GrowTAS: Progressive Expansion from Small to Large Subnets for
Efficient ViT Architecture Search
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Figure A. Comparison between (a) the ideal and (b) the actual
target weight regions for each subnet group .A;, based on the
AutoFormer-T configuration. While the ideal case assumes a clean
inclusion relationship between subnet groups based on increasing
embed dimensions, the actual case shows that differences in MLP
ratios can lead to overlapping or reversed inclusion relationships.

Detailed Definition of Subspace. To realize progressive
training across disjoint subnet groups, we must define a cri-
terion that enables a clear and consistent partitioning of the
search space. Among the tunable architectural attributes
such as embedding dimension, MLP ratio, number of atten-
tion heads, and depth, only the embedding dimension and
depth remain constant across all layers of a subnet. Other
attributes may vary layer-wise, which leads to ambiguity
when assigning subnets to a unique group. Since our fo-
cus lies in analyzing the interference between subnets from
a width-oriented perspective (for example, weight matrix
shape and reuse), we exclude depth from our group def-
inition. Therefore, we choose the embedding dimension
as the primary axis to construct disjoint subnet groups, as
it directly determines the width of projection matrices and
governs the layout of the shared weights. In AutoFormer’s
search space, each variant (T, S, and B) provides exactly
three discrete choices for the embedding dimension. This
implies that the maximum number of disjoint groups K pax
is inherently bounded by 3.

Why We Set K = 2. While embedding dimension serves
as a reliable basis for defining disjoint subnet groups, the
actual weight usage can be distorted by variations in the
MLP ratio. In particular, a subnet with a smaller embed-
ding dimension but a larger MLP ratio may consume more
parameters than a neighboring subnet with a larger embed-

ding dimension. Such inconsistencies break the intended
inclusion relationship across progressively growing subnet
groups, thereby weakening the weight transferability and
stability during training.

To formalize this, we define Q; as the subgroup of sub-
nets that share the same embedding dimension d;. Al-
though our main training space is progressively constructed
as A, = Uf;l Q;, this inclusion may not always translate
to a superset relationship in weight usage (i.e., W5 C Wy
fora € Q;, & € Q;y1). As shown in Fig. A, due to the
MLP ratio, a subnet in Q; can occupy a larger weight re-
gion than one in Q; 1, even when d; < d;11. This violates
the expected progressive structure and leads to training in-
stability.

To mitigate this issue, we expand each training stage to
include both the current group and its immediate neighbor.
For example, instead of training on Q; alone, we sample
from Q1 U Qs, and similarly for later stages. This modifica-
tion ensures that potentially overlapping regions are jointly
optimized and reduces weight under-training caused by iso-
lated updates. As a result, the number of training stages re-
duces from K = 3 (each based on a single group) to K = 2,
each encompassing two adjacent subgroups.

Empirically, we find that this setting with K = 2 yields
the most stable and efficient training outcome, as verified
in our ablation study. Note that the case of K = 1 corre-
sponds to the baseline AutoFormer training setup that sam-
ples uniformly from the entire search space. For example,
in the AutoFormer-T search space, the available embedding
dimensions are 192, 216, and 240. Based on our group-
ing strategy, we define subnet groups using the notation
{a | d(a) = d;}, where d(«) denotes the embedding di-
mension of subnet «. The two training stages are then con-
structed as follows:

A= U

de{192,216}

Ay = U

de{192,216,240}

{a]d(e) = d},

{a | d(a) = d}.

This corresponds to a neighborhood-aware progressive
schedule with K = 2, where each stage covers overlap-
ping subnet groups to ensure sufficient joint optimization of
shared weights.
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Figure B. Weight statistics (mean, variance, min, max) per layer
for each module. (a)—(f): Six different components of ViT.

Why Weight Extension Preserves Performance We fur-
ther investigate why subnets extended from smaller ones
tend to retain high performance, focusing on how the ini-
tialization of newly introduced weights affects accuracy.
Specifically, we analyze two initialization schemes for the
untrained weight regions that are activated only in larger
subnets: (1) standard initialization such as truncated nor-
mal or constant values close to zero, and (2) pretrained ini-
tialization where values are randomly sampled from the dis-
tribution of already-trained weights.

As illustrated in Fig. B, pretrained initialization produces
weight values with much larger variance, especially in mod-
ules such as QKV, Linear, and LayerNorm layers. In con-
trast, standard initialization yields values that are tightly
concentrated near zero. This difference has a significant
impact on network behavior. When weights are initialized
with near-zero values, they remain effectively inactive dur-
ing early training iterations, allowing the trained regions
from smaller subnets to dominate the representation. How-
ever, weights initialized with large random values inject
noise into the forward and backward passes, disrupting the
stable features learned in the small subnets. This effect is
quantitatively verified in Fig. C. Under standard initializa-
tion, the accuracy of most extended subnets is preserved,
with the majority achieving over 70% accuracy. In contrast,
pretrained initialization causes a drastic collapse in perfor-
mance, shifting the distribution heavily toward low accu-
racy. This suggests that initializing the extended weights
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Figure C. The left histograms replicate the right plot in Fig.1,
showing that many extended subnets maintain high accuracy un-
der standard initialization. The right histogram demonstrates that
when the untrained weight regions are initialized with values
scaled to match the pretrained distribution (i.e., higher variance
and magnitude), the performance of the same extended subnets
drops significantly.

with large, untrained values impairs the model’s ability to
reuse previously learned features. These findings support
our progressive training strategy that begins with small sub-
nets and gradually expands to larger ones. To prevent inter-
ference from the newly activated (and previously untrained)
weights in larger subnets, we initialize those regions with
near-zero values. This ensures that the learned represen-
tations in the already-trained regions remain intact, allow-
ing the larger subnets to be optimized more stably in later
stages. These findings highlight why progressive expan-
sion is effective: small subnets learn reliable representations
first, and when larger subnets are built on top of them with
careful initialization, the added parameters do not disrupt
existing knowledge. This allows larger subnets to smoothly
extend and refine what smaller ones have already learned.

Additional Analysis: Extend vs. Crop in CLS Token
Representations To further support our hypothesis on the
asymmetric interference between expansion and cropping,
we extend the analysis in the main paper by separately ex-
amining the representational similarity of the CLS token.
While the main paper focused on cosine similarity across all
tokens, Fig. D provides a complementary view by compar-
ing both (a) the average similarity across all tokens and (b)
the similarity specific to the CLS token for each transformer
block. We observe that expanded subnets consistently ex-
hibit higher cosine similarity to the base subnet compared
to cropped subnets, not only when averaging over all tokens
but also when considering the CLS token alone. The CLS
token, which aggregates global information for classifica-
tion, serves as a strong indicator of semantic consistency. A
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Figure D. Layer-wise cosine similarity between expanded/cropped
subnets and the base subnet. (a) ALL tokens. (b) CLS token.

lower similarity in this token, as seen in the cropped sub-
net case, implies a significant deviation from the learned
representation of the base model, leading to unstable gener-
alization. These findings support the conclusions presented
in the main paper. Subnets grown from smaller and well-
trained models inherit more consistent and transferable fea-
tures, while cropped subnets tend to suffer from representa-
tional drift because they remove previously trained regions.
The additional CLS-based analysis provides further empiri-
cal evidence that our progressive expansion strategy is more
effective.

Search Space Generalization: Experiment on OFA In
the main paper (Fig. 1), we showed that in AutoFormer the
performance of subnets behaves asymmetrically: extending
a subnet (to a larger one) preserves accuracy, while crop-
ping (to a smaller one) causes severe degradation. To con-
firm that this phenomenon is not specific to AutoFormer,
we repeated the same motivation experiment on OFA [1], a
CNN-based one-shot NAS search space where subnets vary
by kernel size k, expand ratio e, and depth d. Figure E
shows two cases: (a) training the supernet with only the
smallest subnet (k = 3,e = 3,d = 2) and (b) training with
only the largest subnet (k = 7,e = 6,d = 4). We again
observe the same asymmetric behavior as in AutoFormer,
which clearly indicates that our method is not tied to a par-
ticular search space but is broadly applicable to size-based
one-shot NAS.

Training Cost Comparison. Table A reports the train-
ing cost of GrowTAS compared with AutoFormer and Pre-
NAS under the same backbones. We see that GrowTAS
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Figure E. Motivation experiment on OFA. (a) Supernet trained
with only the smallest subnet. (b) Supernet trained with only the
largest subnet. The same asymmetric behavior as in AutoFormer
is observed.

Top-1 Top-5 #Params Time

Method (%) (%) M) (days)
AutoFormer-T 74.7 92.6 5.7 2.56
PreNAS-T 77.1 93.4 5.9 2.56
GrowTAS-T 75.2 92.7 5.9 2.56
GrowTAS-T7 77.1 934 59 2.56
AutoFormer-B 82.4 95.7 54 6.62
PreNAS-B 82.6 96.0 54 6.62
GrowTAS-B 82.6 96.0 53.2 6.62
GrowTAS-B+ 82.7 96.1 53.3 6.69

Table A. Comparison of training cost among baselines.

achieves consistently higher accuracy with no additional
cost, and GrowTAS+ requires only a very small overhead
(about 1% in the Base model) due to selective fine-tuning.
This demonstrates that our framework is both effective and
computationally efficient.

Dynamic Transition Scheduling In the main paper, the
transition step T}, was treated as a free hyperparameter cho-
sen manually. Here, we provide a more systematic way to
define T},. A simple baseline is the midpoint rule, which
evenly splits the remaining training epochs across stages:

T T —T_
=3, T = Tpq + ———=L. (1)

This ensures each expansion stage receives balanced
training time. However, in practice the best step depends
on model size. With T" = 500, we observed optimal first
steps around 250 for AutoFormer-T, 225 for AutoFormer-
S, and 200 for AutoFormer-B. Larger models converge to
lower loss more quickly [3], so they can build a sufficient
foundation earlier in smaller search spaces and thus move
to the next transition sooner. To capture this effect, we pro-
pose a simple size-aware rule:
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Figure F. Comparison of different sampling strategies in one-shot TAS [2, 4, 5]. AutoFormer [2] uniformly trains all subnets but fails
to optimize them effectively. PreNAS [5] selects a small set of candidates under a given constraint and improves them individually.
FocusFormer [4] dynamically samples high-quality subnets during training to enhance their accuracy. In contrast, our method improves
the overall quality of all subnets, especially those with small resource budgets.

T C
Th = 3 -B- o
max (2)
T—-Ty 4 C
Ty =Tk + 5 -8 o

where C' is the model size and C,, is the maximum
size in the search space. For example, in AutoFormer, as
shown in Table 1 of the main paper, the parameter counts of
supernets are approximately 9M for T, 34M for S, and 75M
for B. Thus, Cp,ax corresponds to 75M in this case. With
B = 50, this predicts 244 for T, 227 for S, and 200 for B,
which are close to the observed optima (see Table 4). When
we trained the models using the predicted 7' for each case,
the resulting performance turned out to be equivalent to the
optimal results reported in Table 4. These results suggest
that 7T}, can be guided by interpretable formulas rather than
arbitrary manual settings, and could be further extended to
dynamic schedules that adapt to model size or convergence
speed.

Practical Application of GrowTAS in Training Fig-
ure G illustrates how GrowTAS operates in practice, using
AutoFormer-T as an example. We divide the subnet space
into three disjoint groups, Q1, 9, and Q3, each consist-
ing of subnets with different embedding dimensions (192,
216, and 240, respectively). At each training stage, Grow-
TAS progressively expands the sampling space by includ-
ing the next group. Within each active group, subnets are
sampled uniformly, and the sampling probabilities are vi-
sualized in the bar chart. This figure concretely demon-
strates how GrowTAS schedules the training process in a
size-aware and stage-wise manner.
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Figure G. Stage-wise sampling schedule of GrowTAS. Subnet
groups Q1, Q2, and Q3 correspond to subnets with embedding
dimensions of 192, 216, and 240, respectively. Each bar shows the
sampling probability at a given stage, indicating uniform sampling
within each active group.

Comparison with Existing Sampling Strategies. Fig-
ure F provides a conceptual comparison between our
method and previous sampling strategies proposed in one-
shot TAS. AutoFormer [2] samples all subnets uniformly
throughout training, which fails to optimize them effec-
tively due to weight interference. PreNAS [5] narrows
the training scope to a small set of subnet candidates se-
lected at initialization, thus improving performance for only
a few constraints. FocusFormer [4] dynamically learns to
favor high-performing subnets during training but increases
training complexity and neglects the rest. In contrast, our
method improves the quality of all subnets by progressively
increasing the subnet size during training. This strategy
helps preserve the performance of small subnets, which are
more sensitive to weight interference, while still ensuring
that all subnets in the search space are sufficiently trained
without adding extra parameters or requiring retraining.
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