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A. GPU Hardware and Kernel Execution for
2D Linear Propagation

Modern GPUs, such as NVIDIA’s A100, enable high par-
allelism through a hierarchical execution model involving
grids, thread blocks, and warps. A kernel—a compiled
function for GPU execution—is launched as a grid of thread
blocks, where each block contains up to 1024 threads or-
ganized into 32-thread warps, the basic scheduling unit on
streaming multiprocessors (SMs; 108 on A100). Warps ex-
ecute in a single-instruction, multiple-thread (SIMT) man-
ner, maximizing throughput when occupancy—the propor-
tion of active warps per SM—is high, balanced against con-
straints like register usage (up to 65,536 per SM) and shared
memory (up to 164 KB per SM).

In sequence modeling architectures like 2D linear propa-
gation [23, 34], input tensors of shape BxC' x H x W (batch
size B, channels C, height H, width W) are processed via
a line-scan propagation scheme. This involves sequential
row or column updates with parallel computations within
each step. The CUDA implementation maps spatial dimen-
sions (H x W) to threads, while B and C' define indepen-
dent slices for concurrent processing. In the kernel, a 1D
block configuration might allocate blockDim.x to a fixed
number of threads (e.g., 512), with the grid size scaled by
BxC x H (or BxC xW) to distribute the workload across
SMs. Each thread handles a pixel along the parallel spatial
axis, launching a separate kernel per propagation step (e.g.,
per row or column), which results in thousands of micro-
launches. This design, however, faces scalability challenges
with large B x C. GPUs have finite concurrency limits, con-
strained by the number of SMs and per-SM block capacity
(32 blocks). When B x C' exceeds these limits, excess slices
are processed sequentially, causing runtime spikes despite
the theoretical parallelism.

B. Implementation Details

B.1. Pretraining

Before initiating end-to-end distillation, we conduct a
lightweight pretraining stage designed to stabilize optimiza-
tion and provide a strong initialization. Specifically, we
train on 5M image-text pairs sampled from the DataComp
benchmark [14], which balances diversity and scale. We
adopt the AdamW optimizer [26] with a learning rate of
4 x 1075, a global batch size of 1024, and 300 warmup
steps. The schedule follows linear decay, gradually anneal-
ing the learning rate to zero. This setup encourages early
convergence without overfitting, and the pretrained weights
serve as a robust initialization for subsequent supervised
distillation. Our empirical analysis shows that omitting this
step leads to unstable training in the early epochs and con-
sistently lower downstream performance.
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Figure 6. High-resolution encoder distillation: a frozen low-resolution
teacher supervises a higher-resolution student via upsampled features at
two taps (post-propagation and post-block), with feature interpolation
bridging resolutions and applied progressively in a resolution curriculum.
See Sec. 4.3 in the main paper for details.

B.2. End-to-End Distillation Training

For full-scale training, we distill C-GSPN on 600M curated
image—text pairs from DataComp. The student model is op-
timized to align with its teacher (OpenCLIP SO/14) through
staged supervision, as outlined in Section 4.2. We adopt a
sparse distillation strategy, where we only distill every ninth
block of the teacher model. We again use AdamW with
a higher learning rate of 4 x 10~%, a global batch size of
8192, and a cosine decay learning-rate schedule with 10 000
warmup steps. This configuration provides both the stability
required for large-batch training and the flexibility to adapt
across the different supervision stages.

B.3. Loss Composition and Balancing

The total distillation loss combines the two supervision taps
per block—post-propagation (PP) and post-block (PB):

L =a«aLpp+ B Lpg, (14)
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Figure 7. Two-stage distillation for scaling C-GSPN. Stage 1: Sublayer-wise pretraining aligns each C-GSPN propagation sublayer to the teacher’s
attention sublayer. Stage 2: End-to-end distillation applies dual taps—post-propagation (PP) and post-block (PB)—with lightweight feature adaptors to

reduce feature-space mismatch.

with

Lep = MSE(Vip, Vpp) + M1 KL(P(Vip) | P(Vep)), (15)
Lpp = MSE(Viss, Vi) + A2 KUP (Vi) || P(Vis))-

Here, VPSP/ " and Vpslft denote student/teacher features at the
PP and PB taps, and P(-) is the token-wise softmax distri-
bution. We set « = 3 = 0.5 to balance PP and PB supervi-
sion, ensuring that the propagation sublayer is directly con-
strained without being overshadowed by block-level match-
ing. The divergence weights A\; = Ay = 7/3 provide a
balance between feature-level alignment (MSE) and distri-
butional matching (KL). To reduce feature-space mismatch,
a lightweight 2-layer MLP adaptor is inserted before each
tap (Sec. 4.2).

Dataset 378-teacher 378-multires 448-multires  518-multires

ADE20K 46.0 45.8 45.8 459

Table 4. Multi-resolution distillation on ADE20K (mloU). A sin-
gle student trained to support multiple input resolutions matches
the single-resolution baseline.

B.4. Stability Practices

Layer-wise pretraining (Stage 1) provides consistent signals
to each sublayer before end-to-end optimization (Stage 2).
In ablations, removing either the adaptors or Stage 1 de-
grades stability and final accuracy.

B.5. Replacement of 1/9 GSPN Blocks by Attention
Blocks

For the hybrid configuration studied in Sec. 5.4, we start
from the 27-block GSPN backbone and evenly interleave at-
tention blocks through depth. Concretely, we replace every
ninth GSPN block with a standard multi-head self-attention
block that uses the same embedding dimension and MLP
as the surrounding GSPN blocks, yielding a 3/27 ~ 1/9
attention ratio. This keeps the overall depth and parameter-
ization comparable while injecting sparse pairwise mixing
at regular intervals, and is the variant reported as the “1/9-
attention hybrid” in our overhead and cost—quality trade-off
analysis.

C. More Experimental Results

We evaluate multi-resolution distillation by training a sin-
gle C-GSPN model that operates across multiple input res-
olutions without special positional embeddings. A low-
resolution teacher supervises a multi-resolution student dur-
ing distillation. As shown in Table 4, the student main-
tains comparable performance across 378, 448, and 518 res-
olutions, indicating that our approach transfers effectively
across scales.

C.1. More Latency and Throughput Analysis

To complement the system-efficiency results in Sec. 5.1 of
the main paper, we provide a detailed breakdown of how C-
GSPN compares to attention, FlashAttention, and the origi-
nal GSPN across more resolutions. Table 5 reports end-to-
end throughput (images/second) at batch size 32 for three
input resolutions, together with multiplicative gaps relative



Model Throughput (img/s)

518 1554 2590
Method img/s X img/s X img/s X
Attention 4942 228x OOM OOM OOM OOM
FlashAttention 104.06 1.08x 478 258x 0.78 5.32x
GSPN 2553 442x OOM OOM OOM OOM

C-GSPN (ours) 11291 1x 12.35 1x 4.15 1x

Table 5. Model throughput comparison. Throughput (img/s) at batch size 32 across three resolutions. Shaded columns report multiplicative gap vs ours
(X higher is worse). C-GSPN maintains practical throughput at all resolutions while competing methods either run out of memory (OOM) or suffer severe
throughput degradation.

Sublayer Layer Block
518 1554 2590 518 1554 2590 518 1554 2590

Method ms X ms 3 ms X ms X ms X ms X ms X ms X ms 3
image-resolution 518 1554 2590 518 1554 2590 518 1554 2590

Attention 14905 169.38x  OOM OOM OOM OOM 17919 4.06x OOM  OOM OOM OOM 22900 244x OOM  OOM OOM OOM
FlashAttention 2344 26.64x  164.696 550.82x  1259.135 1949.28x  5.160 1.17x 190.124 5.07x 1336.021 11.70x 10.141 1.08x 235372 2.85x 1466.011 6.00x
GSPN 3415  38.81x OOM OOM OOM OOM 30.391 6.89x OOM  OOM OOM OOM 35372 377x OOM  OOM OOM OOM
C-GSPN (ours)  0.088 1x 0.299 1x 0.646 1x 4413 1x 37472 1x 114.170 1x 9.394 1x 82.720 1x 244.160 1x

Table 6. Latency breakdown across architectural levels. Sublayer: core 2D propagation unit vs. attention sublayer latency (ms). Layer: full layer
including all components. Block: complete transformer block latency (ms). Measurements at batch size 32. Shaded columns report multiplicative gap
vs ours (x; higher is worse). C-GSPN’s propagation sublayer achieves up to 1949 speedup over FlashAttention at resolution 2590 and 6x speedup on
end-to-end block latency, enabling practical high-resolution inference.

VQA tasks Seed-Img VizWiz MMMU
OpenCLIP+Qwen2.5-3B 72.9 55.5 24.4
C-GSPN+Qwen2.5-3B 72.1 55.8 24.2

to C-GSPN. Table 6 further decomposes latency into sub-
layer, layer, and full-block timings, revealing that the prop-
agation sublayer remains stable while attention-based base-
lines quickly become memory- or latency-bound at high
resolutions. These results highlight that C-GSPN deliv-
ers competitive or superior throughput even when attention
baselines are able to run, and maintains practical latency up
to 2.6K resolution where many attention configurations are
out-of-memory.
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