

log pe,¢(Q|V) Z/QW(T|Qa)10gp9(Q|V’ r)dr

9, (r|Qa)
— | g,(r|Qq) log =———~dr.

/ ’ po(r|V)
Therefore, we obtain the final form of the ELBO in Eq. (2):
log pe.¢(QV) > Eqy_(rj0.) [logpe(Q|V,7)]

— KL [@p(ﬂ@a) || p¢(’l“|V)} :

(23)

(24)

A.2. Relationship between Eq. (7) and Lg,.

Following [7], Bayes’ rule gives:

(Gt—11dt, o)a(dtdo)
q(Gt—11do)

Armed with this new equation, we can retry the derivation
resuming from the ELBO in Eq. (7) by viewing g as §o:

log p(do)
:log/p(GO:T)dtﬁT
M}

q(g1.7do) |:q((il;T|(jo)
> Eq (4, 140) [l0g Py (dold1)] — KL(q(dr|go) || p(g7))
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q(Gtldi—1,do) = (25)

=logE
(26)

(reconstruction term) (prior matching term)

— 3 Egtariae) [KL(q(de-1de, do) || ps(de-1lde))],

(denoising matching term)

where (i) the reconstruction term corresponds to the negative
reconstruction error over q; (ii) the prior matching term is
constant with no trainable parameters and can thus be ig-
nored during optimization; and (iii) the denoising matching
terms constrain py(g—1 | §i) to align with the tractable
ground-truth transition ¢(G;—1 | g, Go) [7]. Consequently,
¢ is optimized to iteratively recover §;_, from §;. Follow-
ing [4], the denoising matching terms can be simplified as

T
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where € ~ N(0,I), and €,(§;,t) is parameterized by a
neural network (e.g., U-Net [4]) to predict the noise € that
generates §; from gy in the forward process [7]. A detailed
derivation of Eq. (7) and Eq. (26) is provided in [7].

Ly extends Eq. (27) by incorporating a conditioning vari-
able c. Inspired by [4], the reconstruction term in Eq. (26)
has a relatively minor effect; hence, Lq. is employed to
optimize the denoising matching terms in Eq. (26), thereby
providing an approximate estimation of Eq. (26) for training.

A.3. Further details of DreamPRVR architecture

Diffusion Register Estimator (DRE) As illustrated in
Fig. 7(a), the DRE block follows an MLP-based architecture
incorporating Layer Normalization [1], activation functions,
and linear projection layers. We use Ny = 2 blocks.
Condition Generator The condition ¢ € R™~*4 is ob-
tained via a simple cross-attention mechanism between
V, € RM*d and learnable parameters, as illustrated in
Fig. 7 (b), and can be formulated as
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(a) Diffusion Register Estimator (DRE) (b) Condition Generator

Figure 7. (a) Illustration of the proposed Diffusion Register Es-
timator Block (DRE). Embed(t), gr and ¢ denote the temporal
embedding, the latent embedding corrupted by ¢-step noise and the
guided condition, respectively. (b) Condition generator for DRE.

c =CA(LP,V,,V,) e RV-*4,

where CA denotes cross-attention, and LP €
sents learnable parameters.
Asymmetric Attention Mask  We retain the Gaussian self-
attention as in [6, 9] and instead define two cross-attention
patterns through a designed masking strategy, as illustrated
in Fig. 2(d). Given the global registers g and video embed-
dings V,, the cross-attention configurations are defined as
follows. For video embeddings:

(28)

RNr*d repre-

Query =V,, Key = Value = Concat([V,,ro]). (29)
For global registers:
Query =7y, Key = Value =V,,. (30)
A 4. Learning Objectives
Standard Similarity Retrieval Loss Ly, Following prior

works [3, 6, 10], we employ the widely adopted triplet
loss [2] L"P and InfoNCE loss [8, 11] L™® for PRVR. A
text—video pair is treated as positive if the video contains
a moment relevant to the query; otherwise, it is considered
negative. Given a positive pair (Q, V'), the triplet ranking
loss over a mini-batch B is defined as follows:

LS fmax(0,m + S(Q,V) - S(Q, V)

Ltrip _ =
(Q,v)eB

+max(0,m +5(Q, V") - S(@,V))}, (3D

where m denotes the margin, )~ and V~ represent the
negative text for V' and the negative video for @), respectively,
and the similarity score S(-,-) is computed as in Eq. (20).
The infoNCE loss is computed as:

nce 1 S(Qv V)
L = —— 1
" (Q%eB{ Og(S(Q’ V) + ZQZGN@ S(Q;,V)
5(Q,V)
! . 32
+og(s(Q’ GESY S(Q,V;))} (32)

where N and Ny represent the negative texts and videos
of V and @) within the mini-batch B, respectively. Finally ,
L is defined as:

)

Algorithm 1 Register Generation Process during Training

1: Input: Video features V,, all textual features from
the video g, condition features ¢, timesteps 7', noise
schedule {B;}I_,, diffusion register estimator (DRE)
€4, probabilistic variational sampler (PVS), textual per-
turbation sampler (TPS)

2: Output: Optimal Registers r(, diffusion loss Lp

3: Initialize loss accumulator Lp < 0

4: Precompute oy =1 — By and &y = HZ:1 ag forall ¢
5:

6: p(rr|V,) < PVS(V,) > Using Eq. (8)
7: Sample rr < p(rr|V,) ~ N(py, 031)

8: p(g|q) < TPS(q) > Using Eq. (6)
9: Sample G  p(Glq) ~ N (pg, o21)

10:

11: Go < g

12: fort =1to T do

13:  Sample € ~ N(0,1)

14: Gy + /@do + /1 — age> Add noise via Eq. (13)
150 €< €4(Gs,t,C) > Predict noise
16:  Lgre + |le — €|]? > Calculate loss via Eq. (16)
172 Lp < Lp + Ly > Accumulate loss
18: end for

20: Sample G < rr > Start generation
21: fort =T to 1do

22 Predict noise € < €4(gy, t, ¢)

23:  ift > 1 then

24: Sample z ~ N (0,T)

25: Gi—1 \/%—k (Qt — %g) + Bz
26:  else

27: Gi—1 \/z—t (ﬁt - 1__0(5'“ €)

28:  end if

29: end for

30: 79 <+ Go

31: return g, Lp > Return features and loss

Lgm = LI + LY 4 ALY + M\ LY, (33)

where f and c denote the objectives of the frame-scale and
clip-scale branches, respectively and Ay and A, are the cor-
responding hyper-parameters.

Query Diversity Loss Lgiy Following Wang et al. [9],
given a collection of text queries in the mini-batch 5, the
query diversity loss is defined as:

Ui ) = (1+ cos(qi, q;)) log(1 + e~ (<(a-a)+0)),

o 2 . (34)
Ldlv— Mq(Mq—l) Z K(Zm?),

1<6,5 <My, i#j

where § > 0 is a margin factor, w > 0 is a scaling factor and
M, is the number of text queries relevant to a video.



A.5. Relationship between Lp,c,mprvr and Ly

Lpreamprvr 18 the theoretical training objective defined in
Eq. (3). It consists of two components: (i) a KL-divergence
term that enforces the registers to generate global contex-
tual semantics consistent with the textual queries, and (ii) a
likelihood term that strengthens video representation learn-
ing with register guidance, thereby facilitating improved
cross-modal alignment and retrieval performance.

Liota 18 the practical training objective, comprising four
components: L, Lpys, Lare, and Lgy,. Among them, Ly,
Ly, and Lge jointly regularize the registers to generate
text-consistent representations and capture richer textual
semantics. These terms promote more effective register
generation and correspond to optimizing the KL-divergence
term in Lpeamprvr. In addition, L, serves as the retrieval-
oriented similarity learning objective, aiming to improve
retrieval performance. This term aligns with maximizing the
likelihood component in LpreamprvR-

A.6. Register Generation Process

Training Stage Please refer to Algorithm 1.
Inference Stage  The procedure follows Algorithm [, with
the forward diffusion process and TPS sampling omitted.
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