
DA-VAE: Plug-in Latent Compression for Diffusion via Detail Alignment —
Supplementary Material

This supplementary material provides implementation details and additional analyses. In particular, it
• Sec. S1 summarizes the training and sampling hyperparameters used in all experiments;
• Sec. S2 describes how to instantiate DA-VAE on top of a pretrained VAE tokenizer, using SD3-VAE as a concrete example;
• Sec. S3 and Sec. S4 verify that the decoder and the diffusion backbone actually make use of the extra detail latent channels,

rather than ignoring them;
• Sec. S5 provides a detailed comparison of DA-VAE against super-resolution post-processing baselines;
• Sec. S6 presents a frequency-domain analysis of the base and detail latents;
• Sec. S7 presents additional qualitative results for DA-VAE enhanced Stable Diffusion 3.5 Medium.

S1. Training and sampling hyperparameters
Tab. S1 lists the optimization and sampling configurations used in all our experiments.

For ImageNet class-to-image experiments with LightningDiT-XL, we largely follow the training recipe of Yao et al. [4],
adjusting only the learning rate, batch size, and loss weights to accommodate our higher-compression DA-VAE latent
space. DA-VAE is trained with AdamW and a relatively small KL weight, while λalign is set to a moderate value to
balance reconstruction and generation quality. For SD3.5-M, we use a smaller batch size and slightly different loss weights
(λL, λ1, λadv, λKL, λalign) to stabilize high-resolution reconstruction. During DiT fine-tuning, the gradual loss scheduling
down-weights the detail-latent loss for the first Nwarm steps (10k for LightningDiT-XL; 5k for SD3.5-M), after which it is
ramped up to full weight. We maintain an EMA of the DiT parameters with decay 0.999 throughout. For sampling, we use
250 diffusion steps with CFG scale 4.0 on ImageNet and 30 steps with guidance scale 2.5 for SD3.5-M.

Stage Hyper-parameter lightningDiT-XL [4], Class-to-image SD3.5-M [3], Text-to-image

DA-VAE Training

learning rate 1e-4 1e-4
batch size 128 16

training steps 100K 10K
optimizer AdamW, betas=[0.5, 0.9] AdamW, betas=[0.9, 0.999]

loss weights (λL, λ1, λadv, λKL, λalign) (1.0, 1.0, 0.1, 1e-6, 0.5) (1.0, 2.0, 0.1, 1e-7, 1.0)

DiT Fine-Tuning

learning rate 2e-4 1e-4
Gradual loss scheduling steps 10K 5K

batch size 640 128
training steps 140K 10K

optimizer AdamW, betas=[0.9, 0.95] AdamW, betas=[0.9, 0.999]
EMA decay 0.999 0.999

Sampling for Generation

# sampling steps 250 30
CFG / guidance scale 4.0 2.5

CFG interval start 0.2 -
timestep shift 0.3 -

Table S1. Training and sampling hyperparameters for lightningDiT-XL and SD3.5-M.

S2. DA-VAE architecture
Fig. S1 illustrates how we turn a SD3-VAE into DA-VAE. We borrow the overall encoder and decoder backbone architectures
from SD3-VAE, but remove their original feature-to-latent and latent-to-feature heads and replace them with our own
downsampling and upsampling blocks. The resulting encoder Ef and decoder Df are therefore retrained as part of DA-VAE.

Concretely, the SD3-VAE encoder produces an intermediate feature map F ∈ R512×H×W . In the original SD3-VAE, a
shallow head directly maps F to a latent zsd3 ∈ R16×H×W . In our design, we discard this head and instead attach a small
downsampling module that further reduces the spatial resolution of F while keeping the channel dimension fixed (e.g., a stack
of strided 3× 3 conv blocks). This yields a more compressed detail latent zd ∈ R16×(H/s)×(W/s). We then concatenate zd
with the base latent z (the original SD3-VAE feature of the downsampled base image) to form the structured latent (z, zd)
used by our DiT.

The decoder side is modified symmetrically. Instead of feeding the original SD3-VAE latent zsd3 into a latent-to-feature
stem, we concatenate our base and detail latents along the channel dimension and apply a lightweight upsampling block (e.g.,



pixel shuffle) that inverts the encoder’s spatial downsampling. A 3× 3 convolution then maps the upsampled latent back to a
512×H ×W feature map, which is passed through the SD3-VAE decoder backbone Df for reconstruction.

In summary, DA-VAE keeps the deep convolutional backbone structure of SD3-VAE but replaces its shallow latent heads
with our own downsampling/upsampling design, enabling a higher-compression latent space with an explicit separation
between base and detail channels. All components, including the reused backbone blocks, are trained end-to-end under our
DA-VAE objective.
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Figure S1. DA-VAE architecture instantiated on SD3-VAE. We reuse the convolutional encoder Ef and decoder Df blocks from
SD3-VAE, but remove its original feature-to-latent and latent-to-feature heads. Instead, a lightweight downsampling module maps the
shared 512×H ×W feature map to a more compressed detail latent zd and a parallel base latent z of the same shape, while a symmetric
upsampling module concatenates (z, zd), upsamples them back to 512×H ×W , and feeds the result into the reused decoder backbone.
This yields a higher-compression latent space with explicit base and detail channels, while keeping most of the VAE architecture intact.

S3. Decoder sensitivity to the detail latent

Reconstruction (ImageNet val)

Decoder variant rFID ↓ PSNR ↑ LPIPS ↓ SSIM ↑

Full (base + detail) 0.47 28.53 0.12 0.78

Base + random detail 8.25 23.67 0.30 0.62

Base + zero detail 2.93 24.71 0.25 0.63

(a) Reconstruction metrics on the ImageNet validation set.
Original image Base + detail Base + zero detail Base + random detail

(b) Example reconstructions on ImageNet. Best for zoom-in view.

Figure S2. Ablation on detail channels in the DA-VAE decoder on ImageNet. (a) Reconstruction metrics for different decoder variants.
(b) Visual examples showing that randomizing or zeroing the detail latent either destroys the image or removes fine-grained details such as
faces and text. Please zoom in for best view.

We evaluate the sensitivity of the decoder to the detail latent on the ImageNet validation set. Starting from a trained
DA-VAE, we fix the base latent z and modify the detail latent zd in two ways: (i) we replace zd with i.i.d. Gaussian noise
N (0, I) (Base + random detail); and (ii) we set zd to zero (Base + zero detail). The quantitative reconstruction metrics are
summarized in Fig. S2a, and representative reconstructions are visualized in Fig. S2b.

Randomizing zd leads to clearly invalid reconstructions with high rFID, low PSNR, and severe artifacts such as distorted
faces and unreadable text, indicating that the decoder cannot simply ignore the detail channels. Zeroing zd produces structurally
plausible but over-smoothed images: edges become soft and fine textures disappear. In contrast, the full model using both z
and zd recovers both global structure and high-frequency details.

These observations confirm that the learned detail latent encodes semantically meaningful fine-grained information.
Consequently, during fine-tuning the DiT must also learn to generate zd correctly; otherwise the final high-resolution samples
would lack sharp details even if the base latent is well modeled.



S4. Training dynamics of SD3.5-M fine-tuning

Figure S3. Training loss curves for SD3.5-M fine-tuning with and without latent alignment. We plot the unweighted
diffusion loss on the base latent (blue) and the detail latent (green), showing both the raw loss (faint) and its EMA (solid). Left:
without alignment, the detail-latent loss decreases slowly and stays significantly higher than the base-latent loss. Right: with
alignment, optimization is more stable and the detail-latent loss eventually falls below the base-latent loss, indicating that the
DiT has learned a well-structured distribution over the extra detail channels.

Fig. S3 visualizes the optimization behaviour when fine-tuning SD3.5-M from 512 × 512 to 1024 × 1024 resolution with
our DA-VAE. We plot the unweighted diffusion loss on the base latent and on the detail latent, i.e., the true per-token MSE
before applying the scheduling weight w(n) described in the main paper. For each branch we show both the raw loss and its
exponential moving average (EMA).

Two trends are worth noting. First, the base-latent loss stays relatively low throughout training, while the detail-latent
loss starts much higher and gradually decreases—fine-tuning primarily teaches the model to predict the new detail channels,
leveraging the well-trained prior in the base latent. Second, comparing the two plots shows the effect of latent alignment:
without alignment the detail-latent loss plateaus at a high value, whereas with alignment it decreases steadily and eventually
falls below the base-latent loss, confirming that aligned latents form a more learnable distribution that the DiT can effectively
exploit.

S5. Comparison with Super-Resolution Post-Processing
A natural question is whether one could achieve similar results by first generating a low-resolution image and then applying a
learned super-resolution (SR) model. We argue that DA-VAE is superior in two key aspects.
Joint modeling vs. conditional upsampling. A two-stage SR pipeline factorizes the high-resolution distribution as P (xhigh) ≈
P (xlow)P (xhigh | xlow). Once the 512px model has sampled xlow, the global composition (e.g., layout, object counts) is largely
fixed; the SR model can only refine local appearance and cannot reliably correct missing objects or compositional errors. In
contrast, DA-VAE models the joint distribution P (xhigh) natively, yielding better structural fidelity and text alignment, as
reflected by the higher GenEval-Count and CLIP-Score in Tab. S2.
Inference latency. SR requires a cascaded second-stage inference pass, adding non-trivial latency (e.g., SeedVR2 roughly
doubles total inference time compared to the 512px baseline). DA-VAE generates high-resolution images in a single forward
pass, matching the throughput of the 512px baseline.
Tab. S2 summarizes quantitative results and Fig. S4 shows qualitative examples. In the counting example, 512px generation
produces an incorrect count that SR methods cannot fix, whereas DA-VAE generates the correct number of objects directly.
In the scene example, SR sharpens local textures but preserves a simplified layout, while DA-VAE produces richer global
structure.

Table S2. Comparison of DA-VAE with super-resolution post-processing baselines. All methods
use the same 512×512 SD3.5-M backbone. Throughput in img/s on a single H100.

Method FID↓ GenEval-Count↑ CLIP-Score↑ Throughput↑

512 + Bilinear 12.04 0.55 30.17 1.03
512 + SeedVR2 10.48 0.55 30.19 0.45
512 + FMBoost 11.02 0.55 30.16 0.52
DA-VAE (Ours) 10.91 0.60 31.91 1.03



“Two dogs are playing the ball"

“A vibrant garden scene potted yellow tulips and boxwood shrubs on a wooden table in front of a greenhouse"

512 + Bilinear 512 + SeedVR2 512 + FMBoost Ours

Figure S4. Qualitative comparison of DA-VAE vs. SR baselines. Top: a counting prompt where
512px generation gets the count wrong and SR cannot fix it. Bottom: a scene prompt where SR
only sharpens local textures while DA-VAE produces richer global structure.

S6. Frequency-Domain Analysis of Base and Detail Latents
To verify that the detail latent zd encodes genuinely complementary high-frequency information—rather than simply duplicat-
ing the base latent z—we compute the radial power spectrum of each latent channel and average across channels and images
from the ImageNet validation set.

Fig. S5 plots the resulting spectral energy as a function of spatial frequency. The base latent z concentrates energy at
low frequencies, consistent with its role in capturing global structure, while zd exhibits substantially higher energy in the
mid-to-high frequency bands, confirming that it captures fine textures and edges absent from z. This is consistent with
Sec. S3: zeroing zd produces over-smoothed reconstructions precisely because this high-frequency content is lost. Despite this
complementarity, the alignment loss prevents zd from collapsing into a trivial copy of z: the two latents differ in both spectral
content and spatial statistics, making them jointly necessary for full-resolution reconstruction.

Figure S5. Radial power spectrum of the base latent z and detail latent zd averaged over ImageNet
validation images. The detail latent carries substantially more high-frequency energy, confirming
that it encodes complementary fine-grained information rather than duplicating the base.

S7. Additional qualitative results
To further demonstrate the effectiveness of our method, Fig. S6 presents additional qualitative results of DA-VAE–enhanced
Stable Diffusion 3.5 Medium (SD3.5-M) for text-to-image generation. To improve realism, we further fine-tune SD3.5-M with
our model for 5K steps on 500K images generated by Flux [1] using prompts collected by [2].



“ Two dogs dressed in Halloween 
costumes stand on a porch with 

pumpkins and a scarecrow "

“ Oil painting kinkde disney, beautiful 
awad winning Arabian stallion in full 

costue with lots o tassels "

“ Dungeons and dragons, standing 
in a decayed forest, gray-white eyes,
holding a glowing blue druid focus "

“ Close-up of a brown dog with blue 
eyes, snow on its face, in a snowy 

backgrounds, realistic "

“ A wolf stands alert on a mossy 
rock,, with a backdrop of vibrant 

red berries and lush green foliage "

“ Knickerbocker glory, tall thin glass, 
icecream, raspberries, couli, 

blueberries, pistachio, icing sugar "

“ A colorful, lively image of a birthday 
cake, decorated with healthy ingredients 

such as fruits, nuts, and seeds "

“ Tree of life, 3d globe, metallic, epic, 
cinematic, nature "

“ A stack of fried green tomatoes topped 
with creamy jalapeño pimento cheese "

“ A photo hill with river on the bottom 
of the valley leave space next to the 

river with ancient biblical tents "

“ A highly detailed pencil drawing of a 
bearded man with a prominent 

mustache "

“ A person in black top hat with silver 
details and pocket watch, ornate 

black-and-white face paint "

“ Close-up Indian bride, ornate gold 
jewelry, red sari, realistic "

“ Oneeyed Beric Dondelion stayed to 
fight the White Walkers alone "

“ A close-up portrait of a person with 
voluminous, curly, light brown hair 

styled in loose waves "

“ A serene view of the Skadar River 
with the Kotor fortress walls in the 

foreground "

“ An outdoor scene featuring a white 
wooden chair with a blue and white 

vase holding yellow flowers on its seat "

“ A vibrant garden scene potted yellow 
tulips and boxwood shrubs on a wooden 

table in front of a greenhouse "

“ A picturesque canal scene with half-
timbered houses lining the waterway, 
vibrant flowers in hanging baskets "

“ Black-and-white rugged 
landscape, dead tree on rocky 

cliff above lake and mountains "

“ A crocheted hot air balloon with a 
unicorn in a basket, hanging against a 

plain wall with a tree branch "

“ Serene mountain landscape with 
Falls, water cascading over rocks, 

evergreen forest and distant peaks "

“ A fairytale castle with multiple towers 
and turrets, surrounded by water with 

rocks and a bridge leading to it "

“ Woman in bright blue suit serving 
green soup from a pitcher into jars at 

an event table with sunflowers "

“ Cozy window view of fjord and 
snowy mountain, red house, dark 
floral curtains, coffee pot on sill "

Figure S6. Genearated examples by our DA-VAE enhanced SD3.5-M. Please zoom in for best view.
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