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A. Symbol Definitions
In this section, Table 1 includes a summary of key notations
and descriptions in this work.

Table 1. A summary of key notations and descriptions in this work.

Notations Descriptions

x ∈ RH×W×3 Input image.
D = {xi}ni=1 Training dataset.
x̃ VAE latent of image x.
t ∈ {1, . . . , T} Diffusion timestep.
xt Noisy latent at diffusion step t.
ϵθ Diffusion noise prediction network.
fϕ CLIP visual encoder.
z Visual feature extracted by CLIP encoder, shorthand for z = fϕ(x).
hω Projection module that maps CLIP features to diffusion condition space.
c Condition used for diffusion denoising, shorthand for c = hω(z).
ϵ̂θ Predicted noise, shorthand for ϵ̂θ = ϵθ(x̃t, c, t).
ϵgt
t Ground-truth diffusion noise at step t.
ϵ̂+/ϵ̂− Predicted noise of positive/negative sample.
P Positive set, shorthand for P = {ϵ̂+, ϵgt}.
N Negative set, shorthand for N = {ϵ̂k−}N−1

k=1 .
C Set C = P ∪N .
sim(u, v) Cosine similarity sim(u, v) = ⟨u,v⟩

|u|,|v| .

B. Algorithm of DCR
For clarity, we provide the pseudocode of our Diffusion
Contrastive Reconstruction (DCR) training procedure in
Algorithm 1.

Algorithm 1: DCR Algorithm.
Input: Dataset D = {xi}; CLIP vision encoder fϕ;

projector hω; frozen diffusion model ϵθ; VAE encoder
Enc; diffusion steps T ; batch size Nb; temperature τ ;
Stage-1 epochs E1; Stage-2 epochs E2;

Output: Enhanced CLIP encoder fϕ;
1: ▷ Stage-1: Projector Alignment
2: for epoch = 1 to E1 do
3: Sample mini-batch {xi}Nb

i=1 from D;
4: for i = 1 to Nb do
5: Sample timestep t ∼ Unif(1, T ) and noise

ϵgt
t ∼ N (0, I);

6: x̃i ← Enc(xi);
7: xt ←

√
ᾱt x̃i +

√
1− ᾱt ϵ

gt
t ;

8: ϵ̂i ← ϵθ(xt, hω(fϕ(xi)), t);
9: x+

i ← a(xi);
10: ϵ̂+,i ← ϵθ(xt, hω(fϕ(x

+
i )), t);

11: Ni ← ∅;
12: for j = 1 to Nb, j ̸= i do
13: ϵ̂j−,i ← ϵθ(xt, hω(fϕ(xj)), t);
14: Ni ← Ni ∪ {ϵ̂j−,i};
15: end for
16: Pi ← {ϵ̂+,i, ϵ

gt
t };

17: Ci ← Pi ∪Ni;

18: Li ← −
1

2

∑
p∈Pi

log
exp(sim(ϵ̂i, p)/τ)∑

c∈Ci
exp(sim(ϵ̂i, c)/τ)

;

19: end for
20: Ldcr ← 1

Nb

∑Nb

i=1 Li;
21: Update projector parameters ω;
22: end for
23: ▷ Stage-2: Encoder Enhancement
24: for epoch = 1 to E2 do
25: Sample mini-batch {xi}Nb

i=1 and repeat the same
steps to compute Pi, Ni, and Li;

26: Ldcr ← 1
Nb

∑Nb

i=1 Li;
27: Update CLIP vision encoder fϕ;
28: end for
29: return fϕ;



C. Proof of Theorem 1

Definition 1 (Bi-Lipschitz Mapping [3]). Let T : X → Y
be a mapping between two metric spaces (X , ∥ · ∥X ) and
(Y, ∥ · ∥Y). We say that T is bi-Lipschitz on a subsetM⊆
X if there exist constants 0 < m ≤ L < ∞ such that, for
all z1, z2 ∈M,

m∥z1− z2∥X ≤
∥∥T (z1)−T (z2)

∥∥
Y ≤ L∥z1− z2∥X . (1)

In particular, a bi-Lipschitz map preserves pairwise dis-
tances up to constant factors and is injective onM.

Assumption 1. Fix a diffusion step t and define T (z) =
ϵθ
(
xt, hω(z), t

)
. According to Definition 1, we assume

that T (z) satisfies the bi-Lipschitz property.

Lemma 1 (Equivalent Variance Identity [22]). Let
e1, . . . , en ∈ Rd be arbitrary vectors and denote their mean
by ē = 1

n

∑n
i=1 ei. Then the empirical variance can be

written as the average of all pairwise squared distances:

n∑
i=1

∥ei − ē∥22 =
1

2n

n∑
i=1

n∑
j=1

∥ei − ej∥22. (2)

Proof. For the left-hand side, using ē = 1
n

∑n
k=1 ek, we

have:

n∑
i=1

∥ei − ē∥22 =

n∑
i=1

⟨ei − ē, ei − ē⟩

=

n∑
i=1

(
∥ei∥22 + ∥ē∥22 − 2⟨ei, ē⟩

)
=

n∑
i=1

∥ei∥22 + n∥ē∥22 − 2

〈
n∑

i=1

ei, ē

〉
.

(3)
Since

∑n
i=1 ei = nē, it follows that

〈
n∑

i=1

ei, ē

〉
= ⟨nē, ē⟩ = n∥ē∥22. (4)

Therefore,

n∑
i=1

∥ei − ē∥22 =

n∑
i=1

∥ei∥22 − n∥ē∥22. (5)

For the right-hand side, using ∥ei − ej∥22 = ∥ei∥22 +

∥ej∥22 − 2⟨ei, ej⟩, we obtain

n∑
i=1

n∑
j=1

∥ei − ej∥22

=
∑
i,j

∥ei∥22 +
∑
i,j

∥ej∥22 − 2
∑
i,j

⟨ei, ej⟩

=n

n∑
i=1

∥ei∥22 + n

n∑
j=1

∥ej∥22 − 2

〈
n∑

i=1

ei,

n∑
j=1

ej

〉

=2n

n∑
i=1

∥ei∥22 − 2

∥∥∥∥∥
n∑

i=1

ei

∥∥∥∥∥
2

2

.

(6)

Again using
∑n

i=1 ei = nē, we obtain∥∥∥∥∥
n∑

i=1

ei

∥∥∥∥∥
2

2

= ∥nē∥22 = n2∥ē∥22, (7)

so

n∑
i=1

n∑
j=1

∥ei − ej∥22 = 2n

n∑
i=1

∥ei∥22 − 2n2∥ē∥22. (8)

Dividing Eq. (8) by 2n yields

1

2n

n∑
i=1

n∑
j=1

∥ei − ej∥22 =

n∑
i=1

∥ei∥22 − n∥ē∥22. (9)

Therefore, by combining Eq. (5) and Eq. (9), we can ob-
tain:

n∑
i=1

∥ei − ē∥22 =
1

2n

n∑
i=1

n∑
j=1

∥ei − ej∥22. (10)

This completed the proof.

Restate of Theorem 1. Fix a diffusion step t and define
T (z) = ϵθ

(
xt, hω(z), t

)
. Under a mild assumption, the

intra-class scatter and inter-class scatter in the feature space
(Sinner, Sinter) can be bounded by those in the noise space
(S(ϵ)

inner(t), S
(ϵ)
inter(t)) as

Sinner ≤
1

m2
S
(ϵ)
inner(t),

Sinter ≥ κS
(ϵ)
inter(t)− ηS

(ϵ)
inner(t),

where m, κ, and η are positive constants depending on the
Lipschitz continuity of T (·).

Proof. We proceed in three steps. Throughout, fix a diffu-
sion step t and a mini-batch with class set Y .

For class y ∈ Y , let the feature set be Zy = {zi}
ny

i=1

with zi = fϕ(xi) and the noise set be Ey,t = {ϵ̂i}
ny

i=1 with



ϵ̂i = ϵθ(xt, hω(zi), t). Denote the class means by µy =
1
ny

∑ny

i=1 zi and νy,t = 1
ny

∑ny

i=1 ϵ̂i. As shown in Eq. (4)
and Eq. (5) in the main text, we define the intra-/inter-class
scatters in the CLIP feature space by

Sinner =
1

|Y|
∑
y∈Y

1

ny

ny∑
i=1

∥zi − µy∥22, (11)

Sinter =
1

|Y|(|Y| − 1)

∑
y,y′∈Y
y ̸=y′

∥µy − µy′∥22. (12)

Similarly, we define the intra-/inter-class scatters in the dif-
fusion noise space by

S
(ϵ)
inner(t) =

1

|Y|
∑
y∈Y

1

ny

ny∑
i=1

∥ϵ̂i − νy,t∥22, (13)

S
(ϵ)
inter(t) =

1

|Y|(|Y| − 1)

∑
y,y′∈Y
y ̸=y′

∥νy,t − νy′,t∥22. (14)

Step 1: Minimizing LDCR improves noise-space geome-
try.

Recall the DCR loss

LDCR = −1

2

∑
p∈P

log
d(ϵ̂, p)∑
c∈C d(ϵ̂, c)

,

where ϵ̂ = ϵθ(xt, hω(z), t) is the anchor, ϵ̂+ is the positive
sample, ϵgt is the ground-truth, and N = {ϵ̂(j)− } are nega-
tives from other images in the mini-batch. P = {ϵ̂+, ϵgtt },
C = P ∪ N . d(u, v) = exp(sim(u, v)/τ) with sim the
cosine similarity and τ > 0. Let

p(q | ϵ̂) = exp(sim(ϵ̂, q)/τ)∑
c∈C exp(sim(ϵ̂, c)/τ)

. (15)

Differentiating the loss with respect to the similarity term
gives the following gradient expression:

∂LDCR

∂ sim(ϵ̂, q)
=

{
− 1

2τ

(
1− 2p(q | ϵ̂)

)
, q ∈ P,

1
τ p(q | ϵ̂), q ∈ N.

(16)

Thus, gradient descent on LDCR increases the anchor’s
cosine similarity with the two positives (ϵ̂+ and ϵgt) and
decreases it with all negatives. Since

sim(u, v) = ⟨ū, v̄⟩, where ū =
u

∥u∥
, v̄ =

v

∥v∥
, (17)

we have

∥ū−v̄∥22 = ∥ū∥22+∥v̄∥22−2⟨ū, v̄⟩ = 2(1−sim(ū, v̄)). (18)

Therefore, minimizing LDCR is equivalent to

min
ϕ,ω

∥∥ϵ̂− ϵ̂+
∥∥2
2
+
∥∥ϵ̂− ϵgt

∥∥2
2
, (19)

max
ϕ,ω

∥∥ϵ̂− ϵ̂
(j)
−
∥∥2
2
, ∀j. (20)

Then, we pass from pairwise distances to scatter. Specif-
ically, for each class y ∈ Y , the key component in Eq. (13),

1

ny

ny∑
i=1

∥ϵ̂i − νy,t∥22 (21)

is, by Lemma 1, exactly the average of all pairwise squared
distances ∥ϵ̂i−ϵ̂j∥22 within that class (up to the constant fac-
tor 1/(2n2

y)). Minimizing the pairwise distances between
the anchor and its positive/ground-truth terms in Eq. (19)
therefore decreases the average intra-class pairwise dis-
tance, and thus decreases 1

ny

∑ny

i=1 ∥ϵ̂i − νy,t∥22 for each
y. Averaging over all classes yields

min
ϕ,ω

S
(ϵ)
inner(t). (22)

In contrast, the negative terms {ϵ̂(j)− } are drawn from
other images in the mini-batch, which typically belong
to different classes. Maximizing the anchor–negative dis-
tances ∥ϵ̂− ϵ̂

(j)
− ∥22 increases the average pairwise distances

between samples of different classes. This increase, when
propagated to the distances between the corresponding class
means {νy,t}y∈Y , leads to an increase of the inter-class
scatter S(ϵ)

inter(t):

max
ϕ,ω

S
(ϵ)
inter(t). (23)

Combining Eq. (22) and Eq. (23), we conclude that min-
imizing LDCR improves the geometry in the noise space
by decreasing intra-class scatter and increasing inter-class
scatter.
Step 2: Bounding feature-space intra-class scatter.

Fix a class y ∈ Y , and write its feature set as Zy =
{zi}

ny

i=1 and its noise set as Ey,t = {ϵ̂i}
ny

i=1 with ϵ̂i =
T (zi).

By Lemma 1, the intra-class variance in the feature space
can be written as

1

ny

ny∑
i=1

∥zi − µy∥22 =
1

2n2
y

ny∑
i=1

ny∑
j=1

∥zi − zj∥22. (24)

Similarly, the intra-class variance in the noise space is

1

ny

ny∑
i=1

∥ϵ̂i − νy,t∥22 =
1

2n2
y

ny∑
i=1

ny∑
j=1

∥ϵ̂i − ϵ̂j∥22. (25)



By Assumption 1, there exists m > 0 such that, for all
z1, z2 ∈M,

m∥z1 − z2∥ ≤ ∥T (z1)− T (z2)∥. (26)

Equivalently,

∥z1 − z2∥ ≤
1

m
∥T (z1)− T (z2)∥. (27)

Applying this inequality to each pair (zi, zj) gives

∥zi−zj∥2 ≤
1

m2
∥T (zi)−T (zj)∥2 =

1

m2
∥ϵ̂i−ϵ̂j∥2. (28)

Substituting Eq. (28) into Eq. (24) and comparing with
Eq. (25), we obtain

1

ny

ny∑
i=1

∥zi − µy∥22 ≤
1

2n2
y

ny∑
i,j=1

1

m2
∥ϵ̂i − ϵ̂j∥22

=
1

m2
· 1

ny

ny∑
i=1

∥ϵ̂i − νy,t∥22.

(29)

Averaging over all classes y ∈ Y yields

Sinner =
1

|Y|
∑
y∈Y

1

ny

ny∑
i=1

∥zi − µy∥22

≤ 1

m2
· 1

|Y|
∑
y∈Y

1

ny

ny∑
i=1

∥ϵ̂i − νy,t∥22

=
1

m2
S
(ϵ)
inner(t),

(30)

which proves the first inequality in Theorem 1.
Step 3: Bounding feature-space inter-class scatter.

By Assumption 1, there exists L > 0 such that, for all
z1, z2 ∈M,

∥T (z1)− T (z2)∥ ≤ L∥z1 − z2∥. (31)

Equivalently,

∥z1 − z2∥ ≥
1

L
∥T (z1)− T (z2)∥. (32)

Fix two distinct classes y, y′ ∈ Y . Applying Eq. (32)
with z1 = µy , z2 = µy′ yields

∥µy − µy′∥ ≥ 1

L
∥T (µy)− T (µy′)∥. (33)

We next relate T (µy) to νy,t. We have

νy,t =
1

ny

ny∑
i=1

ϵ̂i =
1

ny

ny∑
i=1

T (zi). (34)

Then

∥T (µy)− νy,t∥2 =

∥∥∥∥∥T (µy)−
1

ny

ny∑
i=1

T (zi)

∥∥∥∥∥
2

=

∥∥∥∥∥ 1

ny

ny∑
i=1

(
T (µy)− T (zi)

)∥∥∥∥∥
2

≤ 1

ny

ny∑
i=1

∥T (µy)− T (zi)∥2

≤ L

ny

ny∑
i=1

∥µy − zi∥2,

(35)

where we used the triangle inequality and then the Lipschitz
property of T . By the Cauchy-Schwarz inequality,

ny∑
i=1

∥µy − zi∥2 ≤
√
ny

(
ny∑
i=1

∥µy − zi∥22

)1/2

. (36)

Hence,

∥T (µy)− νy,t∥2 ≤
L
√
ny

(
ny∑
i=1

∥µy − zi∥22

)1/2

. (37)

Similarly, for class y′, we have:

∥T (µy′)− νy′,t∥2 ≤
L
√
ny′

(ny′∑
i=1

∥µy′ − zi∥22

)1/2

. (38)

Using the triangle inequality, we get

∥T (µy)− T (µy′)∥2
≥∥νy,t − νy′,t∥2 − ∥T (µy)− νy,t∥2

− ∥T (µy′)− νy′,t∥2.
(39)

Combining this with Eqs. (37) and (38), we obtain

∥T (µy)− T (µy′)∥2

≥∥νy,t − νy′,t∥2 −
L
√
ny

(
ny∑
i=1

∥µy − zi∥22

)1/2

− L
√
ny′

(ny′∑
i=1

∥µy′ − zi∥22

)1/2

.

(40)

Substituting Eq. (40) into Eq. (33), we obtain

∥µy − µy′∥2 ≥
1

L
∥νy,t − νy′,t∥2

− 1
√
ny

(
ny∑
i=1

∥µy − zi∥22

)1/2

− 1
√
ny′

(ny′∑
i=1

∥µy′ − zi∥22

)1/2

.

(41)



Squaring both sides and using the inequality (a − b −
c)2 ≥ 1

2a
2 − 2(b2 + c2) for any a, b, c ∈ R, we obtain

∥µy − µy′∥22 ≥
1

2L2
∥νy,t − νy′,t∥22

− 2

(
1

ny

ny∑
i=1

∥µy − zi∥22

)

− 2

(
1

ny′

ny′∑
i=1

∥µy′ − zi∥22

)
.

(42)

Averaging the above inequality over all ordered pairs
(y, y′) with y ̸= y′, and recalling the definition of Sinter

and S
(ϵ)
inter(t), we obtain

Sinter =
1

|Y|(|Y| − 1)

∑
y,y′∈Y
y ̸=y′

∥µy − µy′∥22

≥ 1

|Y|(|Y| − 1)

∑
y,y′∈Y
y ̸=y′

[
1

2L2
∥νy,t − νy′,t∥22 − 2By,y′

]

=
1

2L2
S
(ϵ)
inter(t)−

2

|Y|(|Y| − 1)

∑
y,y′∈Y
y ̸=y′

By,y′ ,

(43)
where By,y′ = 1

ny

∑
i∈Iy
∥µy − zi∥22 + 1

ny′

∑
i∈Iy′ ∥µy′ −

zi∥22.
For the second term, note that for each fixed y, the quan-

tity Ay = 1
ny

∑
i∈Iy
∥µy − zi∥22 appears exactly (|Y| − 1)

times as the first index and (|Y| − 1) times as the second
index when summing over all ordered pairs (y, y′) with
y ̸= y′. Hence∑

y,y′∈Y
y ̸=y′

(Ay +Ay′) = 2(|Y| − 1)
∑
y∈Y

Ay. (44)

Therefore,

2

|Y|(|Y| − 1)

∑
y,y′∈Y
y ̸=y′

(Ay +Ay′)

=
2

|Y|(|Y| − 1)
2(|Y| − 1)

∑
y∈Y

Ay

=
4

|Y|
∑
y∈Y

Ay

=4Sinner.

(45)

Substituting this back, we obtain the explicit bound

Sinter ≥
1

2L2
S
(ϵ)
inter(t) − 4Sinner. (46)

Finally, using the bound from Step 2, Sinner ≤
1

m2S
(ϵ)
inner(t), we arrive at

Sinter ≥
1

2L2
S
(ϵ)
inter(t)−

4

m2
S
(ϵ)
inner(t). (47)

Thus, we have:

Sinter ≥ κS
(ϵ)
inter(t)− ηS

(ϵ)
inner(t), (48)

where κ = 1
2L2 and η = 4

m2 . It proves the second inequality
in Theorem 1.

This completed the proof.

D. Proof of Theorem 2
Restate of Theorem 2. If negatives in the mini-batch
are well separated from the anchor (i.e., sim(ϵ̂, ϵ̂j−) ≪
sim(ϵ̂, ϵgt) for all j ̸= i), and predicted-noise norms are
bounded away from 0 and∞, then the DCR loss reduces to
a scaled reconstruction loss up to an additive constant:

Ldcr = λ
∥∥ϵθ(xt, hω(fϕ(x̃)), t)− ϵgt

t

∥∥2
2
+ c,

where λ > 0, and c is a constant.

Proof. We consider a single anchor sample and drop the
sample index for brevity.

Recall that the anchor is ϵ̂ = ϵθ(xt, hω(fϕ(x̃)), t), the
two positives are ϵ̂+ and ϵgt, and N = {ϵ̂j−}j denotes the
set of negatives in the mini-batch. Let P = {ϵ̂+, ϵgt},
C = P ∪ N , and sim(u, v) = ⟨u,v⟩

∥u∥2 ∥v∥2
, d(u, v) =

exp
(
sim(u, v)/τ

)
, with τ > 0 the temperature. The DCR

loss for this anchor is

LDCR = −1

2

∑
p∈P

log
d(ϵ̂, p)∑
c∈C d(ϵ̂, c)

. (49)

Denote u = sim(ϵ̂, ϵgt), v = sim(ϵ̂, ϵ̂+), and write

Zpos =
∑
p∈P

exp
(
sim(ϵ̂, p)/τ

)
= eu/τ + ev/τ , (50)

Zneg =
∑
j

exp
(
sim(ϵ̂, ϵ̂j−)/τ

)
. (51)

Then we can expand

LDCR = −1

2

∑
p∈P

(
sim(ϵ̂, p)

τ
− log

(
Zpos + Zneg

))
= − 1

2τ
(u+ v) + log

(
Zpos + Zneg

)
.

(52)

Using the notation in Eq. (52), we now show that LDCR

is (up to scaling and an additive constant) equivalent to the
reconstruction loss.



First, by the assumption that negatives are well separated
from the anchor, there exist constants ∆ > 0 and B ∈ N
such that for all anchors in the mini-batch,

sim(ϵ̂, ϵ̂j−) ≤ u−∆, ∀j, |N | ≤ B, (53)

where u = sim(ϵ̂, ϵgt). Hence

Zneg =
∑
j

exp
(
sim(ϵ̂, ϵ̂j−)/τ

)
≤ B exp

(
(u−∆)/τ

)
.

(54)
Since Zpos ≥ eu/τ , we get

Zneg

Zpos
≤ Be−∆/τ = δ, (55)

where δ > 0 is a constant independent of the trainable pa-
rameters. Therefore

log
(
Zpos + Zneg

)
= log

(
Zpos

(
1 + Zneg/Zpos

))
= logZpos + log

(
1 + Zneg/Zpos

)
,

(56)

and, using 0 ≤ Zneg/Zpos ≤ δ,

0 ≤ log
(
1 + Zneg/Zpos

)
≤ log(1 + δ) = Cneg. (57)

Thus, from Eq. (52),

LDCR = − 1

2τ
(u+ v) + logZpos +∆neg, (58)

where 0 ≤ ∆neg ≤ Cneg. It remains to analyze the positive
part:

ℓpos(u, v) = −
1

2τ
(u+ v) + log

(
eu/τ + ev/τ

)
, (59)

since
LDCR = ℓpos(u, v) + ∆neg. (60)

Next, we express u and v in terms of squared Euclidean
distances. Define the normalized vectors

ê =
ϵ̂

∥ϵ̂∥2
, g =

ϵgt

∥ϵgt∥2
, p =

ϵ̂+
∥ϵ̂+∥2

. (61)

Then u = ⟨ê, g⟩ and v = ⟨ê, p⟩. For unit vectors a, b we
have

∥a− b∥22 = 2(1− ⟨a, b⟩), (62)

so, defining

d2gt = ∥ê− g∥22, d2+ = ∥ê− p∥22, (63)

we obtain

u = 1− 1

2
d2gt, v = 1− 1

2
d2+. (64)

Substituting into ℓpos gives

ℓpos =
1

4τ

(
d2gt+d2+

)
+log

(
e−d2

gt/(2τ) + e−d2
+/(2τ)

)
. (65)

Since ê, g, p are unit vectors, both squared distances are
bounded:

0 ≤ d2gt ≤ 4, 0 ≤ d2+ ≤ 4. (66)

The logarithmic term in Eq. (65) satisfies a bound. Let

a = −
d2gt

2τ
, b = −

d2+
2τ

, (67)

so that

log
(
e−d2

gt/(2τ) + e−d2
+/(2τ)

)
= log(ea + eb). (68)

For any real a, b, we have

max{a, b} ≤ log(ea + eb) ≤ max{a, b}+ log 2. (69)

Using 0 ≤ d2gt, d
2
+ ≤ 4 and τ > 0, we obtain constants

Cmin, Cmax ∈ R depending only on τ such that

Cmin ≤ log
(
e−d2

gt/(2τ) + e−d2
+/(2τ)

)
≤ Cmax (70)

for all possible d2gt, d
2
+. Moreover, the term 1

4τ d
2
+ in Eq. (65)

is also bounded using Eq. (66), so it can be absorbed into
the constants. Consequently, there exist finite constants
C̃min, C̃max (depending only on τ ) such that

1

4τ
d2gt + C̃min ≤ ℓpos ≤

1

4τ
d2gt + C̃max. (71)

We now relate d2gt to the true reconstruction error ∥ϵ̂ −
ϵgt∥22. For any nonzero vectors u, v, the law of cosines gives

∥u− v∥22 = ∥u∥22 + ∥v∥22 − 2∥u∥2∥v∥2 sim(u, v). (72)

With u = ϵ̂, v = ϵgt and sim(u, v) = ⟨ê, g⟩ = 1−d2gt/2,
we obtain

∥∥ϵ̂− ϵgt
∥∥2
2
= ∥ϵ̂∥22 + ∥ϵgt∥22 − 2∥ϵ̂∥2∥ϵgt∥2

(
1−

d2gt

2

)
=
(
∥ϵ̂∥2 − ∥ϵgt∥2

)2
+ ∥ϵ̂∥2∥ϵgt∥2 d2gt.

(73)
By assumption, predicted-noise norms are bounded

away from 0 and∞. Thus, there exist constants 0 < α ≤
β <∞ such that

α ≤ ∥ϵ̂∥2, ∥ϵgt∥2 ≤ β for all anchors. (74)

Using Eq. (73) and the fact that
(
∥ϵ̂∥2 − ∥ϵgt∥2

)2 ≥ 0,
we have ∥∥ϵ̂− ϵgt

∥∥2
2
≥ ∥ϵ̂∥2∥ϵgt∥2 d2gt ≥ α2d2gt. (75)



On the other hand, using ∥ϵ̂∥22 + ∥ϵgt∥22 ≤ 2β2 and
∥ϵ̂∥2∥ϵgt∥2 ≤ β2, we obtain∥∥ϵ̂− ϵgt

∥∥2
2
≤ 2β2 + β2d2gt. (76)

Rearranging these inequalities yields

1

β2

(∥∥ϵ̂− ϵgt
∥∥2
2
− 2β2

)
≤ d2gt ≤

1

α2

∥∥ϵ̂− ϵgt
∥∥2
2
. (77)

Combining Eq. (71) and Eq. (77), we get affine bounds
on ℓpos in terms of the reconstruction error. For the lower
bound,

ℓpos ≥
1

4τ
d2gt + C̃min

≥ 1

4τβ2

(∥∥ϵ̂− ϵgt
∥∥2
2
− 2β2

)
+ C̃min

=
1

4τβ2

∥∥ϵ̂− ϵgt
∥∥2
2
+

(
C̃min −

1

2τ

)
.

(78)

For the upper bound,

ℓpos ≤
1

4τ
d2gt + C̃max

≤ 1

4τα2

∥∥ϵ̂− ϵgt
∥∥2
2
+ C̃max.

(79)

Define

λmin =
1

4τβ2
, λmax =

1

4τα2
, (80)

and constants

cmin = C̃min −
1

2τ
, cmax = C̃max. (81)

Then

λmin

∥∥ϵ̂− ϵgt
∥∥2
2
+ cmin ≤ ℓpos ≤ λmax

∥∥ϵ̂− ϵgt
∥∥2
2
+ cmax.

(82)
Finally, recalling Eq. (60) and the bound 0 ≤ ∆neg ≤

Cneg, we conclude that

λmin

∥∥ϵ̂−ϵgt
∥∥2
2
+cmin ≤ LDCR ≤ λmax

∥∥ϵ̂−ϵgt
∥∥2
2
+cmax+Cneg.

(83)
Thus, LDCR is sandwiched between two affine functions

of the reconstruction loss
∥∥ϵθ(xt, hω(fϕ(x̃)), t)−ϵgt

t

∥∥2
2

with
strictly positive slopes. In other words, minimizing LDCR

is equivalent (up to a positive scaling factor and an additive
constant) to minimizing the standard reconstruction loss.
We can summarize this equivalence in the form

LDCR = λ
∥∥ϵθ(xt, hω(fϕ(x̃)), t)− ϵgt

t

∥∥2
2
+ c, (84)

for some λ ∈ [λmin, λmax] and constant c.
This completed the proof.

E. Additional Experimental Settings

In this section, we make a supplementation to Sec 5.1.

E.1. CLIP Backbones
Here, we provide a detailed summary of the 6 types of CLIP
backbones used in our experiments. They fall into 3 cate-
gories:
• OpenAI CLIP ViT-L@224 and OpenAI CLIP ViT-

L@336 [16] establish the canonical formulation of con-
trastive language-image pretraining, defining the fea-
ture space that later CLIP variants build upon. Their
large-scale but noisy training data gives them strong
open-world generalization, while their ability to perceive
fine-grained visual details remains limited. The 336-
resolution variant uniquely extends CLIP’s receptive field
without altering the architecture, making it a standard
choice for studying high-resolution alignment.

• MetaCLIP ViT-L@224 and MetaCLIP ViT-
H@224 [20] distinguishes itself by reconstructing a
high-quality, well-aligned training corpus using a prin-
cipled filtering pipeline rather than relying on raw web
data. This dataset-centric redesign leads to representa-
tions that are more stable, less noisy, and better calibrated
than those of OpenAI CLIP. The ViT-H model further
pushes scaling laws within the CLIP paradigm.

• SigLIP ViT-SO@224 and SigLIP ViT-SO@384 [21]
departs from the classic softmax contrastive loss by in-
troducing a sigmoid-based objective, fundamentally al-
tering how positive and negative pairs influence train-
ing. This probabilistic formulation enables more fine-
grained pairwise alignment and reduces overconfidence
artifacts commonly observed in CLIP-like models. Its
higher-resolution variant leverages the smoother objec-
tive to maintain stable training.

E.2. Competitors
Here we give a more detailed summary of the competitors
mentioned in the experiments.

• Original CLIP [16, 20, 21] is the baseline vision en-
coder pretrained on large-scale image–text pairs. It pro-
vides generalization across diverse recognition and re-
trieval tasks. However, it lacks mechanisms for recon-
structive feedback, which limits its ability to understand
fine-grained visuals.

• DIVA [19] introduces diffusion-based visual feedback to
refine CLIP features. It performs reconstruction condi-
tioned on CLIP vision embeddings, enabling the model
to recover more detailed visual information.

• GenHancer [15] systematically investigates how gener-
ative models can enhance CLIP by refining conditioning
design, denoising strategies, and generation paradigms.
It shows that using global conditions and lightweight de-



noisers leads to more stable reconstruction-based repre-
sentation learning. In addition, it extends the reconstruc-
tion process to discrete latent spaces.

• un2CLIP [13] builds on the unCLIP framework by in-
verting the generative process so that the visual encoder
can better capture fine-grained image details while re-
maining aligned with CLIP’s original embedding space.

E.3. Evaluation Protocol for P-Ability
Datasets. Following [13, 15, 19], we use MMVP-
VLM [18] to evaluate the P-Ability. It is a benchmark
designed to evaluate fine-grained visual perception by test-
ing VLMs on a wide range of visual patterns. It con-
tains human-designed symbols, shapes, transformations,
and composites that isolate specific perceptual abilities such
as symmetry, color matching, and geometric relations. The
dataset includes tens of thousands of diverse pattern–label
pairs, providing a controlled environment for assessing de-
tailed visual understanding.
Evaluation metrics. Following [18], we report Accuracy
(ACC) as the evaluation metric. ACC measures the propor-
tion of samples for which the model correctly recognizes
the underlying visual pattern, serving as a direct indicator
of fine-grained visual perception.

E.4. Evaluation Protocol for D-Ability
Datasets. Following [16], we perform zero-shot cluster-
ing on 6 standard datasets [2, 4, 5, 7–9] to evaluate the D-
Ability.
• MNIST [9] is a handwritten digit recognition dataset con-

taining grayscale images of digits 0-9. Each image is
centered and normalized to 28 × 28 pixels, making it a
standard benchmark for evaluating basic visual represen-
tations. It provides 60000 training and 10000 test sam-
ples.

• CIFAR-10 [8] is a natural image dataset designed for
general object classification across 10 categories. The im-
ages are low-resolution 32 × 32 color images that intro-
duce significant appearance variation despite their small
size. The dataset includes 50000 training and 10000 test
images.

• Eurosat [7] is a satellite image dataset for land-use and
land-cover classification, containing 10 classes such as
agricultural areas, forests, and urban regions. Derived
from Sentinel-2 satellite imagery, it includes 21600 train-
ing and 5400 test images, offering rich spatial and spectral
diversity.

• Caltech-101 [5] designed for general object classifica-
tion, includes 101 object categories and a background
class, featuring around 7650 training and 3300 test im-
ages. The images, collected at Caltech, present significant
variation in scale, orientation, and lighting conditions.

• Describable Textures Dataset (DTD) [2] focuses on

texture classification, featuring 47 texture categories de-
scribed using human-interpretable attributes. It offers
3760 training and 1880 test images, providing a unique
challenge in recognizing visually distinctive patterns
from natural and artificial sources.

• ImageNet-1K [4] is a large-scale benchmark for visual
recognition, covering 1000 object categories spanning an-
imals, scenes, and man-made objects. The images ex-
hibit substantial diversity in viewpoint, background, reso-
lution, and object appearance, making it a core testbed for
evaluating high-capacity visual models. It contains about
1.28 million training images and 50 thousand validation
images.

Evaluation metrics. Following [12], we adopt 3 widely-
used metrics to evaluate the clustering performance.
• Normalized Mutual Information (NMI) measures the

mutual dependence between predicted clusters and
ground-truth labels, normalized to [0, 1]. Higher values
indicate better alignment between the clustering structure
and the true class partition.

• Accuracy (ACC) evaluates the best-matched assignment
between predicted clusters and ground-truth classes. It
computes the fraction of correctly assigned samples after
optimal label permutation using the Hungarian algorithm.

• Adjusted Rand Index (ARI) quantifies the similarity be-
tween two partitions by counting pairwise agreements,
adjusted for random chance. An ARI of 0 corresponds
to random clustering, while higher values indicate more
consistent partitioning.

E.5. Evaluation Protocol for MLLMs
Following [13, 15, 18], we evaluate MLLMs using two
complementary groups of benchmarks: Vision-Centric
Benchmarks, which focus on fine-grained visual percep-
tion and scene understanding, and Conventional MLLM
Benchmarks, which measure robustness, hallucination re-
sistance, and multimodal reasoning. Together, they provide
a comprehensive view of an MLLM’s visual competence,
reliability, and general multimodal capability.
Vision-Centric Benchmarks. We evaluate on 4 datasets:
• MMVP-MLLM [18] evaluates the model’s fine-grained

visual perception by testing its ability to identify struc-
tured visual patterns. We report classification accuracy
(ACC).

• NaturalBench [10] examines multimodal reasoning
across natural images using four metrics: overall accu-
racy (Acc), question-type accuracy (Q-Acc), instance-
level accuracy (I-Acc), and group-level accuracy (G-
Acc).

• CV-Bench 2D [17] measures perception quality on 2D
dense prediction tasks. We report the accuracy (ACC) of
ADE20K [23] and COCO [1].

• CV-Bench 3D [17] assesses 3D spatial understanding



through structured 3D reasoning queries. We report over-
all accuracy (ACC).

Conventional MLLM Benchmarks. We evaluate on 3
datasets:
• POPE [11] evaluates object hallucination robustness un-

der three settings, including random (rand), popularity-
based (pop), and adversarial (adv). Higher scores indicate
stronger resistance to hallucination.

• SciQA-IMG [14] assesses scientific visual question an-
swering involving diagrams, plots, and structured visual
cues. We report accuracy (ACC).

• Hallusion [6] measures multimodal robustness by test-
ing whether the model avoids visually induced false in-
ferences. We report the average accuracy across all query
types.

F. Additional Experimental Results
F.1. Expanded Version of Quantitative Results
Here, we present an expanded version of the quantitative
results.

Tab. 2 evaluates the improved CLIP models on the two
classical tasks, zero-shot image classification and zero-shot
text and image retrieval. The competitor focuses only on
fine-grained reconstruction, which neglects discriminative
ability and leads to performance drops. In contrast, our
method preserves and further improves discriminative abil-
ity, demonstrating its effectiveness.

Table 2. Performance on zero-shot classification and retrieval.

Method Classification Retrieval-Image@5 Retrieval-Text@5

MNIST C10 Eur C101 DTD IN-1K Flickr30k COCO Flickr30k COCO

Original 76.4 95.6 60.1 86.6 55.4 75.5 87.2 61.1 97.4 79.2
Genhancer 69.7 73.7 58.5 71.5 48.4 73.8 81.6 51.1 87.3 61.4
Ours 76.5 95.6 60.3 86.7 55.4 75.6 87.3 61.1 97.3 79.3

Tab. 3 reports the results under different ratios of lo-
cal tokens ([CLS] + n% local tokens). We find that us-
ing too many local tokens leads to performance degrada-
tion. This may be because excessive local tokens pro-
vide overly strong local cues, making the reconstruction
task too easy and thus weakening the supervision signal.
This phenomenon is consistent with the findings in Gen-
Hancer [15] and further supports the common behavior of
reconstruction-based enhancement methods.

Table 3. Results under different ratios of local tokens ([CLS] +
n% local tokens).

Ratio
MMVP-VLM Clustering

ACC NMI ACC ARI
0% 33.30 0.76 0.67 0.54
10% 31.85 0.76 0.63 0.53
50% 23.70 0.73 0.60 0.46
80% 21.48 0.69 0.57 0.44

100% 20.74 0.65 0.55 0.42

F.2. Expanded Version of Qualitative Results
Here, we present an expanded version of the qualitative re-
sults.

Fig. 1 presents some qualitative examples from the
MMVP-VLM benchmark. The results show that our
method enhances fine-grained visual perception, leading to
improved P-Ability.

Fig. 2 shows several qualitative examples on the vision-
centric benchmarks from MLLMs. The results demonstrate
that our enhanced CLIP can be seamlessly integrated into
MLLMs to improve their visual capabilities.

F.3. Computational Costs
Tab. 4 reports the computational costs of our method.
Across different CLIP backbones, the training cost of
DCR remains stable and mainly scales with the backbone
size and input resolution. Models with similar parame-
ter counts, such as OpenAI CLIP ViT-L@224, OpenAI
CLIP ViT-L@336, and MetaCLIP ViT-L@224, exhibit al-
most identical training times, indicating that DCR intro-
duces minimal overhead beyond the backbone’s forward
passes. Larger or higher-resolution models, including Meta-
CLIP ViT-H@224 and SigLIP ViT-SO@384, incur pre-
dictable increases in training time and GPU memory usage,
yet the overall computation remains well within a practical
range for NVIDIA-A100 80GB GPU. These results show
that DCR is computationally lightweight and can be seam-
lessly applied to a wide range of CLIP architectures without
requiring specialized optimization.

Table 4. Training costs of our DCR.

CLIP Backbone Training
#Params

Training
Time

Training
GPU Memory

OpenAI CLIP ViT-L@224 350.5M 7.7h 53544M
OpenAI CLIP ViT-L@336 350.5M 7.6h 60472M

MetaCLIP ViT-L@224 350.5M 7.7h 60472M
MetaCLIP ViT-H@224 360.0M 9.2h 76430M
SigLIP ViT-SO@224 358.5M 8.0h 66798M
SigLIP ViT-SO@384 358.5M 9.7h 78792M

G. Future Works
In the future, we plan to extend our diffusion contrastive
reconstruction beyond diffusion models to VAR-based gen-
erators, enabling a broader family of generative priors
to contribute fine-grained visual supervision. In paral-
lel, we aim to investigate how our framework can be ap-
plied to strengthen visual encoders from diverse architec-
tures, thereby providing a unified and adaptable enhance-
ment strategy for a wide range of vision systems. Moreover,
we believe that a systematic study of reconstruction-based
methods is essential for uncovering the underlying princi-
ples of representation enhancement and for establishing rig-
orous theoretical guarantees.
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Figure 1. Expanded version of qualitative results on the MMVP-VLM benchmark. The predictions from the original CLIP and our
improved version are indicated by red and green arrows, respectively. The improved CLIP effectively addresses the original model’s
limitations in capturing fine-grained visual details.



Question: Do you see this flower from the top or the side?

(a) Top (b) Side

Ours (a) (b)

Original (b) (b)

Question: Are there any fruits or vegetables in the heart-
shaped part of the picture?

(a) Yes (b) No

Ours (a) (b)

Original (a) (a)

(a) MMVP-MLLM.

Question1: Is there a yellow line painted on the road near 
the fire hydrant?

Question2: Is there a square trimmed boxwood hedge 
behind the fire hydrant?

Ours

Original Yes

No

Yes

Yes

Q1 Q2

Question1: Does the cardboard box have a number 3 above 
an equals sign?

Question2: Are there two pieces of clear tape visible around 
the arrow?

Ours

Original Yes

Yes

Yes

No

Q1 Q2

(b) NaturalBench.

Figure 2. Expanded version of qualitative results on the MLLM benchmarks.
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