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Fig. 1: Robotics Transformer policies obtained via Self-Adaptive Robust Attention (SARA) in action for three different modalities: vision,
language and point clouds and varying sequence lengths (from ~200 to few thousand). Left: A 5B vision-language-action model from
the RT-2 class [1] (sequence length: L = 196). The manipulation policy is conditioned on the text instruction. Right: A Point Cloud
Transformer (PCT) ([2]) for grasping (point cloud sizes L € [800,4000]) and an exemplary PC input. Both policies use linear attention

up-trained with SARA and provide computational speedups, while maintaining high quality.

Abstract— We present Self-Adaptive Robust Attention for
Robotics Transformers (SARA-RT): a new paradigm for ad-
dressing the emerging challenge of scaling up Robotics Trans-
formers (RT) for on-robot deployment. SARA-RT relies on the
new method of fine-tuning proposed by us, called up-training. It
converts pre-trained or already fine-tuned Transformer-based
robotic policies of quadratic time complexity (including massive
billion-parameter vision-language-action models or VLAs), into
their efficient linear-attention counterparts maintaining high
quality. We demonstrate the effectiveness of SARA-RT by
speeding up: (a) the class of recently introduced RT-2 models
[1], the first VLA robotic policies pre-trained on internet-
scale data, as well as (b) Point Cloud Transformer (PCT)
robotic policies operating on large point clouds. We complement
our results with the rigorous mathematical analysis providing
deeper insight into the phenomenon of SARA.

I. INTRODUCTION & RELATED WORK

The unprecedented semantic reasoning capabilities offered
by Transformers ([3], [4], [5], [6], [7], [8], [9], [10]) for
Robotics gave rise to the new field of machine learning,
exploring Transformer-based models, often pre-trained on the
internet-scale data, for robotic controllers. Those controllers
enable abstract reasoning from the multi-modal input and
have already led to several recent breakthroughs in Robotics,
including: high-level planning with large language models
(LLMs) ([11], [12], [13], [14]), policies transforming natural
language commands into on-robot executable code ([15],

979-8-3503-8457-4/24/$31.00 ©2024 IEEE

[12]), multi-modal sensor fusion [16], finally the first vision-
language-action robotic manipulation powered by massive
vision language models [1]. Interestingly, even when not fine-
tuned, Transformer models trained on massive web corpus
seem to learn structural reinforcement learning priors that
can be leveraged to conduct trajectory optimization for
certain control tasks via in-context learning ([17], [18]) with
carefully designed prompts, as very recently shown in [19].

Is the Transformer-driven revolution in Robotics a straight-
forward path to AGI and all that is left is to train larger and
deeper models, pre-trained on even more massive datasets ?
One of the challenges that is still not addressed, yet is of
critical practical importance in Robotics, is a prohibitively
expensive space and time complexity of the aforementioned
models. For example, the 35M-size parameter RT-1 model
[20], providing dramatic generalization improvements over
non-Transformer approaches and marking the birth of the
class of Robotics Transformer architectures (RTs), even
though of modest size, already operates with the frequency
at most 3Hz. The problem only deepens for larger 1B+
parameter models such as RT-2 [1].

In this work we make a step towards solving it. We present
Self-Adaptive Robust Attention for Robotics Transformers
(SARA-RT): a new paradigm for addressing the emerging
challenge of scaling up Robotics Transformers for on-robot
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Fig. 2: VR navigation via VL attention models on Matterport environments ([21]). The top-down view of the scene is in the lower-left
corner. The agent’s initial view with indexed image patches is right above. For each view, we highlight three patches with highest attention
scores and present the distribution of the attention scores over all the patches. At any given point of time, the agent chooses one of them
with probability proportional to the score. The initial parts of the executed trajectories are visualized. The trajectories are also included in
the top-down view. The agent is given a text command: “Go fo the table” (or the corresponding image). The ReLU-variant (pink block)
directly leads to the collision with the wall. For the exp-variant the agent can navigate, but is temporarily distracted by the unrelated
object in the lower-right corner of the initial view. Both variants with Gaussian-matrix pre-processing (blue and brown blocks) apply
m = 2048 (patch/text embedding dimensionality for CLIP with ViT-B is d = 512) and lead to efficient navigation. The attention scores
distribution for the ReLU-Gaussian remains flat though. The SARA variant with m = d, and where matrix G is trained to mimic regular
softmax-attention for every new view, produces indistinguishable (spiky) attention scores and leads to efficient navigation (black block).
In practical applications involving Transformers, SARA-training is conducted once in the so-called up-training process (see: Sec. II-C).

deployment. SARA-RT relies on the new method of fine-
tuning proposed by us, called up-training. It leverages it
to convert pre-trained or already fine-tuned Transformer-
based robotic policies of quadratic space and time complex-
ity (including massive billion-parameter vision-language-
action models or VLAS), into their efficient linear-attention
counterparts maintaining high quality. We demonstrate the
effectiveness of SARA-RT by speeding up: (a) the class
of the aforementioned RT-2 models, the first VLA robotic
policies pre-trained on internet-scale data, as well as (b)
Point Cloud Transformer (PCT) [2] robotic policies operating
on large point clouds (see: Fig. 1). We complement our
results with the rigorous mathematical analysis explaining
the phenomenon of the effectiveness of SARA-RT’s.

II. SELF-ADAPTIVE ROBUST ATTENTION VIA
THE KERNELIZATION VIEWPOINT

A. Developing intuition: zero-shot navigation via VL models

Consider a vision-based VR navigation agent, conditioned
on the images of the target objects: ti,...,t5; or the cor-
responding natural language commands (e.g. "Go fo the
table”). For simplicity, we will assume that the targets do
not need to be visited in any particular order. First we show
that vision-language (VL) models can be used in a zero-shot

manner for steering the agent. We take the VR environments
from the Matterport ([21]) real estate virtual tour sites.

We consider a purely zero-shot attention-based control
mechanism, where the action a; of the agent corresponding
to the particular target ¢; (: = 1, ..., M) is defined as follows:

a; = Z;vzl S(ivj)aj,

s(i, ) = ek ™
’ 22— K(ai ki)
and: (1) N stands for the number of the patches of the patchi-
fied version of the input image, (2) {k;};=1,.. .~ C Rex jg
the set of their latent embeddings (keys), (3) q; € Réex
is the embedding of the target image (or the corresponding
text command) (query), (4) K : R%ex x R%ex — R is the
kernel function (similarity measure) defining how the agent
attends and (5) a; are base actions (e.g. left/right turns, going
forward/back). We call the coefficients s(i,j) the attention
scores. We inherit the embeddings from the pre-trained CLIP
model [7] with the ViT-B vision backend.

CLIP model as a zero-shot navigation agent is presented

in Fig. 2 (top black block). As a baseline, we applied

the softmax-kernel K(x,y) def exp(x'y), a default choice

for attention. To visualize the main concepts, we interpret
a; as the expected base action over discrete probabilistic
distribution with probabilities (s(i,j))j=1,.. n and sample
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a base action from its variant truncated to the three top-
score actions. The base action corresponds to “clicking” on
the random pixel of the corresponding patch. As we see, the
baseline agent can reach the target without any additional
task-specific fine-tuning of the CLIP embeddings.

Now consider the hypothetical case when the set of targets
is large, even comparable with N. In that case, quadratic
space and time complexity O(M N) might become pro-
hibitively expensive. This can be addressed algorithmically if
K admits a bi-linearization, i.e. can be re-written as a linear
(dot-product) kernel in the new input-space:

K(x,y) =E[p(x) " ¢(y)] )

for some (randomized) map: ¢ : R%@x — R™. In that case,
each a; can be approximated as:

a Yo(a:)
v F¢15[q )’
=380 (ky), 3)

and thus all &; can be computed in time & space O(M + N)
(by computing ¥ and T first). Linear attention mechanisms
is an area of active research ([22], [23], [24], [25], [26],
[27], [28], [29], [30]), yet most of the theoretical focus is
on developing low-variance variants unbiasedly approximat-
ing original softmax-kernel attention (known as particularly
expressive due to its combinatorial nature with spiking atten-
tion patterns). Those apply random ¢ via random Gaussian
projections. This computational overhead makes them prac-
tically attractive only for M, N large enough (usually 4K+).
Besides, linear attention usually produces some performance
gap as compared to its brute-force softmax counterpart.

On the other side of the spectrum are linear attention mod-
els with ¢ = ¢ given as: ¢7(z) = (f(21), ..., f(2agx ) " for
some f: R — R, where f is an easy to compute function,
such as: ReLU or exp. Those are in practice very fast and
provide computational gains for M, N as small as 128, but
are well known for being less accurate than the variants
providing unbiased estimation. For that reason, they were
not of much theoretical interests.

At first glance, we confirm these findings for the zero-
shot VL navigation. The results for ¢¢ with f = ReLU
and f = exp are presented in Fig. 2 in the pink- and green-
border box respectively. The ReLU-variant leads to the agent
hitting the wall and the exp-variant, even though reaches the
target, is distracted from it at some point, attending to the
unrelated object. Finally, none of them provides distinctive
attention spikes, characteristic for the regular softmax-variant
(sharply attending to the most relevant image regions), but a
relatively flat distribution of the attention scores.

B. Improving ¢y for zero-shot navigation via randomization

There exists however a very simple trick that improves
¢, making our agent a more efficient zero-shot navigator. It
suffices to preprocess the input to ¢y by the random matrix.
To be more specific, we define the randomized version of ¢
as: (bjfmd(z) = f(Gz), where G € R™*9ex is a Gaussian

matrix with entries taken i.i.d from A/(0,1) (sampled once
and used for all inputs z) and f is applied element-wise.
As we show in Fig. 2 (blue- and brown-border boxes),
this modification enables both the ReLLU and exp variants
to reach their targets with no distractions and furthermore
already leads to spiking attention patterns for the exp variant.
This will become more clear later. In Sec. III, we show that
random jq intrinsically related to the unbiased estimators of

exp
the original softmax-attention.

C. The birth of SARA: learnable pre-processing

Randomized mappings gzb?a“d in Fig. 2 apply m = 2048
and thus, as we discussed before, may not be relevant for
tasks with M, N < 1K. The core idea behind Self-Adaptive
Robust Attention is that rather than being Gaussian, matrix
G can be learned. We define SARA mapping ngARA acting
on the raw d-dimensional embeddings: (Xl)z 1 (i), of
objects/tokens (rather than queries/keys (q;)M, /(k )N] , that
for instance for Transformers are obtained from the former
by linear projections W and W) as follows for learnable
v eR™, Gg,Gg € R™*? and a Hadamard product ®:

31" (z) = v © f(Goz), ¢75™(2) =v O f(Gkz) (4)

The kernel values K(x;,y;) (for: K : R x R? — R) are
then expressed as dot-products ¢F4R4 (x;) T¢ P4 4 (y;), a

in Eq. 2. Instead of one mapping ¢, now there are two
¢1,¢2, but we have perfect equivalence since in Eq. 2,
x/y corresponds to the query/key q;/k; obtained by two
different mapping from x;/y;. Furthermore, the analogous
computational complexity analysis follows.

It turns out that then one can take m = dgx, making
SARA a practical mechanism even for M, N < 1K. And
indeed, even though M, N > 1K for our point clouds
empirical results in Sec. IV-A, the speed improvements for
the RT-2 from Sec. IV-B were obtained for M, N < 200.
As showed in Fig. 2, with learnable G and m = dgi (here
d = dgk), one can learn linear attention mechanisms that
for all practical purposes produce indistinguishable attention
patterns as compared with the regular softmax-attention, thus
leading to the same navigation trajectories for our VR tasks.

The VL navigation is a convenient “macroscopic” case
study, but our main targets are Transformer-architectures
for Robotics, where queries for the whole images or text
instructions are replaced by their counterparts for image-
patches, text-tokens or even individual point of the point
clouds (PCs), produced by the Transformer-encoded policies.

We thus propose the process of the self-adaptation of
their attention modules, that we refer to as up-training,
which can be implemented as replacing regular softmax-
attention with its ¢ s-encoded variants and fine-tuning them
on data from the downstream robotic tasks. Learnable pre-
processing corresponds here to fine-tuning matrices W¢ and
Wy ([3]) from Transformers’ attention modules, but in the
linear attention context.

IIT. THE MATHEMATICS OF SARA-RTS

As a warm-up, we show that a linear attention mechanism

using gbgi‘;dom Rdex  — R™ Jeads to the unbiased
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estimation of the softmax-kernel up to the fixed constant if
the inputs to the softmax-kernel have fixed length (e.g. CLIP
embeddings that are by default Lo-normalized).

Lemma 3.1: The following holds for x,y € R9ex with
|Ix|| = ||y|l = r and softmax-kernel K : R9ex x Riex — R:

m - exp(r?) - K(x,y) = E[(¢55 " (%)) o ™ ()] (5)
Proof: Note that the positive random feature vector
¢ (z) from [22] is of the following form for any z € dgx:

1 2
o) = o= epGa)  ©
By Lemma 1 from [22]: K(x,y) = E[¢T(x) " ¢* (y)]. That
implies Eq. 5 and completes the proof. [ ]

One can also derive corresponding concentration results.
Lemma 3.2: Given the conditions from Lemma 3.1, g,’??t =
ﬁ exp(r?(2cos() + 1))1/(1 —exp(—2r2(1 + cos(0))))
for an angle # between x,y, the following holds for ¢ > 0:
( Eandom (X))T random(y)
P Xp exp K > 7
R (x3)| > g < 35 (D)
Proof By Lemma 2 from [22], the Varlance of the es-

timator K(x,y) = ¢ (x)T¢T (y) satisfies: Var(K(x,y)) =
o exp(=([1x[13 + [y 13)) (exp(2]12]13) — exp(|2]|3)) for z =
X + y. To complete the Proof it suffices to note that

> (96 () T (v) _

K(x,y) = |1z[|3 = 2r*(1 + cos(6))

m ex
and apply Chebyshev’ sp <Inequahty [31]. [ ]
Our main result shows that for the appropriate v, G, f,

mappings gf)SARA (u =1, 2) lead to the accurate approxima-
K (as, )12, M €
in the Transformer, importantly with the number of
trainable parameters at most logarithmic in A size.

Theorem 3.3: Consider normalized Transformer’s atten-
tion layer with queries (q;)}2, and keys (k;); of length
r. Denote: 7 = min” K(ai, kj), p= max;,j K(a;, kj).

Take m = (5%2 log(QMN)exp(——)] +1for A <O,
§ > 0. Then there exist v € R™ G1,Gg € R™*? f: R —
R such that the approximate attention matrix A (implicitly)
given by the mappings ¢34 satisfies:

1A = Alloe <6 ®)

tion of the attention score matrix A =
RMxN

Proof: Take f = exp. We will show that if:
= \/1 —4AGWg, G = V1 -4AGWk,
= (1 44) % (exp(Allga %), - exp(Allgin[2) T

where G € R™*9@K is a Gaussian matrix with iid entries
from N(0,1) and gy, ..., g are its rows, then the resulting
A satisfies the condition with nonzero probability for m
given in the statement. Here Wg and W g are standard lin-
ear projections of the raw embeddings (x;)*; and (y;) =1
defining queries (q;)M, and keys (k)i and we assume
that attention matrix entries A; ; before row-normalization
satisfy: A, j = K(qz,k-) = exp(q, k;) (softmax attention).

Take ¢ = 2. Denote by p. the probablhty of an event

E( ) = {HZJ‘K(q’La ) K(Qu )| > EK(qla )} Note
¢f 1RA(x1) Cf’SAR (YJ)
that by Theorem 3.1 from [28],

m exp(r 2)

is an

unbiased estimator of K(q;,k;). Furthermore, by Theorem
$FA ) T ()
4.2. from [28], the probability that |2 -

mexp(rz)
K(qs, k;)| > 7e is at most r,. = 2exp(—“"22€ exp(%)).
Thus, by the union bound, we get: p. < M Nr,.. Note that
if E(e) does not hold, then |A; ; — A, ;| < ep for every
i,7. That completes the proof, since for m defined in the

statement of the theorem, p. < 1. |

IV. EXPERIMENTS
A. Robotic Point Cloud Transformers

In our first set of experiments, we trained robotic grasping
Transformer policies operating on the point cloud (PC) data.
Since Point Cloud Transformers ([2]) usually use relatively
long 1K+ sequences, even for simple objects, the unscalabil-
ity of the brute-force quadratic attention is a severe problem.

Fig. 3: The simulator used to train PC-input grasping policies and
the successful coke can grasp with corresponding reward r = 1.

~ SARA-PCT-RELU

reward

— regular PCT

800 0 200 00 600 00 1000

\teral\ons iterations

— SARA-PCT-SQRT

reward

= SARA-PCT-EXP 3275

iterations iterations

Fig. 4: Training regular PCT policy as well as three variants of
SARA with f € {ReLU,exp,sqrt} (up-training from the regular
PCT checkpoint). The adaptation process of the linear attention
for the ReLU variant is highlighted. For each of the five objects to
grasp, an agent receives a binary reward (1: grasp, 0: no grasp). The
reported reward is computed as their average over 100 trials. For
all the variants, all the checkpoints (even in the preliminary stage
of up-training) provide good quality policies (the y-axis for SARA-
plots is the magnified version of the short high-reward interval of
the y-axis for the regular PCT training.)

1) The setting: A grasping policy receives a PC from a
Realsense camera. A pass-through filter removes all points
except for those of table top objects. These points are
hierarchically clustered into objects. A single object PC is
then passed into a PCT policy to produce a grasp pose offset
from the center of the object point cloud. The observation
space has 3 components: (1) cloud: N x 3 point cloud with
the workspace origin at the mean of the object’s cloud;
(2) center: (z,y,z) cloud center in workspace frame of
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reference; (3) major_axis: (x,y, z) representing the major
axis of the points in the object frame. The grasp pose action
is represented by the fingertip position relative to the object
center, the approach direction vector in the workspace frame,
and the robot arm wrist roll angle. The grasp is then executed
open-loop with a Kuka ITWA robotic arm and Weiss gripper.

PCT policy training is conducted in the simulator (Fig. 3)
via blackbox optimization ([32], [33], [34], [35]). The BGS
variant ([34]) with [ = 50 perturbation-directions, Gaussian
smoothing parameter o = 0.02, step size n = 0.02, 7 = 30%
top directions is applied. In training, an agent sees only &k = 5
different objects: a coke can, a water bottle, a chalkboard
eraser, a banana and an octopus soft toy. Policies learned
in sim were ready for the on-robot fine-tuning (also with
blackbox methods), but it was not necessary (no major sim-
to-real gap was observed). Objects encountered in testing
included several of shapes never seen in training.

Fig. 5: Upper row: The AB-test setup. Different configurations
can vary by the number of objects of the table and their shapes.
Lower rows: One of the grasps performed by SARA-ReLU in the
low-reachability-area setting (target object close to the robotic arm
base), requiring careful PC-input-based control of the robotic arm.

2) SARA-PCT vs regular PCT: We trained in sim reg-
ular PCT policy till convergence for s = 1000 iterations.
In the SARA setting, we then conducted up-training with
f € {exp,ReLU,sqrt :  — 2%}, the all-one vector v
and m = d. The results are presented in Fig. 4. We see
almost immediate adaptation of the linear attention for all
SARA variants. Thus we chose (here and for the RT-2
experiments) the simplest ReLU (that can be thought of as
the tamed version of the exp variant), on-robot deployed it
and compared with the regular PCT in the AB-test. The test
consisted of N = 200 random object configurations (see:
Fig. 5), where for each configurations either SARA-PCT or
regular PCT policy is randomly selected. The agent gets a
binary reward r € {0, 1} for each grasp (success or failure).
The average reward obtained by the regular PCT agent is:
°¢ = 0.64 and by the SARA-PCT agent: rSARA — .75,

ave ave

We then run speed tests for the regular PCT encoder and
SARA-PCT encoder for input sequences of different lengths.
Both encoders consist of ¢ = 2 Transformer layers with 16-
dimensional latent embeddings. The actual sequence length
for the on-robot deployment varies from scene to scene,
but can easily exceed 1K. As showed in Fig. 6, SARA-
PCT provides significant speedups, guaranteeing practically
constant inference ~ 100ms (regardless of the point cloud
size), with the attention module not being a computational
bottleneck anymore. On the contrary, for the regular PCT
the attention module remains a bottleneck and leads to the
substantial slowdowns even for relatively small point clouds.

- SARA-PCT
08 = regular PCT

0.6

0.4

time [sec]

0.2

0.0
0 1000

2000

3000
point cloud size

Fig. 6: Speed tests for SARA-PCT and regular PCT. Reported are
mean inference times (averaged over [ = 10 random seeds) for
PCT encoders (as well as the corresponding standard deviations;
see: shaded regions) as functions of the point cloud size.

4000 5000

B. RT-2 vision-language-action models

1) The setting: Next we consider the class of RT-2 archi-
tectures from [1]. Those apply PaLI-X [36]) vision-language-
model (VLM) backbones to encode policies taking vision
input and conditioned on natural language instructions. We
focus on the 5B PalI-X variant, as more practical for the
on-robot deployment than the 55B variant. As described
in [1], the action space consists of 6-DoF positional and
rotational displacement of the robot end-effector, as well as
the level of extension of the robot gripper and a special
discrete command for terminating the episode, which should
be triggered by the policy to signal successful completion.
The VLM takes a text instruction and an image (or a history
of images) and produces a sequence of text tokens that can
be then converted to actions (see: Sec. IV-B.2 for details).

The pre-trained VLM is fine-tuned on the robotic data
from [20]. It consists of expert demonstrations collected
with a mobile manipulation robot. Each demonstration is
mapped to the natural language instruction from one of
the following classes: “pick object”, “knock object over”,
“open/close drawer” , "place object into receptacle”, "place
object upright”, “move object near object”, "pick object
from receptacle and place on the counter” (details in [20]).

For SARA variants (with f = ReLU and all-one vector v),
up-training is conducted after the fine-tuning phase. There
are two natural places to inject linear attention in PalI-X
models: the ViT encoder and the fuser, where tokens from
all the frames as well as text ones are concatenated (self-
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pick coke can from middle
drawer and place on countertop

--¢-- -!-- --¢--

0 Yy o

Fig. 7: The scheme of some of the key elements of the PaLI-X backbone of RT-2 from the computational viewpoint, accompanied with the
real robot performing text instruction using SARA model. This example applies three-frame history with each frame partitioned into four
patches (in practice the number of patches is much larger). Frames are encoded via SARA variants of the ViTs (sViT). Text instruction is
separately pre-processed by the text Transformer (TT). In the fuser, all resulting embeddings are concatenated and interacting with each
other via self-attention. This self-attention block is yet another good candidate for injecting SARA variants. We leave it to future work.

TABLE I: Comparison of different variants of the RT-2 models with the PaLI-5B VLM backbones. The comparison is conducted on
the six regular manipulation task and an additional task measuring generalization level (diverse pick). The mean accuracies for all three
models are: 65.8%, 65.1% and 76.4% (up-down). The first two models differ only by the applied attention module (regular or linear).

FUSER |

pick knock  open/close drawer drawer place upright move diverse pick
RT-2 (PaLI-5B), no history + action tokens 81% 86% 67% 39% 57% 98% 33%
SARA-RT-2 (PaLI-5B), no history + action tokens 83% 91% 78% 31% 46% 79% 48%
SARA-RT-2 (PaLI-5B), history + vector representation 100%  91% 89% 56% 51% 81% 67%
number of trials per eval 36 35 18 36 35 48 21

attention modules in both) (see: Fig. 7). In this work, we
chose the former, leaving testing the latter to future work.
2) Action representation: Each action can be represented

as a vector consisting of: positional and rotational displace-
ments, a scalar tracking gripper’s extension level and a sub-
vector encoding episode termination command. Traditionally
(see: [1] for details), each continuous dimension is quantized
into one of the 256 bins, leading to an action given by a
sequence of integers, tokenized by PalLI-X (the so-called ac-
tion tokens). We propose an alternative (vector representation
of the action space), where each continuous dimension is
rounded up to four decimal places, leading to the string that
can be text-tokenized as usually. We noticed that the vector
representation of actions results in higher quality models.

40 ;

— SARA-PaLI-ViT
3 — regular PaLI-ViT
30

25
20
15
10

5

0
200

time [sec]

300

400

500 600
image resolution

700 800

Fig. 8: Speed tests (on a CPU). Reported numbers are as in Fig.
7, but for PalLI-ViT encoders as functions of the resolution of the
image (Tvalue X Tvalue) for the default 16 x 16 patch size.

3) SARA-RT-2 vs regular RT-2: We start by comparing
RT-2 variant using one frame (no history) and old tokenizer
with its SARA counterpart. Both use L = 196 vision tokens.

As we show in Table I (first two rows), SARA variant
maintains good performance across all seven tested tasks
(providing better performance on four of them). Both variants
have very similar mean accuracy, though SARA variant
generalizes better. Besides, regular RT-2 controller needs
53.2 ms (TPU) for the forward pass, while SARA’s: 45.7 ms
(TPU) (14% speedup). Finally, we combine SARA with the
new tokenizer from IV-B.2 and the history of H = 3 frames.
The latter two techniques provide farther accuracy boost, but
are more demanding computationally, and thus challenging
for direct on-robot deployment. It turns out that the resulting
ViT-linear-attention hybrid RT-2 variant (third row in Table
I) provides 12%+ mean accuracy improvement, excelling in
certain tasks (e.g. 100% accuracy on the 36 pick tasks).
We run additional speed tests, comparing SARA-based
ViT of the RT-2 model’s PaLI backbone with its regular
counterpart for images of different resolutions (on CPUs).
The results are presented in Fig. 8. The ViT encoder of
Pall is computationally bottlenecked by its attention module.
SARA remains a feasible approach even for high resolution
images, while the regular variant does not. We plan to exer-
cise this feature of SARA by using much higher resolution
images (a challenge for regular RT-2 models) in future work.

V. CONCLUSION

We introduced SARA-RT, a new paradigm for adapting
Transformer-based robotic controllers to their more practical
linear-attention deployable counterparts. We have provided
its comprehensive evaluation on real robots, including im-
proving the inference of the VLA class of RT-2 models and
controllers applying Point Cloud Transformers. We consider
it one of the first steps towards addressing practical chal-
lenges of using Transformer-based robotic controllers.
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