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A. Frequency-Aware Token Reduction and
Diffusion Classification

In this section we provide a simple stylized model show-
ing how frequency-aware token reduction can tighten the
diffusion-classifier decision, viewed through a margin—
variance trade-off on the paired Monte Carlo estimator in-
troduced in Sec. 3.1.1 of the main paper.

A.l. Diffusion Classifier and Paired Difference

Recall the diffusion-classifier score [3]:

S(xac) = ]Et,é ”6 - Eﬂ(xt’cv t)Hg,

l’t:\/O_étl'+V1*O_[t€.

The prediction is é(z) = arg min.c¢ S(z, ¢), implemented
using paired sampling: for a shared Monte Carlo set Syj¢ =
{(ts,€5)}5MC (reused for all classes as in Sec. 3.1.1) we
approximate S(z, ¢) by

S.1)
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Fix the true class ¢* and a distractor ¢. For one paired
draw (t,€) ~ p(t)p(e), we define

D(t,e) = b(xz, ¢t e) — £(z, c*;t,€). (S.3)

Let
p = E[D],o? = Var[D]. (S4)

With Syc shared samples we obtain the paired estimator

Smc

-~ 1
ASMC = a Z D(ts’es)v
Sme (S.5)
~ ~ 0'2
E[ASMC] = M, Var(ASMc) - %

For a consistent classifier we have u > 0, allgi misclassifi-
cation against ¢ corresponds to the tail event Ag,,, < 0.
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By Cantelli’s inequality, for any random variable Z with
mean m and variance v, Pr(Z — m < —a) < v/(v + a?)
for a > 0. Applying this to Z = ESMC’ m =W, a =
yields

o2 /Suvc o
2 /2 = f(’l"), r=—,
ue+o /SMC
(S5.6)
where f(r) is strictly increasing in r. Thus, tightening the
Cantelli bound is equivalent to decreasing the ratio 7.

Pr(Ag,. <0) <

A.2. Bandwise Decomposition

We now introduce a simple frequency-domain model of
the paired difference. Let {¢} be an orthonormal 2-D
DCT/Fourier basis over the spatial token grid. For each
(t,€) and class ¢, we expand the error as:

- Yl

where “(k) denotes the coefficient in band & and wy(¢) > 0
is a per-band reliability weight (e.g., arising from the ELBO
weighting over t).

We define the bandwise paired difference as:

(k) —&kst.o, (57
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(S.8)
so that
Zwk Y AR(t,€) (S.9)
Let
HE = ]Et,e[Ak(ta 6)]7
of := Var [Ax(t,€)], (S.10)
wy, = E¢wg (8)].
Assuming that cross-band covariances are weak,
Cov(Ai, Aj) ~0 i # 7, (S.11)
we obtain the approximation
= Z Wi o,
F (S.12)
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Intuitively, discriminative classifiers benefit from high-
frequency components (edges and textures) to refine the
class margin p. Coarse structures (low frequencies) pro-
vide stable semantic cues, while fine structures (high fre-
quencies) often distinguish specific classes. Consequently,
although high-frequency bands may exhibit larger variance
under stochastic sampling, they can still carry strong class-
specific information for the correct class. A reduction strat-
egy that indiscriminately suppresses these frequencies, ef-
fectively acting as a low-pass filter with Hp(k) ~ 0 for
high k, risks inducing a large margin loss Ay that can out-
weigh any variance reduction Ac?.

A.3. Token Reduction as a Spectral Operator

We consider an attention block operating on a window of
tokens, with pre-reduction features z; = s; + n;, where s;
denotes structured signal and n,; zero-mean perturbations.
A shape-preserving reduction operator P maps the window
to a reduced representation (e.g., via merging or downsam-
pling). Under a local linearization of the block, and for op-
erators such as IE-KVD that are explicitly linear in each
neighborhood, we approximate its effect via a windowed
frequency response Hp(k):

p = weHp(k)
!

2~ ZwiHP(k)Q ot
k

This spectral model provides a useful approximation of
how token-reduction operators reshape the band-weighted
paired statistic. For strictly linear operators such as IE-KVD
the frequency response Hp (k) is exact, while for merging-
based operators (e.g., L-GTM, ABM), it serves as a local
linearization that captures their dominant low-pass-like be-
haviour.

In particular, any operator P whose effective response
Hp (k) (exact for IE-KVD, approximate for merging) acts
as a bandwise shrinkage rule, with Hp(k) ~ 1 on margin-
rich bands and Hp(k) < 1 on variance-heavy bands, will
tend to reduce the ratio r = o/u in equation S.6. Both
of our proposed modules, Laplacian-gated token merging
(L-GTM) and Interpolate—Extrapolate KV-Downsampling
(IE-KVD), are designed to approximate this behavior: they
selectively smooth or merge tokens that are redundant
while retaining tokens that appear informative, producing
a frequency-selective shrinkage profile.

For IE-KVD, which is a linear filtered downsampling
operator, the spectral interpretation is exact, for merging-
based operators, it should be viewed as an approximation
under local linearization. We emphasize that this analysis is
a stylized model: it relies on linearization and approximate
bandwise decorrelation, and is intended to clarify the de-
sign principle behind our frequency-aware token reduction
rather than to provide a formal guarantee.

(S.13)

A.4. A Margin—-variance Improvement Criterion

We define the changes in mean margin and variance as

Api=p—p,

/; Mz : R (S.14)
Ag*:=0" —0'".

We are interested in when the ratio v’ = o¢’/u’ is smaller

than » = o/pu, since by equation S.6 this implies a tighter

Cantelli bound.



Theorem 1 (Spectral margin—variance improvement). As-
sume ;1 > 0, ' > 0, 0% > 0, and that i/ and o'? are defined
as above. Then the post-reduction ratio v’ is smaller than
the original ratio r, v’ < r, if and only if

2 2
Ac? > 2%AM - %(AN)Q. (S.15)

Moreover, when |Ap| < p, the first-order sufficient condi-
tion

2
Ac? > 2 % Ap (S.16)

guarantees ' < r and hence a strictly improved Cantelli

bound.

Proof. Since x > 0 and p/ > 0 we have r,7’ > 0,
so 7 < r is equivalent to "2 < r2  The condition
r'? < r? is equivalent to (": :AA:; < Z—z Multiplying both
sides by the positive denominators and rearranging gives
Ao?p? — 202 Ap + o?(Ap)? > 0, which after dividing
by p? yields equation S.15. Expanding the right-hand side
of equation S.15 to first order in A/ gives the sufficient
condition equation S.16. (]

A.S. Interpretation and Scope

Equation S.15, together with the bandwise decompositions
of Au and Ac?, provides a spectral lens for compar-
ing reduction strategies. The term Ac? = >, wi(l —
Hp(k)?) o} captures the variance savings, while Ay =
> n wi(1—Hp(k)) i quantifies the corresponding margin
cost. Achieving a tighter decision bound (' < r) requires
maximizing the former while keeping the latter small.

Standard token-merging approaches (e.g., ToMe [2]) can
be interpreted, in our stylized spectral model, as perform-
ing spatial averaging: they tend to smooth fine-scale struc-
ture and thus resemble a low-pass filter with an effective
response Hp (k) < 1 for high-frequency bands k. Because
edges, textures, and other fine-scale structures often yield
large p (i.e., high-frequency bands are margin-rich for
recognition), indiscriminate merging induces a substantial
margin loss Ay. If this loss exceeds the allowable threshold
in Theorem 1, the classifier’s performance degrades despite
any reduction in variance.

In contrast, the proposed BiGain is designed to favor this
trade-off. Laplacian gating identifies regions where high-
frequency content is relatively small, which in our spectral
model corresponds to bands with small yj. In regions con-
taining significant high-frequency structure (large px), Bi-
Gain suppresses merging, corresponding to an effective re-
sponse Hp(k) =~ 1 and hence Ay ~ 0 on margin-critical
bands in our spectral model. This frequency-aware selec-
tion biases the shrinkage profile towards satisfying equa-
tion S.15, which is consistent with our observation that B1-

GAIN preserves discriminative utility far better than spec-
trally agnostic merging schemes.

B. Implementation Details

B.1. Datasets and Evaluation Protocols
B.1.1. Dataset Details

We evaluate on four widely-used benchmarks, summarized
in Table 1. Following [3], ImageNet-1K is sub-sampled
to 2,000 images for classification to reduce computational
cost, while the full validation set is retained for generation
experiments.

B.1.2. Diffusion Classifier Protocol

Diffusion-classifier. We follow the Diffusion Classifier
framework [3], which scores a candidate conditioning c by
the expected noise-prediction error B,  [[|e — €9 (¢, ¢, t)]|3]
and selects the minimizer. This method is training-free, re-
quiring no calibration or finetuning, and enables zero-shot
classification directly from pretrained diffusion models. To
enable evaluation on large label spaces, we use adaptive
evaluation with staged pruning (detailed in Algorithm C.1).
We adjust only TrialList and KeepList based on the
size of the candidate set.

For completeness, we also evaluated velocity-
prediction flow-matching models (FLUX [1]). Using
the FlowMatchEulerDiscreteScheduler to con-
struct affine mappings for recovering éyp and zy within
DDIM, the released FLUX.1-dev checkpoint performed
only marginally better than random guessing under the
diffusion-classifier protocol. To avoid adapter-specific
confounds and ensure a fair comparison, we restrict all
evaluations to standard noise-prediction models.

B.2. Multi-Label Classification Metric

We evaluate performance using mean Average Precision
(mAP) for multi-label image classification, computed from
a ranked list of labels for each image.

Given an image « with ground-truth label set ) C C, the
diffusion classifier assigns each label ¢ € C an estimated
classification error

s
ﬁ(m,c) = %Zé(m,c; ts,€s), (S.17)
s=1

where {(x,c;ts,€;) and the shared Monte Carlo set
{(ts,€5)}5_; are defined in Sec. 3.1.1 of the main paper.
Lower values of L(z, ¢) indicate higher confidence that la-
bel c is present.

All labels are ranked in ascending order of L(z, ¢).

Average Precision per image. Let {c1,co,...} denote
the ranked label list. The Average Precision for image x



Table 1. Dataset statistics with official splits used in our experiments.

Dataset Classes  Split  # Images (Cls.) # Images (Gen.)
ImageNet-100 [12] 100 Val. 5,000 5,000
ImageNet-1K [9] 1,000  Val. 2,000 50,000
Oxford-IIIT Pets [5] 37 Test 3,669 3,669
COCO-2017 [4] 80 Val. 5,000 5,000

Table 2. Adaptive diffusion-classifier parameters per dataset. Nyages is the number of pruning stages; TrialList is the cumulative
number of Monte Carlo trials per candidate by stage; KeepList is the number of candidates retained after each stage.

Dataset Nitages
ImageNet-100 2
COCO-2017

2
Oxford-IIIT Pets 2
ImageNet-1K 3

TriallList KeepList
[5, 20] [5, 1]
[5, 20] [5, 1]
[5, 20] [5, 1]

[5, 20, 100] [50, 10, 1]

is defined as

1 |yﬂ{c,...,ck}|
AP(J?):W Z lk )

k:ck€Y

(S.18)

where the sum runs over ranks at which a ground-truth label
appears.

Mean Average Precision. The final mAP is obtained by
averaging AP (z) over all test images.

B.3. Model Configurations
B.3.1. Prompt Templates

For the classification task, following [3], we use ‘‘a
photo of a {class}’’ for ImageNet and COCO
datasets, and ‘‘a photo of a {class}, a type
of pet’’ for Oxford-IIIT Pets.

For generation, we use the same templates except for
COCO-2017, where we use the official validation captions.

B.3.2. Generation Setup

We standardize generation across both backbones. For
Stable Diffusion 2.0 (UNet) [8], we use the EulerDis-
creteScheduler with a scaled-linear beta schedule (beta_start
0.00085, beta_end 0.012, 1,000 training steps, epsilon pre-
diction). For DiT-XL/2-512 [7], we use the DDIMSched-
uler with a linear beta schedule (beta_start 0.0001, beta_end
0.02, 1,000 training steps, epsilon prediction). In both
cases, we sample for 50 steps at 512x512 resolution. We
apply classifier-free guidance with a scale of 7.5 for Sta-
ble Diffusion 2.0 and 4.0 for DiT-XL/2-512. Unless oth-
erwise stated, all experiments are conducted in FP16 pre-
cision. For evaluation, FID scores are computed using the
pytorch-fid implementation [10].

B.4. Token Compression

B.4.1. Compression Settings

Guided by the ablation in Table 6, we apply compression
exclusively to self-attention (SA) and leave cross-attention
(CA) and MLP blocks intact to preserve prompt adher-
ence. For merging-based operators, merging is performed
inside each SA block and an explicit unmerge restores the
original sequence length before the residual addition, en-
suring dense outputs for downstream modules. For KV-
downsampling operators, only keys and values are subsam-
pled while queries remain full-length, removing the need
for unmerge.

Stable Diffusion 2.0 (U-Net). We insert compression ex-
clusively at the highest-resolution encoder layers, where the
spatial token count, and thus attention cost is maximal. This
targets the primary bottleneck while maintaining quality.
Diffusion Transformer (DiT-XL/2). To assess general-
ity beyond U-Net architectures, we port the same opera-
tors to DiT-XL/2. Specifically, token compression is ap-
plied within the first 12 transformer blocks, comparing
early (blocks 1-6) versus mid-early (blocks 7-12) reduc-
tion, while leaving later blocks, where class conditioning
and fine structural details consolidate unchanged.

B.4.2. Baseline Implementation

For all token compression baselines, we use the official im-
plementations and default parameters released by the au-
thors, and run them under a common experimental protocol
(see Sec. B.1.2 and Sec. B.3.2) to ensure fair comparison
and avoid unintentional re-tuning. The only modification
we introduce is to vary the token reduction ratio, so that
each method can be fairly evaluated under different levels
of compression.

B.5. Efficiency Evaluation

To measure the acceleration effect of our token reduc-
tion methods, we evaluate on the official Stable Dif-



fusion 2.0 implementation released by Stability AI [8].
All experiments are conducted on a single NVIDIA
RTX 4090 GPU in half-precision (float16). We report
wall-clock sampling time per image batch excluding the
VAE encoding/decoding overhead, since our methods tar-
get the denoising backbone rather than the autoencoder.
FLOPs are measured using FlopCounterMode from
torch.utils.flop_counter [6]. The corresponding
runtime and efficiency results are summarized in Table 3,
which demonstrates the advantage of our method.

C. Algorithm
C.1. Adaptive Diffusion Classifier

Naive diffusion classification requires evaluating all can-
didate classes, and thus its cost grows linearly with the
number of classes. To mitigate this, we adopt the adap-
tive evaluation strategy introduced in the diffusion-classifier
framework [3]. At each stage, we allocate a fixed bud-
get of trials across the remaining classes, discard unlikely
candidates based on their average error, and retain only
the most promising ones. This progressive pruning con-
centrates computation on high-confidence classes, enabling
more fine-grained Monte Carlo error estimation. The pro-
cedure is summarized in Algorithm 1.

Algorithm 1 Diffusion Classifier (Adaptive) [3]

Require: test image x, conditioning inputs C = {c;}I"
(e.g., text embeddings or class indices), number of
stages Nyiages, list KeepList of number of c; to keep
after each stage, list TrialList of number of trials
done by each stage

1: Initialize Errors|c;] = list() for each ¢;

2: Initialize PrevTrials = 0 > How many times we’ve
tried each remaining element of C so far

3: for stage i = 1, ..., Nyges do

4: for trial j = 1,...,Triallist[i] —
PrevTrials do

5 Sample ¢ ~ [1,1000]

6: Sample € ~ N (0,1)

7: x¢ = Vax + /1 — e

8:

9

for conditioning c; € C do
: Errors|cy).append(||€ — €g(x, ¢k, 1)]|?)
10 end for
11: end for
12: C <+ argmin
SCC;
|S|=KeepList[i]

Keep top KeepList[i] conditionings

> e,cs mean(Errorsfeg]) >

13: PrevIrials = TrialList[i]

14: end for

15: return arg minmean(Errorsjc;|)
c;,eC

C.2. Frequency-Aware Token Scoring

Spectral structure of latent features is important for both
discriminative and generative ability. High-frequency to-
kens encode the information of edges, textures, and small
objects, especially at the late denoise stage, which are in-
dispensable for recognition. However, high-frequency to-
kens can also amplify the variance in the diffusion classifier
since predictions are aggregated over Monte Carlo draws
of timesteps and noise; excess high-frequency tokens in-
flate the per-timestep estimation variance. Moreover, differ-
ent timesteps emphasize different bands, early denoising fo-
cuses on low frequencies (global structure) while later steps
emphasize high frequencies (fine detail). Therefore, the
compression schedule should be spectrally balanced and
temporally consistent to avoid injecting avoidable variance
across timesteps. The necessity of preserving a balanced
spectrum is confirmed empirically in Table 4, where dis-
carding either high- or low-frequency tokens severely harms
classification.

Our BiGainyy design follows this principle. Since to-
ken merging resembles a local low-pass filter, we encourage
merging only in small, spectrally smooth neighborhoods,
where low-frequency information can be safely aggregated,
while protecting detail-rich tokens that anchor class-critical
microstructures. This balanced policy removes redundancy
without sacrificing classification accuracy or generation fi-
delity. Practically, we introduce a set of fast, training-free
scoring heuristics to decide which tokens to preserve (high
detail) and which to merge (smooth/redundant), and we ap-
ply them consistently across timesteps so that each per-
timestep classifier score remains reliable and contributes co-
herently to the Monte Carlo ensemble.

Notation. Let X € R7*WxC denote the hidden feature
tensor (height H, width W, channels C'). For spatial index
(4,7), the token (channel vector) is @; ; :== X, ;. € RC.
The global mean token is p = 7w Zle ZZL Tp.q-
For a 3x3 spatial kernel L, (X % L); ;. denotes 2-D
convolution at (%,j) on channel c¢. Let Ny(i,5) be the
(in-bounds) 4-neighborhood of (i, 7) (up/down/left/right).
The DFT of x; ; at channel-frequency bin k is &; ; =
S (@) e 2 (e DED/C for ke {1,...,C}. We
write || - ||,, for the vector ¢, norm, || - || = || - ||2, and (a, b)
for the Euclidean inner product. We compute a scalar score
F; ; € R per token, where larger values indicate detail-
rich tokens and smaller values indicate smooth/redundant
tokens. We list all functions of different metrics in Table 5.

For all heuristics except cosine-based ones, larger F; ;
indicates stronger local variation and thus high-frequency
detail. In contrast, for cosine similarity scores, smaller val-
ues correspond to tokens that deviate more from their neigh-
bors or the global mean, and are therefore detail-rich.



Table 3. Stable Diffusion 2.0 efficiency (batch size 4). Wall-clock sampling time per batch (seconds) excluding VAE encode/decode. All

rows use merge ratio r = 0.7.

Method Time | (s/batch) Acceleration T (%) FLOPs | (G)
Baseline (No Accel.) 11.98 - 804.26
SiTo [13] 8.71 27.30 748.49
ToMe [2] 7.37 38.48 704.87
Laplacian Gated Merge (Ours) 7.37 38.48 704.99
Cached Assignment Merge (Ours) 7.29 39.15 698.88
Adaptive Block Merging (Ours) 7.27 39.32 695.08

Table 4. Classification results on frequency-based KV selection on ImageNet-100. We compare the standard TODO strategy with
frequency-aware variants that select tokens with the highest or lowest Laplacian scores globally. Retaining only high- or low-frequency
tokens severely degrades classification performance, highlighting the need to preserve a balanced spectrum.

Downsampling strategy

Acc@11 KV token sparsity

Todo (Nearest-Neighbor) [11]

Low-frequency tokens (lowest-laplacian)
High-frequency tokens (Highest-laplacian)

72.30 75%
45.58 75%
26.56 75%

C.3. BiGainTM

Algorithm 2 presents our frequency-aware token merging
method. The core innovation lies in using spectral informa-
tion to guide merge decisions, ensuring that token reduction
preserves both generative fidelity and discriminative utility.
The algorithm first applies a frequency scorer F (default:
Laplacian filtering C.2) to identify local frequency con-
tent in the spatial feature map. Tokens with low frequency
scores indicate smooth, homogeneous regions amenable to
merging, while high scores correspond to edges, textures,
and fine details critical for classification.

The destination selection step partitions the spatial lay-
out into regular grids and identifies the lowest-frequency
token within each grid as a merge destination. This strat-
egy ensures spatial coverage while directing merging to-
ward spectrally smooth regions. The remaining tokens form
a source set, which is then assigned to destinations via bi-
partite matching based on cosine similarity. By selecting
the top-r fraction of most similar pairs, the method pre-
serves semantic coherence while respecting the frequency-
based partitioning. After merging and processing through
attention layers, an unmerge operation restores the original
sequence length for architectural compatibility.

Algorithm 3 presents Adaptive Block Merge (ABM),
a computationally efficient variant designed for high-
resolution stages where token count is maximal. Rather
than per-token assignment, ABM operates at block gran-
ularity. After computing frequency scores, the feature map
is partitioned into blocks, and blocks are ranked by their
frequency content. The lowest-scoring fraction r of blocks
are identified as smooth regions and merged via averag-
ing, while high-frequency blocks remain intact. This block-

Algorithm 2 BiGaingy: Frequency-Aware Token Merging

Require: Tokens X € RV*9 merge ratio r, grid size s,
frequency scorer F
1: function BIGAINMERGE(X, 7, s, F)

2: f < F(X) b Score tokens by frequency content

3: D < SelectDestinations( f, s) > Lowest frequency
per grid

4: S+ {1,...,N}\D > Remaining tokens as
sources

5: M < BipartiteMatch(Xs, Xp, ) >

Similarity-based assignment
6: X mereed ¢ Merge( X, M)
tokens
7: Z + Process( X ™mereed)
8: return Unmerge(Z, M)
9: end function

> Combine assigned

> Apply attention
> Restore dimensions

level decision reduces computational complexity of bipar-
tite matching, providing speedup with little accuracy degra-
dation as demonstrated in our Table 7.

Cd4. BiGainTD

Algorithm 4 presents our Interpolate-Extrapolate KV-
Downsampling method, which reduces attention complex-
ity by downsampling keys and values while preserving
queries at full resolution. This asymmetric approach main-
tains the model’s ability to attend precisely to all spatial po-
sitions while reducing memory and computation. The key
innovation is the controllable linear combination of nearest-
neighbor and average pooling, allowing fine-grained control
over the frequency-preservation trade-off.

Here we use the same interpolate-extrapolate operator



Table 5. Formulas of different metrics.

Metric Name Formula
Global mean deviation F;=zi; — pl
¢; norm Fij = [zl
{5 norm Fij =zl
2
Channel variance Fij=435, ((93”),; - & 2321(:1:1',]-)01)
0 1 0
Laplacian (¢1) Fj=% 25:1 (X *L)ijc, L=|1 -4 1
0 1 0
Laplacian ({2) F, ;= \/% 25:1 (X = L)i’j,c)2
S pld, s
DFT spectral centroid F, ;= %
=11%i,jk
DFT total amplitude F, ;= Zle | ).k
Cosine similarity to neighbors F ;= 7|N4(1i,j)| Z(p,q)ENAL(iJ) HSJT\IIB;:zH
Cosine similarity to global mean Fj ; = m

Algorithm 3 Adaptive Block Merge (ABM): Fast BiGaingy
Variant

Require: Tokens X € RNV*d plock size b, merge ratio
r € [0, 1], scorer F
1: function ADAPTIVEBLOCKMERGE(X, b, r, F)

Algorithm 4 BiGaingp:
Downsampling (IE-KVD)

Interpolate-Extrapolate KV-

Require: Tokens X € RN*? downsample factor s,
interpolation-extrapolation factor &« € R

1: function BIGAINDOWNSAMPLE(X, s, )
2: F < F(X) > Compute frequency scores 2 Q+— XWy > Queries at full resolution
3: B «+ BlockPartition(X,b) > Partition into b x b 3 K« XWg, V « XWy > Keys and values
blocks 4: Ig <+ Interpolate/ExtrapolateDownsample( K, s, «v)
4: Bimoon ¢ SelectLowestFreq(B, f,7) > Select 5: V' « Interpolate/ExtrapolateDownsample(V', s, «)
lowest 7 fraction blocks 6 Z <+ Attention(Q, K, f/)
5: Xmereed « MergeBlocks(X, Banoon) > Average 7 return Z &> Output remains at full resolution
selected blocks 8: end function

6: Z < Process(X mereed) > Apply attention
return RestoreBlocks(Z, Bsmooth) > Restore
dimensions

8: end function

D, s as defined in Eq. 8 of the main paper. This oper-
ator blends nearest-neighbor sampling (preserving detail)
with average pooling (smoothing), controlled by the pa-
rameter « € R. Keys and values are downsampled as
K = D, 4(K)and V = D, ,(V), while queries remain
full resolution.

C.5. Additional Ablations and Results

We provide four targeted supplementary studies to further
clarify the robustness and scope of our results: (i) robust-
ness to the ImageNet-1K evaluation subset size, (ii) sensi-
tivity of IE-KVD to « and its timestep schedule, (iii) com-
patibility between the merging and downsampling modules,
and (iv) actual wall-clock speedups. Throughout this sub-
section, BiGainty refers to the merging module (L-GTM),

while BiGainyp refers to the KV-downsampling module
(IE-KVD). Unless otherwise stated, we follow the same
evaluation protocol as in the main paper. For SD-2.0, we
report diffusion-classifier Top-1 accuracy (Acc@1, %) and
generation quality (FID). For merging-based methods, the
merge ratio is denoted by r; for downsampling-based meth-
ods, the downsampling factor is denoted by s. For IE-
KVD, « controls interpolation/extrapolation in KV down-
sampling; for generation we also consider linear schedules
(Qstart — Qtena). Wall-clock times are measured on a single
RTX 4090 with FP16 and batch size 4 over 50 denoising
steps, we report the U-Net step time averaged over 50 runs
(VAE excluded).

Robustness to evaluation subset size. Table 6 addresses
the concern that the ImageNet-1K classification results in
the main paper are evaluated on a 2K subset for efficiency.
We therefore expand the evaluation to 10K images in Ta-
ble 6 and find that the relative ranking of methods remains



Table 6. ImageNet-1K subset robustness. Diffusion-classifier accuracy on 2K and 10K subsets with 95% Wilson confidence intervals.

Method No accel. ToMe (70%)  BiGainm (70%) ToDo (2x) BiGainp (2x)
Acc. (n=2000) (%) 1 57.05+2.17 37.35+2.13 44.50 £ 2.19 55.75 +£2.17  56.30 £ 2.17
Acc. (n=10000) (%) + 57.92+0.97 39.8540.96 45.25 £0.98 56.50 £0.97  57.59 £0.97

Table 7. IE-KVD « sensitivity. SD-2.0 / Oxford-IIIT Pets diffusion classification accuracy (Acc., %).

o 0.0 0.5

Acc. (s=2) (%) 1 77.02  78.74
Acc. (s=4) (%) 1 7126 75.63

79.97 81.52 81.30 64.27
77.48 78.03 7746  45.46

Table 8. IE-KVD schedule ablation. SD-2.0 / Oxford-IIIT Pets
generation quality (FID J) under different linear schedules.

Linear schedule (g — ena)  FID |

ToDo 33.52
IE-KVD: 0.2—0.8 35.56
IE-KVD: 0.5—1.0 33.95
IE-KVD: 0.7—1.0 33.89
IE-KVD: 0.8 —+1.2 32.19
IE-KVD: 0.0—1.2 32.54

unchanged, leading to the same qualitative conclusion. This
indicates that the main findings are robust and not an artifact
of the smaller subset.

Sensitivity of IE-KVD hyperparameters. Tables 7 and 8
examine the two main IE-KVD design choices: the
interpolation—extrapolation parameter a and its timestep
schedule. Accuracy is strongest around o € [0.8,1.0],
showing that the default choice v = 0.9 is not fragile, while
overly aggressive extrapolation (o« = 1.2) degrades perfor-
mance. For generation, FID varies only modestly across
linear schedules, suggesting that IE-KVD is reasonably ro-
bust to the exact schedule.

Joint use of merging and downsampling. Table 9 stud-
ies two hybrid placements: L-GTM in the encoder with IE-
KVD in the decoder, and the reverse. Both combinations
remain stable for classification and generation, but neither
exceeds the best single-module setting. This suggests that
the two operators are compatible, although their gains are
not simply additive.

Measured runtime. Finally, Table 10 reports actual U-
Net step time in addition to FLOPs. This complements Ta-
ble 3, which focuses on merging-based batch-time measure-
ments, by providing a unified runtime comparison that also
includes downsampling and hybrid settings. The empiri-
cal speedups follow the same trend as the FLOP reductions,
confirming that the proposed operators translate into real

inference-time gains.

Table 9. Joint use of L-GTM and IE-KVD. SD-2.0 / Oxford-IIIT
Pets with r=0.7, s=2, «=0.9.

Method Acc@1 1 (%) FID|
No accel. 81.03 35.01
ToMe 65.76 38.35
ToDo 81.30 33.52
BiGainv 74.63 37.73
BiGaintp 81.52 32.19
L-GTM(enc) + IE-KVD(dec) 79.53 34.84
IE-KVD(enc) + L-GTM(dec) 79.23 36.90

Table 10. Wall-clock UNet step time. SD-2.0 on RTX 4090
(FP16, batch=4, 50 steps; averaged over 50 runs; VAE excluded).

Method Time | (ms/step) Speedup 1 (x) FLOPs | (G)
No accel. 235.65 1.00 804.26
ToMe 144.31 1.63 704.87
ToDo 145.50 1.62 717.44
BiGainrtm 142.88 1.65 704.99
BiGainmp 150.30 1.57 717.44
L-GTM(enc) + IE-KVD(dec) 147.43 1.60 716.23
IE-KVD(enc) + L-GTM(dec) 146.39 1.61 712.49

D. Use of Large Language Models

We used an LLM to help solely polish the writing of the
paper, while all ideas and experiments are conceived and
carried out entirely by the authors.
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