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Abstract

This project examines how an Action Chunking Transformer (ACT) can learn snack-bag
pick-and-place on a low-cost SO-101 arm from human demonstrations. A leader—follower
setup recorded 90 episodes containing 31,968 time steps, six-dimensional joint states and
position targets, and two RGB camera streams at a nominal 30 Hz. An ACT policy with
an ImageNet-initialized ResNet-18 backbone was trained for 100,000 optimizer updates with
batch size 8 on an NVIDIA GeForce RTX 5070 Ti. The recorded process duration was 2
h 41 min 27 s. Five retained logging intervals show normalized action L1 decreasing from
0.346 at step 1,400 to 0.051 at step 100,000; the intervening loss history is unavailable,
and no independent validation split was used. In two operator-confirmed autonomous trials
without manual takeover, the bag was ultimately placed and released in the basket in both
trials. The first trial completed after one grasp cycle; the second required three visible
cycles. Thus final placement was observed in 2/2 trials and first-cycle completion in 1/2
trials. These observations establish task execution in the recorded conditions, while leaving
generalization and reliability unmeasured. The preserved evidence connects demonstration
quality, the implemented network and objective, optimization progress, and autonomous
behavior; the observed placement results remain distinct from independent validation or a
reliability estimate.
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1 Introduction

A camera can show a snack bag and a basket, but an SO-101 controller ultimately needs a
sequence of joint position targets. The experiment asks whether human demonstrations can
supply the relation between those observations and targets without programming a separate
grasp trajectory for every initial bag position. ACT learns this relation by predicting a short
sequence of future actions from the current images and joint state (Zhao et al., 2023).

The task includes several distinct demands: approaching a flexible package, closing the gripper
at a useful contact, lifting without losing the package, moving above a basket, and releasing.
Errors near contact can decide the outcome even when the remainder of the trajectory is close
to a demonstration. This makes the task useful for studying the difference between a supervised
learning objective and a physical task criterion.

The available experiment contains one training run and two recorded robot trials. Within Lets
Build Robots S1, the project documents a practical ACT reproduction from demonstration
collection through training to deployment. Data, implementation, optimization, and visible
behavior are examined as separate sources of evidence. Figure 1 gives the complete chain;
the action queue is included because predicting a block and executing that block are separate
operations.

The completed work comprises a frozen demonstration dataset, a locally trained ACT policy,
preserved training and configuration records, and two autonomous execution recordings. No
competing policy, independent validation set, or multi-seed study was evaluated. The distinction
between task completion and generalization is maintained throughout the analysis.

2 Task and Experimental Setup

2.1 Physical setup and task

The apparatus consists of an SO-101 leader arm, an SO-101 follower arm, a two-finger gripper,
a flexible snack package, a basket, and two RGB cameras. During demonstration collection,
the operator moves the leader and the follower tracks the corresponding targets. During the
recorded policy trials, the follower receives ACT-generated targets. Figure 2 shows the physical
scene from the external recording viewpoint.

The fixed camera, named top, observes the bag, arm, and basket. The camera named wrist
moves with the gripper and provides a closer view of contact. These roles are complementary:
the fixed view supplies task geometry, while the wrist view supplies local appearance around the
fingertips. Both policy inputs are 640 x 480 RGB; the external trial recordings are 1280 x 720.
The larger recording dimensions are not the policy input resolution.

The task string stored with the demonstrations is:
Pick the snack bag, place it in the snack box, then return empty to the rest pose.

This sentence identifies the dataset task. The installed ACT model does not encode the sentence
with a language model. It learns a single-task relation between visual and joint observations
and action targets. Consequently, this experiment does not test language-conditioned instruction
following.
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(a) Task scene and policy observations

top RGB

Basket Snack bag SO-101

External recording documents the task; top and wrist are the policy inputs.

wrist RGB
(b) Paired demonstrations - optimized sequence policy
ACT
A
NN L1+ 10 KL
Images + state Teacher actions 100 x 6 targets
90 episodes - 31,968 frames 100,000 optimizer updates

(c) Autonomous execution - trial 1

6.80 s - f204

Figure 1: Project overview. The external scene photograph comes from video 2, while the two policy-
camera examples come from teleoperated episode 8. The lower sequence shows video 1. Photographs
document actual observations; arrows summarize the configured demonstration, optimization, and de-
ployment paths and do not reconstruct control timing.
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(a) SO-101 snack pick-and-place apparatus

Basket

Snack

Follower

External documentation view - 1280 x 720

-

(b) Two complementary policy-camera inputs

top RGB - 640 x 480 wrist RGB - 640 x 480

Fixed scene geometry Local gripper appearance

Figure 2: The external recording at the start of video 2, with the apparatus labeled, and the two
policy-camera examples from demonstration episode 8. The external camera documents the scene; ACT
receives only top and wrist RGB. Object dimensions and exact initial coordinates were not measured.
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2.2 What the policy controls

Let ¢; € RS be the follower state read at time ¢, and a; € R® the commanded target. Table 1
defines the ordering. The first five components use degrees in this configuration; the gripper
uses a 0-100 opening scale. The gripper value is not an angle in degrees, a measured force, or a
distance in millimeters.

Table 1: State and action components, in dataset order.

Index Feature name Physical meaning Unit
1 shoulder_pan.pos Base/shoulder horizontal rotation degrees
2 shoulder_lift.pos Shoulder lifting position degrees
3 elbow_flex.pos Elbow flexion degrees
4 wrist_flex.pos Wrist flexion degrees
5 wrist_roll.pos Wrist rotation degrees
6 gripper.pos Gripper opening target or reading 0-100 scale

The learned policy specifies joint positions. The motor electronics still perform the lower-level
tracking that converts targets into motor actuation. ACT does not directly produce Cartesian
end-effector coordinates, inverse-kinematics solutions, or motor torques. A change in target can
require time to realize, so generally a; # ¢;. This distinction matters both for training and for
the offline evaluator: replacing the observed state with the teacher target changes the model
input.

The images do not determine the contact mechanics completely. A flexible package can deform,
reflect light, and slip. A two-finger gripper can therefore follow a visually plausible path while
failing to maintain contact. The videos establish successful transport and release for the two
shown cases, but no bag dimensions, basket-rim height, contact force, or workspace-clearance
measurements were taken. Those quantities are not reconstructed from an uncalibrated photo-
graph.

2.3 Trial units and observable outcomes

A trial is one operator-designated attempt at the complete task. A grasp cycle is a visible
approach, closing/contact, and lifting movement within that trial. Passing near the bag does
not automatically count as another cycle. The definitions in Table 2 were applied retrospectively
to the supplied videos; they were not a preregistered acceptance protocol.

Table 2: Observable criteria used for the two video cases.

Outcome Criterion

Final placement and release Bag enters the basket, separates from the gripper, and remains in the
basket at the end of the recording.

First-cycle completion The first grasp cycle sustains the bag through transport and release; a
brief lift followed by a return to the table does not satisfy it.

Empty retraction The gripper visibly withdraws without the bag. Its controller source is
recorded separately.

Manual intervention Operator contact or takeover is documented when known; absence of
visible contact alone cannot establish all control inputs.

The operator confirmed that the two supplied trials were ACT-controlled and had no manual
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takeover. The visible frames do not show a person touching the bag, basket, or arm during the
task. The camera does not cover every control device, so the autonomy statement is attributed to
that confirmation. The return motion requires a separate qualification: the deployment program
also interpolates toward the initial pose during shutdown. Visible retraction therefore does not
establish that the entire return was generated by the learned policy.

3 Background and Foundations

The learning problem maps two camera views and the measured follower configuration to fu-
ture position targets. Supervised sequence regression, attention, conditional latent learning, and
queue-based execution determine which information is available when the gripper approaches,
closes, lifts, and releases the package. Constructed calculations below are separate from experi-
ment measurements.

3.1 Methodological context

Behavior cloning learns an action predictor from expert observations and actions. ACT extends
this idea to a block of actions and uses a Transformer with a conditional variational training
objective (Zhao et al., 2023). The image backbone comes from residual networks (He et al.,
2016); attention follows Vaswani et al. (2017); the parallel query decoder is related to DETR
(Carion et al., 2020). Variational and conditional variational learning provide the latent-variable
background (Kingma and Welling, 2014; Sohn et al., 2015).

The original ACT study used a different platform: a bimanual ALOHA system, four camera
views, and a 50 Hz setting. Here the policy controls one SO-101 follower with two camera views
and a nominal 30 Hz loop. Architectural ideas transfer; published task success rates do not
become expected performance for this hardware and dataset.

Table 3 compares mechanisms, not experimental scores. No single-step or diffusion baseline was
trained in this study. The contrast with Diffusion Policy is useful because both predict action
sequences, while the sequence-generation procedure differs (Chi et al., 2023).

Table 3: Conceptual comparison of policy mechanisms. No comparative performance experiment was
conducted.

Method Output at a query Generation Execution choice

Single-step behavior cloning One action Direct network Request an action each
prediction policy step

ACT A fixed-length action Parallel Transformer Queue a prefix or

block decoder; latent fixed at combine overlapping

deployment predictions

Diffusion Policy An action sequence Iterative denoising Execute a prefix, then

replan

3.2 Observations, targets, and training samples

An episode is a recorded demonstration trajectory. A saved frame or time step contains the
joint state, action target, image references, task identity, and indexing fields. A training sample
chooses an anchor time ¢, obtains its current observation, and requests the following action block.
A batch groups samples; an optimizer step updates parameters using that batch. An epoch is a
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pass-equivalent through the sampling anchors, not a robot trial.

For two cameras, define the observation as
to ist kx6
op = (I;°°, '™, qr), Ap = (ag, g1, - - appp—1) € RT (1)

There are exactly k targets in A;, including the anchor target. The installed ACT action offsets
are 0,1,...,k— 1. A sample does not require k new images: this configuration uses one current
observation and predicts the future target sequence from it.

At an episode boundary, requested future indices cannot be taken from the next episode. The
data pipeline supplies boundary values together with a padding mask. The mask distinguishes
genuine targets from entries inserted to complete the fixed shape. The training loss and latent
encoder must respect that mask. Otherwise the final pose can receive artificial importance
simply because many repeated targets were inserted.

3.2.1 Normalization and physical units

ACT receives images and a joint vector whose numerical scales differ. Pixel values, degree-valued
joints, and the gripper opening cannot be treated as a single unprocessed array. The saved
processors normalize state and action components by their means and standard deviations. For
component d, the conceptual transformation is

Qtd=—""— g = —————,

- Qtd— Hqd ~ at.d — Ma,d (2)
Sq,d T €s ’ Sa,d T €s

where €5 denotes numerical stabilization, distinct from latent sampling noise; the saved normal-
izer uses 10~%. The checkpoint processors define the actual transformation and its constants.
Deployment must reverse the action transformation before sending physical targets. A normal-
ized value near zero means near the recorded mean; it does not mean zero degrees or a closed

gripper.

Image normalization uses the saved ImageNet statistics in this run. For an RGB channel scaled
to [0, 1], the corresponding mean is subtracted and the channel standard deviation divides the
result. ResNet-18 then maps the image to a spatial feature grid. Its residual blocks add a
learned transformation to a skip path, y = F(z) + x, helping optimize deeper visual networks
(He et al., 2016).

Equation (2) is reversed by multiplying by the stored standard deviation and adding the mean,
subject to the processor’s stabilization convention. As a constructed example, a joint with mean
20 degrees and standard deviation 10 degrees maps a normalized target of 0.2 to about 22 degrees.
A gripper with mean 40 and standard deviation 20 maps a normalized target of —0.5 to about
30 on its 0-100 scale. These values illustrate units; they are not the recorded dataset statistics.

Normalization permits a shared optimization scale across heterogeneous components, but it
does not eliminate the need to inspect physical-unit errors. A normalized six-joint mean can
conceal one joint with a larger physical deviation. Conversely, an unnormalized aggregate over
degrees and gripper points has no single physical unit. Per-joint reporting is needed for either
interpretation.
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3.3 Imitation learning and local action sequences
3.3.1 Learning targets from examples

A policy is a function that maps an observation to an action. In ordinary behavior cloning, a
parameterized policy my is fitted to demonstrated pairs (o, a;). A generic empirical objective is

N
RO) = 5 Y mofon), a0, Q
t=1

where ¢ measures disagreement with the teacher. Gradient-based optimization changes 6 so
that this disagreement decreases on sampled data. No task reward or reinforcement-learning
exploration was used in the recorded training run.

The teacher action is a command label, not a guarantee of achieved pose. A state reading
describes what the follower reports; a target describes where it was asked to go. If the follower
lags during motion, the two can differ systematically. Feeding the teacher action as if it were
the measured state can provide a more favorable or simply different input distribution than the
deployed policy will encounter.

3.3.2 Why an action sequence can help

Fine manipulation contains correlated decisions. Closing, lifting, and transporting depend on
timing and on what happened just before them. Predicting a block allows the network to
represent that local sequence jointly. It also reduces the number of policy queries when several
targets are executed from each prediction. These are different effects: joint prediction concerns
the model output, while reduced querying concerns the execution wrapper.

For ACT, replace the one-step output with A; = fo(ot, z). Tts k rows share the encoded observa-
tion, latent variable, and decoder computation. In the saved one-layer decoder, observation-
dependent output representations are formed by cross-attention; they are not subsequently
mixed by another decoder self-attention layer. The shared representation does not enforce phys-
ical feasibility or guarantee a secure grasp, and the predicted block is not a motion-planning
certificate.

Multiple demonstrations can respond to similar observations with different timing or paths.
With an L2 pointwise objective, a deterministic regressor is associated with a conditional mean;
with L1, a componentwise conditional median. Either can be unsuitable when different valid
trajectories form distinct alternatives. The conditional latent variable is intended to help rep-
resent variation during training. It does not prove that the learned latent coordinates have
interpretable styles or that deployment samples several plans.

3.3.3 Distribution shift during execution

Training observations are generated by the operator’s demonstration policy. A deployed learner
generates its own future observations through its actions. If a grasp is slightly displaced, the
next wrist image and joint configuration can differ from those commonly seen in training. A sub-
sequent action is then predicted in a changed context. This dependence is why small supervised
error does not automatically translate into reliable sequential execution (Ross et al., 2011).

The second video contains repeated cycles and eventual completion. That observation is com-
patible with several explanations, including visual feedback at later queries and execution of a
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learned repeated pattern. It does not by itself identify distribution shift as the cause of the ear-
lier failures or prove a learned failure detector. A discriminating experiment would deliberately
vary the post-failure state while recording query times and the resulting actions.

Corrective demonstrations are a possible next data source. The term DAgger should be reserved
for a process that iteratively gathers states visited by the learner and supplies expert labels for
them (Ross et al., 2011). Merely collecting more successful episodes is not sufficient to establish
that protocol.

3.4 Visual representations and attention

A fixed-camera image contains scene layout, while the wrist image emphasizes the package near
the fingers. A convolutional backbone transforms both into local feature vectors. These vectors
are representations learned from image statistics and demonstration losses, not explicit bag
coordinates or measured contact forces. Attention can combine those representations with the
current joint configuration when predicting the next segment of motion.

3.4.1 Attention, positions, and information retrieval

Attention lets one representation retrieve relevant information from a set of other representations.
A query asks what information is useful; keys describe which information can be matched; values
contain the information that is combined. Learned linear projections construct these vectors.
For one head,

Vi

Each query row is normalized across the key positions. The resulting nonnegative weights sum
to one for that query. They weight value vectors; they are not probabilities that the robot will
grasp successfully. Scaling by /dj limits the growth of dot-product magnitude as the feature
dimension increases (Vaswani et al., 2017).

-
Attention(Q, K, V) = softmax(QK ) V. (4)

Self-attention takes queries, keys, and values from the same sequence. In the policy encoder
it allows image and nonvisual tokens to exchange information. Cross-attention takes queries
from one sequence and keys/values from another. The ACT decoder uses output queries to read
the encoded observation. Multiple heads learn different projections; with hidden size 512 and
eight heads, each head has key dimension 64. The symbol H denotes head count here so that h
remains reserved for the executed action prefix.

Figure 3 shows a constructed calculation. Scores [1,0,—1] give weights approximately
[0.665,0.245,0.090]. With values (2,0), (0,2), and (—2,0), the output is approximately
(1.150,0.489). These numbers explain the operation; they are not attention measurements from
the trained policy. The calculation is expanded below.

Position information is needed because attention itself does not assign physical or temporal mean-
ing to a slot. Reordering input tokens reorders a self-attention computation in a corresponding
way when position information is absent. Spatial and temporal encodings tell the model which
location a representation belongs to; they do not supply a hard-coded robot trajectory.



Lets Build Robots S1: SO-101 ACT Experiment Report Yanshi Robotics

-

(a) Action queries read encoded observations

100 ordered action queries

ERREEN

top l wrist J

Cross-attention
Q versus K; retrieve V

<—‘ Image / state / latent memory ’

100 x 512 representations

(b) One-query calculation - illustration

g = (V2, 0); scaled score = q - key / V2

Key 1 Key 2 Key 3
Score 1 Score 0 Score -1

| } |
B | N |

Weight 0.665 Weight 0.245 Weight 0.090
Value (2, 0) Value (0, 2) Value (-2, 0)
'

Weighted output = (1.150, 0.489)

Figure 3: A numerical attention illustration. The scores and value vectors are constructed to illustrate
attention, independently of the robot data. FEach query produces a weighted value vector, not a grasp-
success score.
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3.4.2 Worked attention calculation

Let X, € R7aXdmodel contain query-side representations and Xj € R™X9%model contain source
representations. A head forms

Q=XWo, K=XWgk, V=XWy, ()

with Q € R%*% K € R™**% and V € R™*%_  The score matrix QK ' has one row per query
and one column per key. Row-wise softmax produces P € R™*™ and PV € R"™*% is the
retrieved representation.

As an initialization intuition, if the components of a query and a key are independent, centered,
and have unit variance, the variance of their dot product grows approximately as di. Dividing
by v/d}, brings that variance to order one. This motivates the scaling; it is not an assertion that
every trained representation remains independent and unit-variance (Vaswani et al., 2017).

For the two-dimensional worked example, take

1 0 2 0
¢q=(/2,0, K=1]0 1/, V=|0 2. (6)
-1 0 -2 0

The scaled scores are (1,0, —1). With Z = e! 4+ ¢ 4+ ¢ 1,

e 1 et
P = (Z’ A Z) ~ (0.66524,0.24473,0.09003), (7)
and
PV = (2(0.66524) — 2(0.09003), 2(0.24473)) ~ (1.15042,0.48946). (8)

The output dimension follows the value dimension, not the number of keys. In multi-head
attention, separately projected head outputs are concatenated and projected by Wp. For the
experiment, eight 64-dimensional heads produce a concatenated 512-dimensional representation.

In this run, the decoder cross-attention has n, = 100 action positions and n; = 602 observation-
side tokens in the architecture-derived shape ledger. Its attention weights therefore concern
which encoded information each future action position reads. They do not constitute 602 object
detections or a distribution over 100 task outcomes.

3.5 Conditional latent model and training objective

A conditional variational autoencoder introduces a latent variable z to model variation in outputs
associated with a condition. In ACT, the condition for the action predictor contains the current
images and joint state, and the output is a demonstrated action block. The training posterior
encoder estimates

%(2 | a1, Ar) = N(Mqﬁ(%ﬁ;At)adiag(o-é(QtaAt))> . (9)

In the inspected implementation, that encoder sees joint state and future teacher actions, not
the camera images. The policy’s observation encoder still sees images, state, and the resulting
latent sample. This is a particular conditional design, not a requirement that every CVAE use
the same recognition inputs (Kingma and Welling, 2014; Sohn et al., 2015; Zhao et al., 2023).

The latent dimension is 32. The encoder outputs 32 means and 32 log variances, not 64 inde-
pendently commanded robot values. A learned summary token aggregates the posterior input
sequence. The other tokens consist of the projected current state and the 100 projected teacher
targets, with padded targets masked.

10
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Figure 4 separates training and deployment.

Future teacher actions are legitimate training
targets; they are unavailable during real execution. The latent encoder is therefore a training
component. Removing it at inference does not remove the observation encoder inside the policy.

(a) Training

****** |

— Posterior
q + future actions

Teacher actions

sample z

Observation policy
images +q + z

100 x 6 target block

(b) Deployment

LI statea

Setz=0
posterior bypassed

Observation policy
images +q + z

100 x 6 target block

Future teacher actions unavailable.

Figure 4: Training and deployment of the conditional latent model. The training posterior consumes the
state and future teacher actions. Deployment fixes z to zero and retains the visual/state policy network;
no future ground-truth actions enter the deployed predictor.

3.5.1 Conditional evidence lower bound

A latent-variable model writes the conditional output density as

po(A ] o) = / oA | 0, 2)p(2) dz.

11
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For a variational distribution g4(z | ¢, A) with suitable support, insert the same density in
numerator and denominator:

logpn(A | 0) = log By, [W] (11)

> Ky, [logpa(A | 0,2)] = Dkr(gs(2 | ¢, A)llp(2))- (12)

The inequality follows from Jensen’s inequality. The right-hand side is the evidence lower bound,
or ELBO. Maximizing it encourages reconstruction likelihood while regularizing the inferred
latent distribution (Kingma and Welling, 2014; Sohn et al., 2015). A variational posterior may
ignore some conditioning information, such as the images, and still define a bound; that choice
affects the approximation family.

For independent Laplace output components with common scale b, a negative log likelihood
contains

A — A
5 Ko = 2id - il | N 1og(at), (13)
j,d

where N is the number of scored scalar elements. This explains a connection between L1 recon-
struction and a likelihood assumption. The implemented mean over valid elements, the handling
of padding, and the chosen KL weight alter the relative scale. The numeric training loss should
therefore be interpreted through Equations (17)—(20), rather than assigned an unmeasured prob-
abilistic calibration.

For comparison, an L2 reconstruction term corresponds to a different noise assumption. Choos-
ing L1 versus L2 changes the objective and its response to large errors. A paper’s high-level
“reconstruction” label alone is not sufficient to reproduce the actual loss reduction.

3.5.2 Reparameterization and its gradients

Direct sampling from a distribution described by neural-network parameters makes naive dif-
ferentiation awkward. Reparameterization writes sampling as a deterministic transformation of
independent noise (Kingma and Welling, 2014). If £ = log 02, the implementation uses

e ~N(0,1), z=pu+exp(l/2) ®e. (14)

The random draw is €; gradients can pass through the transformation to g and ¢. Dividing
the log variance by two is essential: exp(¢) is the variance, whereas exp(¢/2) is the standard
deviation.

The prior is the fixed standard normal p(z) = N(0,I). General CVAEs may use a learned
conditional prior, but the ACT code inspected here does not require an additional prior network.
The KL term discourages the posterior from becoming arbitrarily different from this deployment
reference.

For z, = p, 4+ €'/%¢,, holding the sampled noise fixed during differentiation gives
0z 0z 1, /2
= — = —¢'r 15
o 0 an,  2° © (15)

The reconstruction gradient can therefore affect both distribution parameters through the de-
coder. The KL additionally has direct derivatives

8DKL aDKL 1

— — (e —
a/ﬁr = Hr, 8€T - 2(6 ]‘) (]‘6)

For the KL alone, its minimum is at ;4 = 0 and ¢ = 0, corresponding to unit variance. Training
balances that preference against reconstruction. The balance does not make a latent coordinate
a labeled contact mode or failure flag.

12
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3.5.3 Masked reconstruction at episode boundaries

Let ay 5,4 and ap 54 be predicted and teacher actions in normalized coordinates. Here b indexes
a batch, j a future time offset, and d an action component. Define my, ; = 1 for a genuine target
and zero for padding. With D = 6, the implemented reconstruction loss is

B k-1 D
DD mug Y |y d — bl
b=1 j=0 d=1

B k-1

DY > my,

b=1 j=0

Lig = (17)

The code clamps the denominator to at least one for numerical protection. With ordinary valid
samples, the denominator is the number of valid scalar action elements. It is not the number of
all padded-and-unpadded elements.

For a constructed example with one sample, four output rows, and only two valid rows, there are
2 x 6 = 12 valid scalar elements. If their total absolute error is 2.4, the L1 loss is 0.2. Dividing
by all 4 x 6 = 24 elements would incorrectly give 0.1. The same real errors would appear better
merely because more padding had been added. The component-level example below makes this
denominator explicit.

Normalization changes how physical deviations contribute. An error of one degree in a joint with
a small demonstrated standard deviation is numerically different from one degree in a widely
varying joint. Gripper error is also normalized on its own scale. A value such as 0.051 is therefore
a dimensionless normalized fitting statistic, not 0.051 degrees and not a 5.1% task failure rate.

Consider a constructed sample with & = 4 and D = 6, where only the first two future rows are
valid. Suppose their componentwise absolute errors are

1 02 03 01 02 0.
L [01 02 03 0 0.3

= . (18)
03 02 0.1 03 0.2 0.1

Their sum is 2.4, the valid element count is 12, and the loss is 0.2. The errors in the two padded
rows contribute zero after masking. Dividing by 24 would halve the loss despite no change in
genuine prediction quality.

With several samples, Equation (17) divides the summed valid errors across the entire batch
by the summed valid scalar count. A sample with fewer valid rows contributes fewer scalar
terms. This is distinct from averaging an equal-weight per-episode or per-sample MAE. The
valid-element reduction determines the loss scale used in this comparison.

The posterior encoder also has a padding mask, but its summary and state tokens remain valid.
Masking reconstruction alone would not prevent a latent encoder from attending to artificial
tail entries. Both uses should be checked when reproducing the implementation.

3.5.4 KL regularization and the combined objective

For a diagonal Gaussian posterior, the divergence from a standard normal is

1 B 1 ds
Lk, = E bz:; 5 7; (Mg,r + exp(fbm) —-1- gb,r) s (19)

with d, = 32. The installed implementation sums latent dimensions and averages batch samples.
The run uses
L= Ly + BLky, B = 10. (20)
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The two terms measure different things. L1 measures reconstruction disagreement. KL measures
posterior /prior difference. Their weighted sum can decrease because either term decreases, so
total loss alone does not isolate action fitting.

The variational interpretation connects a reconstruction likelihood and a KL penalty through
an evidence lower bound. The practical mean-L1 loss with a chosen KL weight is a surrogate
training objective; its reported numeric value is not automatically a calibrated negative log
likelihood. The evidence-bound derivation above distinguishes the variational interpretation
from the implemented reduction and weighting. The ACT preprint also contains a difference
between the loss named in its algorithm box and its implementation discussion; the equations
above follow the local source snapshot rather than assuming pseudocode fixes the reduction
(Zhao et al., 2023).

For one dimension, ¢(z) = N (i, 02) and p(z) = N(0,1). By definition,
Dxr(qllp) = Eqllog () — log p(2)]. (21)

Substituting Gaussian log densities gives

2 L2
log q(z) —logp(z) = —logo — (2205) + % (22)
Using E[(z — u)?] = 02 and E[2?] = p? + o2 yields
1
Dir(qllp) = 5 (u* + 0® =1~ logo®). (23)

2

Independent dimensions add, and the installed loss averages examples after summing dimensions.
With ¢ = log o2, replace 02 by e’ to obtain Equation (19). The sign here is positive because
the objective is minimized; some ELBO derivations write the negative KL. because the bound is
maximized.

A constructed two-dimensional posterior illustrates the scale. For (u1,01) = (0.5,1), the con-
tribution is 0.125. For (p2,02) = (0,0.5), it is approximately 0.31815. The summed KL is
approximately 0.44315. If a constructed L1 were 0.2 and § = 10, the combined loss would be
approximately 4.6315. These are constructed example values, not posterior measurements from
the experiment.

3.5.5 Deployment at the prior center

At inference, the model fixes z = 0. This is deterministic decoding at the mean of the standard-
normal prior. It is not generally the mean of the output trajectories, because for a nonlinear
decoder

fo(0,E[z]) # E-[fo(0, 2)]. (24)
It is also not evidence that the resulting sequence is the most likely complete trajectory. The
experiment did not sample latent values or evaluate output diversity.

The last retained KL values print as 0.000. Their three-decimal representation does not estab-
lish an exact zero. Nor does it by itself diagnose posterior collapse, meaning that the output
has become insensitive to the latent. That diagnosis would require additional posterior and
latent-sensitivity measurements. No such inference experiment is claimed here. For this snack
task, the posterior has access to the demonstrated close-lift—transport sequence during training;
deployment has no future teacher actions. Fixing the 32-dimensional latent to zero selects the
prior center before the learned latent projection. Its affine bias means that the resulting 512-
dimensional latent token need not be zero. No latent dimension was labeled as a grasp mode or
a recovery state.

14
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3.6 Action chunking and feedback
3.6.1 Prediction horizon and executed prefix

Let k& denote the number of predicted targets and A the number taken from each block before
another query. A query at time ¢ returns A;, but the execution wrapper may use only rows
0,...,h — 1. The distinction is also useful for other action-sequence policies (Chi et al., 2023).

In the constructed example of Figure 5, k = 4 and h = 2. At t = 0, the block covers target steps
0, 1, 2, and 3. Targets 0 and 1 are executed. At t = 2, a new observation produces targets 2, 3,
4, and 5. The old predictions for 2 and 3 are discarded. Every control tick still receives just one
six-dimensional vector.

-

(a) Predict four, execute two - illustration

Target tick 0 1 2 8 4 5 6 7

Observe at 0
Predictk = 4 1 2 3

|

Observe at 2
Predictk = 4 2 3 4 5

|

Observe at 4
Predictk = 4 4 S 6 7

. Sent target |:| Predicted, then discarded

(b) This experiment: k = h =100

One observation — one block - a 100-row normalized queue

Co e e e e e e e o oo oo ] | opane
6-D row

New query when empty; nominal 100/30 = 3.33 s, not measured wall time.

J

Figure 5: Constructed £ = 4,h = 2 example. Numbers are target control steps, not measured joint
values. Dark cells are executed; pale cells are predicted but discarded when the next observation is used.

This example is not temporal ensembling. It uses a queue of a prefix from each block. A smaller
h requests new predictions more often; it does not shorten the network’s output unless & is
also changed. Changing k changes output queries and the training target structure, normally

15
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requiring a new trained configuration. Changing a compatible execution prefix is a deployment
change and should be evaluated separately.

3.6.2 The actual 100-step queue

The saved configuration has chunk_size=100, n_action_steps=100, and temporal_ensembl
e_coeff=None. The policy’s select_action method fills an empty queue with a block and
returns one queued target per call. It requests another block when the queue is empty. Current
images may still be obtained by the surrounding loop while the queue is nonempty; those images
do not cause a fresh ACT prediction in this mode.

At a target control frequency f = 30 Hz, the nominal time represented by an executed queue is
Tqueue = h/f =100/30 ~ 3.33 s. (25)

The first and last target sample times differ by (h—1)/f = 3.30 s. Both quantities are useful when
interpreting a plotted block. Actual wall-clock query spacing can differ because of observation,
inference, communication, and scheduling delays.

The actual rollout selected synchronous inference. A query and its resulting actions are part of
the same synchronous loop; no asynchronous controller was evaluated. A short initial iteration
can run slowly because of initialization or other work, but the available warning does not isolate
that cause. The report therefore distinguishes configured frequency from measured sustained
timing.

3.6.3 Temporal ensembling

Temporal ensembling is a separate strategy: obtain overlapping predictions and combine those
aimed at the same control time. Let p be a query time and G, its prediction for target time
t. If P, is the set of available queries covering ¢, then

_— > _pep; Wp,tlp—t
ay = .
ZpePt Wp,t

(26)

The result remains one action vector. Averaging actions for different target times would blend
different phases of motion rather than combine competing estimates of one target (Zhao et al.,
2023).

The inspected exponential convention enumerates participating predictions from oldest to newest
and assigns w; = exp(—mi) with ¢ = 0 for the oldest. Under that indexing, positive m gives the
oldest prediction the largest weight. An “age” index counted in the opposite direction would
require a different interpretation. Figure 6 makes this ordering explicit with constructed values.

In this LeRobot implementation, enabling temporal ensembling requires n_action_steps=1.
It cannot be described as a switch that preserves the same 100-step queue behavior. More
frequent inference can improve access to recent observations, but it also changes timing demands.
This experiment does not measure the resulting grasp outcome or latency, so no performance
improvement is assigned to the untested alternative.

3.6.4 Three forms of feedback

The motor controller tracks joint targets using its own readings. The policy updates action
predictions at query boundaries. The operator supervises the experimental procedure and may
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-

(a) Align predictions aimed at target t = 3
Target tick 0 1 2 3 4 5 6
Query 0 0-0 0-1 0-2 0-3
Query 1 1-1 1-2 1-3 1-4
Query 2 2.2 2.3 2.4 2.5
Query 3 88 3.4 =5 3.6
Only the highlighted column represents the same future instant.
(b) One-joint weighting - illustration only
Query 0 Query 1 Query 2 Query 3
Target 10 Target 12 Target 8 Target 14
w = 1.000 w = 0.607 w =0.368 w =0.223
!
Sum(w x target) / sum(w) = 10.623
Oldest - newest; wij = exp(-0.5i). Temporal ensembling is disabled in this run.

Figure 6: Constructed temporal-ensemble calculation for one joint and one target time. The coefficient
0.5 and targets are constructed inputs, not settings or outputs from this run. The actual run has temporal

ensembling disabled.
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stop a process. These are different feedback levels. A system can have continuous low-level
position feedback while its visual policy holds a predicted block for many ticks.

This distinction prevents two common interpretations: camera frames arriving at 30 Hz do
not prove 30 policy replans per second, and successful motor tracking does not prove that the
selected grasp is correct. A future timing study should record observation capture, policy-query
start/end, target publication, and joint readings on a common clock.

3.6.5 Same-target ensemble calculation

For a constructed k& = 4 policy queried at every control step, target time ¢ = 3 may have
predictions from queries p = 0,1,2,3. They are rows 3, 2, 1, and 0 of their respective blocks.
Only those rows refer to the same target time and belong in Equation (26).

If one joint’s four predictions are (10, 12, 8, 14) in oldest-to-newest order, equal weighting gives 11.
With coefficient m = 0.5, the unnormalized weights are (1,e7°% e~! e~ 15). Figure 6 computes
the resulting weighted target from these values. The oldest prediction receives the largest weight
under that indexing. At startup, fewer overlapping predictions are available and normalization
uses the available set.

In the queue-prefix example with h = 2, queries occur at p = 0,2,4,... instead. It should not
be drawn as if predictions were generated at every tick. Query scheduling determines which
predictions exist before any weighting is applied.

3.7 Evaluation quantities and diagnostic models

The task outcome is whether the package is transported into the basket and released. An action-
error statistic measures agreement with a teacher trajectory. A gripper target can be close on
average while missing the package during the short contact interval. Repeated close-and-lift
cycles within one execution also do not create independent robot trials. These distinctions
determine how training summaries and the two recordings are interpreted.

3.7.1 Offline prediction and simplified state feedback

The offline evaluator feeds recorded observations to a saved policy and compares predictions with
demonstrated targets. It does not connect to the robot, retrain the model, or detect whether a
real bag was grasped. Table 4 separates its three functions. No offline result JSON was produced
for this report, so the explanations below describe the tool rather than completed measurements.

Table 4: Offline evaluator functions and interpretation.

Check Computation Useful interpretation

Open-loop prediction Predict a block from recorded images Fitted target error by joint and
and measured state; compare each prediction horizon.
future target with the demonstration.

Simplified state feedback Move a virtual joint state toward Sensitivity under this artificial
predicted targets; reuse the recorded feedback model.
images.

Range/extrapolation Compare outputs with supplied Numeric range flags, not collision or
bounds and observed demonstration  task success.
ranges.
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Figure 7 separates the recorded-input prediction check, the evaluator’s virtual-state feedback,
and the physical feedback path in which robot motion changes the camera images.

The field open_loop.per_joint_mean_abs is the most interpretable primary error summary.
Each of the first five entries is in degrees after postprocessing; the gripper entry is in 0-100
scale points. A mean over all six joints combines unlike units. It must not be reported as one
angle-valued error or compared numerically with the normalized training L1.

The open_loop.by_horizon_curve describes error at future offsets within predicted blocks.
Near episode ends, fewer genuine targets are available. Comparing checkpoints requires consis-
tent episodes, horizons, preprocessing, and execution settings; changing the scoring windows can
change the result independently of model quality.

The JSON group named closed_loop implements a virtual update
G = g™ + 035 (- ™). (27)

The factor 0.35 is an evaluator assumption, not an identified SO-101 dynamic parameter. The
images remain those of the operator’s recorded trajectory, even when the virtual joints depart
from it. The resulting image/state pair may be physically inconsistent. This is not a closed-loop
visual simulator.

The script’s divergence flag compares the last and first quarters of action-target error using
a factor-of-three heuristic. It does not observe a falling bag, collision, or successful release.
Episodes no longer than one executed chunk are separately flagged because the check contains
little or no new policy feedback after the first query. These flags are diagnostics, not acceptance
thresholds validated for this robot.

3.7.2 Numerical bounds and units

In degrees mode without --model-dir, the five body-joint bounds are unbounded in this script
and only the gripper’s 0-100 range is checked. Zero out-of-bounds predictions would therefore
not establish legal body-joint motion. Supplying an appropriate model directory allows the
script to read so101_new_calib.urdf and convert its angular limits. The model must match
the intended joint names and conventions; its numeric limits still do not check basket collisions
or contact safety.

The alternate percent mode assumes body joints on a —100 to 100 scale and gripper on a 0-100
scale. It is not appropriate merely because one output component is called a percentage. The
current dataset uses degrees for the five body joints.
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(a) Recorded-state check

Recorded RGB

stays fixed
Recorded q

|

ACT - predicted action block

Compare with teacher actions
Per-joint error and numeric range

Recorded observations remain the input.

(b) Simplified feedback

Recorded RGB

stays fixed
Virtual q

EEEE
l

ACT - predicted action block

Virtual update
g - q+0.35(a-q)

Update gain is an unvalidated assumption.

(c) Physical feedback - mechanism illustration

ACT
new observation

S0O-101 and changing scene

New images
Joint readings

Physical actions change both camera content and measured state.

Figure 7: Offline checking and physical feedback. The recorded-image stream stays fixed when the
evaluator updates virtual state using gain 0.35. A physical robot instead changes both joint readings
and images. The lower panel is a mechanism illustration using a trial photograph; it does not report an
additional test.

20



Lets Build Robots S1: SO-101 ACT Experiment Report Yanshi Robotics

4 ACT Network Architecture

The configured network has two encoders with different roles: a training-only posterior encoder
and a visual/state policy encoder. The decoder generates all 100 action positions in parallel.
Figure 8 connects those components to preprocessing, the loss, and deployment. Figures 9 and
10 expand visual tokenization and the posterior objective. Figure 11 resolves the attention and
residual structure. The four architecture plates describe complementary parts of the same saved
network.

4.1 Visual backbone and input projections

The backbone was initialized from ResNet18_Weights.IMAGENET1K_V1, rather than from
a pretrained complete robot policy. The same backbone parameters process both cameras.
Convolutional parameters participate in optimization, while the installed backbone uses frozen
batch-normalization affine values and statistics. Frozen normalization statistics do not mean
that the complete backbone is frozen. The distinction matters when reproducing fine-tuning
(PyTorch Contributors, n.d.).

With no final-stride dilation and 480 x 640 inputs, the architecture’s stride 32 implies a 15 x 20
grid of 512-channel features for each view. A 1 x 1 projection maps features to the Transformer
hidden size, also 512. Each spatial location becomes one token, a feature vector handled by
attention. Here “token” does not mean a word or a discrete language identifier.

4.2 Tensor shapes and positions

Figure 8 and Table 5 make the shape changes explicit. The two views contribute 2(15)(20) = 600
visual tokens. A projected state token and a projected latent token bring the policy encoder
input to 602 tokens per sample. These spatial sizes are derived from the saved architecture, not
measured by running a new model forward pass for this report.

Table 5: Shapes in batch-first notation, except where the installed attention code transposes sequence
and batch. B = 8 in training and normally B = 1 in deployment.

Quantity Shape Meaning

Each camera tensor B x 3 x 480 x 640 Current RGB observation

State Bx6 Measured follower positions
Teacher block B x 100 x 6 Normalized future targets
Padding mask B x 100 True for padded target time steps
Each image feature map B x 512 x 15 x 20  Architecture-derived grid

Policy encoder sequence B x 602 x 512 600 visual tokens, state, latent
Posterior encoder sequence B x 102 x 512 Summary token, state, 100 targets
Posterior mean / log variance B x 32 each Diagonal Gaussian parameters
Decoder representation B x 100 x 512 Ordered future positions

Policy action prediction B x 100 x 6 One six-vector for each future step

The two-dimensional sinusoidal positions locate image features in their own image grids. Sepa-
rate learned positions distinguish nonvisual state and latent tokens. The saved implementation
appends the camera feature sequences in their configured order; this description does not intro-
duce an additional camera-ID embedding that is absent from the inspected code. The posterior
uses a learned CLS content vector and fixed one-dimensional sinusoidal positions for its 102-
token input. Its first two tokens are always valid; the remaining mask entries correspond to
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action padding. This is a key padding mask, not a causal triangular mask. The CLS output
passes through a 512 — 64 affine head, whose halves are the mean and log variance.

The visual backbone and 1 x 1 projection are shared across top and wrist. Both image grids reuse
the same two-dimensional coordinate encoding, without a separate camera-ID embedding. The
actual token order is latent, state, top features, then wrist features. Frozen batch normalization
retains its affine values and running statistics as buffers; convolutional parameters remain in the
optimized backbone parameter group.

4.3 Encoder, decoder, and regression head

The saved policy uses four observation-encoder layers and one decoder layer, with eight attention
heads, hidden size 512, feed-forward size 3200, ReLU activation, and dropout 0.1. Feed-forward
layers transform each token after attention, while residual paths and normalization support
optimization. The training-only posterior encoder uses four layers of its own. Thus “encoder”
must be qualified: the posterior encoder and the observation-fusion encoder have different inputs
and roles.

The decoder starts with zero content vectors and 100 learned positional embeddings. These
embeddings identify future output slots. Its self-attention precedes cross-attention. With the
saved single decoder layer, observation-dependent contents are introduced by cross-attention
and do not pass through a later decoder self-attention layer. The decoder produces all 100
representations in one forward pass, and a linear head maps each 512-dimensional representation
to six action components. It does not first generate one action and then recursively feed that
action back to generate the next. ACT therefore differs from the autoregressive translation
decoder in the original Transformer (Vaswani et al., 2017; Zhao et al., 2023).

DETR supplies a useful architectural comparison because it also uses parallel learned queries
(Carion et al., 2020). Its queries represent an unordered object set and use a matching objective.
ACT’s slots represent an ordered action sequence; Hungarian matching, detection boxes, and
“no object” labels are not part of the inspected ACT loss.

The posterior and policy encoder stacks do not add a final LayerNorm when pre_norm=false;
their individual layers already contain normalization after each residual addition. The decoder
adds a final LayerNorm after its last layer. In its self-attention, Q and K receive content plus
action-position embeddings, while V receives content. Cross-attention uses the current decoder
content plus action positions for @), encoder memory plus encoder positions for K, and memory
alone for V. The multi-head modules then apply their learned projections. Initial zero content
does not imply a guaranteed zero attention output, because trained affine biases can contribute.

4.4 Stored model size

The checkpoint inspection counted 234 stored tensors and 51,668,614 state-dictionary elements,
with a model file size of 206,699,736 bytes. State dictionaries can contain buffers as well as
learned parameters, so this count is reported as stored elements rather than an independently
measured trainable-parameter count. Weight-file size also excludes optimizer state, activations,
gradients, and runtime allocations. It cannot be used by itself to predict training GPU memory.

4.5 Original method, implementation, and actual settings

Table 6 separates the method described by Zhao et al. (2023), the inspected LeRobot imple-
mentation, and the settings actually used. An available capability is not evidence that it was
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enabled. The source snapshots and saved configuration, rather than current software defaults,
determine the last two columns.

Table 6: ACT mechanisms across the original study, the inspected implementation, and this experiment.
The comparison concerns design and configuration, not relative task performance.

Aspect

Platform

Images

Vision

Action
sequence

Latent
training

Deployment
latent

Temporal
ensemble
Task
conditioning

Original ACT study
Bimanual ALOHA

Four RGB camera views

ImageNet-initialized
ResNet-18 features

Predict a future action
chunk

Conditional latent encoder;
reconstruction and KL

Use a fixed zero latent

Combine overlapping
same-time predictions
Visual and proprioceptive
observations

Inspected LeRobot code

Input/output dimensions
supplied by configuration
Camera feature sequences
concatenated by configured
order

Configurable backbone with
frozen batch-normalization
affine values and statistics
Separate prediction length
and executed-prefix settings
Posterior from state and
teacher actions; masked L1
plus KL

Bypass the posterior when
teacher actions are absent
Optional ensemble; requires
h =1 in this version

No language encoder in the
inspected ACT class
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Recorded SO-101 run

One follower; six position
targets

Two RGB views: top and
wrist

Shared ResNet-18;
convolution weights
trainable

k =100, h = 100

32 latent dimensions; KL
weight 10

z2=0

Disabled; use a 100-target
queue

Task sentence retained as
metadata
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(a) ACT observation-to-action model
Observations Shared vision Projection Fusion Policy 100 query slots
\ — 0 + learned P
Encoder x 4 Decocler x1
1x1proj. [ g |
Flatten :I
™ top Self-attn
ResNet18 | 512 x 15 x 20 - |ﬁHﬂ el
V| —m8M8M8
shared
wrist RGB ] |:| — L»| | Cross-attn
weights 7
[ ] FFN
1 x 1 proj. __l'|:| FFN
Flatten wrist detail B
- ] detail A
512 x 15 x 20
3 x 480 x 640 ImageNet init. 602 x 512 Linear head
300 tokens/view 512 - 6
q; € R® l g
HO0000—| e - s12 A
z€R¥? —| 32 512
: 100x6 |

S

[CLS, state, future teacher actions]

lela]lafa].Ja]x]x]

102 x 512 - padding masked

Posterior encoder x 4
Read CLS

(b) Training-only posterior and objective

Posterior parameters

L]

Q- - = = =

Task text is a dataset label. No language encoder or temporal ensemble is used.

1
1
1
1
:
- Masked action L1 ’
1
1
1
1
\

log 0% € R3?

1€ R®2
el

A4

= ~{ Reparameterize: € ~ N(O, 1)

(c) Deployment

z = 0; posterior bypassed

Normalized action queue

EREEEEEN,

100 ordered rows

}

‘ Pop one normalized row ’

|

‘ Inverse normalization ’

}

One 6-D position target

to SO-101 per control tick

Figure 8: Complete ACT data flow in the recorded configuration. Real top and wrist examples feed

a shared backbone; latent, measured state, and visual tokens enter the policy encoder. The decoder
predicts an ordered block, which supports training reconstruction and queued deployment. The posterior

and its KL branch are training-only. Deployment fixes z = 0 and pops normalized rows before inverse

Feature glyphs are symbolic, not measured activations.
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(a) Shared image encoder - per-view dimensions

Stem

| 7 x 7 conv, stride 2 |—>
64 channels

3 x 3 max pool

stride 2

Applied separately to both views, with identical backbone weights.

64 x 240 x 320

64 x 120 x 160

-

(b) Four residual stages - two basic blocks per stage

Stage 1 Stage 2 Stage 3 Stage 4
64 channels 128 channels 256 channels 512 channels
120 x 160 60 x 80 30 x 40 15 x 20

Grid glyphs are symbolic; labels give the architecture-derived sizes.

-

(c) Spatial features become an observation sequence

top

1 x 1 projection

512 - 512

wrist

1 x 1 projection

512 - 512

300 x 512 tokens

300 x 512 tokens

2-D visual positions and learned state/latent positions accompany content.

Concat

602 x 512

Figure 9: Visual encoding and tokenization. Source-derived spatial sizes follow the undilated ResNet-18
stem and four residual stages. Each camera contributes 300 projected spatial tokens; latent and state
add two nonvisual tokens. The feature stacks illustrate tensor structure, not observed feature values. No
new model forward pass was used to obtain these shapes.
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(a) Posterior inputs - training only

Teacher block
Measured state CLS

L] [ ]

100 x 6

6 - 512 ‘ 6 - 512 ’

[clafafalafa]..]ajaf~]x]|~]

102 tokens x 512; padded action slots masked, CLS and state valid.

(b) Latent parameters and reparameterization

p - 32
LI LTI =
Posterior encoder Read 512 - 64
| CLS - Linear log variance - 32
4 layers
‘ ’ L L LT
r— 1
|
‘ 2z =1 + exp((log 0%) / 2) © & € ~ N(0, T) — L]

z € R32 > policy

(c) Objective and valid elements - illustrative mask

Prediction Teacher 2 valid rows

[1]2]o]0]

KL: sum over 32 dims
then batch mean

Masked L1 = valid absolute-error sum / (6 x valid rows) ’

I—' L1 + 10 KL

lllustration: 2.4 / (2 x 6) = 0.2; padded rows contribute no denominator.

J

Figure 10: Training posterior and objective. The 102-token posterior sequence contains CLS, current
state, and 100 teacher actions. Mean and log variance define a 32-dimensional latent. The lower four-row
example is constructed: two valid six-dimensional rows and error sum 2.4 give masked L1 of 0.2. KL
instead sums latent dimensions and averages the batch.
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((a) Encoder layer - detail A ' (b) Decoder layer - detail B
ANEEEER HEEEEEN
Content X; positions P Zero content T; learned Py
41 |
v
Self-attention Self-attention
Q K=X+P Q. K=T+P,
V=X V=T
& &
Vv v
LayerNorm LayerNorm
M, Pp,
A
Feed-forward Cross-attention
512 - 3200 - 512 > Q=T+P,
ReLU activation K=M+P, V=M
|
®
Vv v
‘ LayerNorm ’ LayerNorm
HENEEEEE '
Encoder memory M 512Fie%g%gNird512
Repeat x 4 ReLU activation
No terminal encoder norm l

) ’ @

(c) Projected attention heads ‘

LayerNorm
Q K \%
CE L eI
' v v
[ Wo, Wk, Wy: project and split ]
B - - —I— - - 3 ‘ Final LayerNorm ’
BRanaonn
| I I —— I I ] Repeat x 1
‘ Concat 8 x 64 - W, — 512 ’

Each head computes softmax(QKT / V64)V.
All blocks use post-norm residuals; dropout 0.1. Drawn tensors are symbolic.

Figure 11: Post-norm Transformer structure. Encoder and decoder residual branches, Q/K/V sources,
feed-forward dimensions, and the decoder’s terminal LayerNorm are explicit. Encoder memory M enters
decoder cross-attention. The lower schematic represents eight projected attention heads; it does not
display learned attention scores.

27



Lets Build Robots S1: SO-101 ACT Experiment Report Yanshi Robotics

5 Demonstrations and Dataset

5.1 Dataset size and version identity

Table 7 reports the frozen training copy. The original directory is datasets/expl_snack_into
_box; the training copy is datasets/expl_snack_into_box_v1. A prior file-by-file SHA-256
comparison found all 27 core files under data, meta, and videos identical between them. The
suffix v1 therefore identifies a complete copy, not a curated subset.

Table 7: Dataset measurements from the archived structure inspection. Duration is computed from
saved frames and nominal frame rate.

Quantity Value

Episodes / tasks 90 (indices 0-89) / 1

Saved time steps 31,968

Nominal sampling rate 30 Hz

Saved duration 1,065.60 s (17 min 45.60 s)

Episode duration: mean / median 11.84s / 11.37 s

Episode duration: minimum / maximum 9.33 s / 25.80 s

RGB inputs Two streams, each 640 x 480 x 3

Joint state / action target Six float32 components each

Storage LeRobotDataset v3.0; Parquet, MP4, and metadata
Dataset video codec AV1, yuv420p, no audio; recorded settings CRF 30, GOP 2
Core storage size 1,700,479,885 bytes; 1,621.7 MiB (about 1.58 GiB)

The data-inspection utility printed “1621.7 MB,” but its conversion used 10242 bytes. MiB
is used here to state that conversion precisely. Saved duration excludes placement, reset, and
recording overhead; it is not the operator’s total collection time. Likewise, two camera streams
do not double the number of aligned training time steps.

5.2 File batches and spatial coverage

The dataset is organized into six blocks of 15 episodes. Table 8 and Figure 12 separate this
storage organization from spatial coverage. The first 15 episodes were explicitly identified by
the operator as the arm’s upper-left grid cell, A1. The camera’s left /right direction is not used
to redefine that label.

Table 8: Storage blocks and known location labels. Unknown labels are not inferred from block num-
bering.

Block Episodes Count Frames Saved seconds Grid label

1 0-14 15 5518 183.93 Al

2 15-29 15 5765 192.17 Unknown
3 30-44 15 5553 185.10 Unknown
4 45-59 15 5307 176.90 Unknown
5 60-74 15 4823 160.77 Unknown
6 75-89 15 5002 166.73 Unknown

The course collection plan proposed nine cells with 15 qualified demonstrations per cell, or
135 demonstrations. The operator chose to run an initial training experiment after 90. The
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(a) Ninety saved demonstrations
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Storage groups do not establish distinct spatial positions or independent conditions.

Figure 12: Saved episode durations and frame counts by storage block. The known A1l label covers
episodes 0—14 only. Neither the six blocks nor their frame counts establish six different spatial conditions.
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completed training and two executions show that this smaller dataset can support the recorded
cases; they do not establish that 90 is a sufficient general threshold or that nine-cell coverage
was achieved. Demonstration quality and condition coverage matter in addition to trajectory
count (Mandlekar et al., 2022).

5.3 Inspection scope

All 31,968 data rows and 90 episode records were checked against the metadata. Global indices
were continuous; local frame indices started at zero and matched episode lengths and boundaries.
The state and action arrays both had shape [31968, 6] and contained no NaN or infinite values.
These checks establish structural consistency, not physical demonstration success.

Container metadata was inspected for all 12 camera videos. Both camera streams for the first
15 episodes were completely decoded, yielding 5,518 frames per stream without a decoding
failure. Time-sequence frame sheets of those episodes were reviewed, usually at 0.5—1 s spacing
with endpoints. The sampled views showed placement, release, and empty withdrawal. This
sampling could miss events shorter than its interval. The remaining 75 episodes did not receive
full-frame visual acceptance review.

The saved timestamp matched local frame index divided by 30, with a maximum numerical
difference of approximately 8.9 x 107 s. Because these timestamps derive from the saved
indexing scheme, this agreement does not measure camera exposure timing, camera-to-camera
hardware synchronization, or leader-to-follower sample alignment.

5.4 Quality observations retained in training

Table 9 records observations that were not removed from the training copy. These observations
suggest later controlled checks; they are not proof of the causes of deployment behavior.

Table 9: Recorded data-quality observations and their interpretation. All affected data remain in the
training copy.

Observation Record Implication
Long stationary tail Episode 0 lasts 25.80 s, with about Stationary targets occupy more
12.43 s stationary after return. sampling anchors; later duration

normalization would change the
training distribution.

Orientation changes Episodes 12 and 13 differ in bag The collected conditions are not
orientation from many nearby strictly a position-only variation.
demonstrations.

Tracking offset Some joint trajectories best matched About 0.13-0.17 s at nominal rate;
at a 4-5-frame lag. not evidence of an image

synchronization error.

Adjacent repeated images Isolated one-interval repeats in the No sustained multi-frame freeze was
inspected block. observed there; every saved frame is

not necessarily a new exposure.

Appearance variation Local motion blur and package Relevant visual conditions, without
reflections. measured causal contribution to

grasp failures.
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5.5 Data separation and leakage

A random split of frames can place nearly identical neighboring images in training and validation.
Overlapping action windows add another leakage path: two anchors may contain many of the
same future targets. A future experiment should first divide complete episodes, or groups
of related episodes/conditions, and then construct windows separately inside each partition.
Normalization statistics should be fitted on the training partition only.

All 90 episodes were used for the current checkpoint. Selecting some of them now does not make
them independent held-out examples for that checkpoint. They remain useful for checking fitted
predictions, tensor shapes, and preprocessing. An independent validation study requires new
unseen data or retraining under a split fixed beforehand. The distinction between training fit
and task evaluation is especially important for human demonstration datasets (Mandlekar et al.,
2022).

5.6 Recorded example and teacher action block

Figure 13 illustrates one real demonstration. The local time within an episode differs from the
presentation timestamp within a larger video file, because a file may store several episodes. The
archived frame manifest records both. Figure 14 then shows an actual 100-action target block
from the same episode. It is a teacher sequence, not a policy prediction or an offline comparison.

(a) Episode 8 - aligned saved observations

0.00s - fO 4.00 s - f120 7.00 s - f210 9.63 s - f289

top

Matched dataset times; container PTS and source frame identities are retained.

Teleoperated demonstration, not an autonomous rollout.

Figure 13: Episode 8 at four local times, shown from the fixed and wrist cameras. These are teleoperated
demonstration frames. The archived source manifest retains episode-local frame numbers and container
presentation timestamps.
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Recorded teacher block - episode 8, frames 120-219
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Targets from the demonstration; no new ACT prediction. Sample-time span = 99/30 = 3.30 s.

Figure 14: Recorded teacher targets from episode 8, local frames 120-219. The first five components
are degrees and the gripper is on a 0-100 scale. One hundred nominal control steps span 3.33 s, while
the first-to-last sample-time difference is 99/30 = 3.30 s.
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6 Training and Deployment Protocol

6.1 Software and initialization

LeRobot supplies the dataset, ACT, and training infrastructure (Hugging Face, n.d.). The
training process used the project’s existing Python 3.12.3 virtual environment and LeRobot
0.6.1. Table 10 lists the principal packages from the captured environment. The complete
package list is retained with the original evidence. A package-version list records what was
installed; it is not a wheel-hash lock file or a guarantee that another machine will produce
identical floating-point results.

Table 10: Principal software versions captured during training. Recording and training use different
video components.

Component Version Role

Python 3.12.3 Project interpreter

LeRobot 0.6.1 Dataset, ACT, training and rollout code
PyTorch / Torchvision 2.11.0 / 0.26.0 Neural computation and ResNet

PyTorch CUDA build 13.0 CUDA build used by this PyTorch package
Accelerate 1.15.0 Training execution support

Datasets / Hugging Face Hub 4.8.5 / 1.30.0 Dataset and artifact support

Safetensors 0.8.0 Model/processor tensor storage
TorchCodec / PyAV 0.11.1 / 15.1.0 Training decoding / recording video support
NumPy / Pandas / PyArrow 2.2.6 / 2.3.3 / 25.0.1 Numerical arrays and tabular data
OpenCV headless 4.13.0.92 Camera processing

W&B 0.27.2 Installed, but disabled for this run

Running lerobot-train does not run pipinstall. It imports already installed packages. A
missing dependency normally causes an import or startup failure. Loading ImageNet weights
is a different operation: Torchvision checks its weight cache and downloads a weight file when
needed (PyTorch Contributors, n.d.). That download does not install a new Python package.

The cached ResNet-18 file existed before training: 46,830,571 bytes, with a recorded modification
date of 6 August 2026. Its SHA-256 is retained in Appendix B. This supports the availability
of the required initialization file, not a complete audit of the process’s network traffic. The
complete robot policy was trained on the collected demonstrations; it was not downloaded as a
pretrained task policy.

The environment inspection found no broken declared package requirements using pipcheck.
This checks dependency declarations, not camera timing, calibration validity, or manipulation
performance. The five relevant implementation files captured during training still matched their
recorded hashes when the report was prepared. Local source identities are important because a
version string alone does not disclose local changes (Henderson et al., 2018).

6.2 Training configuration

The final checkpoint’s saved policy and training configurations confirm Table 11. Values not
overridden at the command line came from the installed defaults; they are reported from saved
files rather than assumed from current documentation.

The process made 100000 x 8 = 800000 sampled anchor presentations, about 800000/31968 =
25.03 dataset-size equivalents. Each anchor includes a future block, often overlapping blocks
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Table 11: Optimization and data-loading settings from the completed run.

Setting Value Interpretation

Optimizer updates 100000 Batch updates, not robot trials

Batch size 8 Eight observation anchors per update

Optimizer AdamW ACT optimization preset

Learning rate / backbone rate 1075 /1075 Both parameter groups optimized

Weight decay 1074 AdamW regularization

Scheduler None No configured learning-rate schedule

Seed 1000 One training seed

Workers / prefetch factor 4/4 Data-loader settings

Video backend TorchCodec Training-time decoding

Image augmentation Disabled No enabled transform augmentation

AMP Disabled Not an FP16/BF16 AMP run

TF32 Allowed by code Distinct from AMP

Validation fraction / interval 0/0 No independent validation loss

Automatic environment evaluation None No simulator or robot success test in
training

Save interval / log interval 20000 / 200 Checkpoint and logging cadence

W&B / automatic Hub push Disabled No remote run history or model upload

from nearby anchors. These equivalents do not mean 25 independently collected datasets or
800,000 different robot trials.

The actual command retained the quoted literal <HF_USER>/expl_snack_into_box_v1l. Local
loading succeeded through the explicit dataset root, so the placeholder did not prevent the
recorded optimization. It is nevertheless not a valid demonstrated Hub identity. The original
invocation is retained in the companion historical-operations file. A subsequent run must use
its actual dataset identity and a fresh output directory.

6.3 Run management and retained artifacts

The recorded run loaded the frozen dataset copy from its explicit local root. Camera feature
names, state/action shapes, device selection, batch size, and model settings were available in
startup and saved configuration records. The completed run was launched by the operator;
report preparation did not launch an additional training process or recreate optimization.

The output retained checkpoints at 20,000-update intervals, each with policy configuration,
weights, processors, and training-state artifacts. The final stored step was inspected indepen-
dently of the abbreviated terminal display. The complete terminal stream was not retained,
leaving only the five metric windows discussed in Section 7. W&B and automatic Hub upload
were disabled.

No independent validation split, automatic task evaluation, or checkpoint-selection comparison
was part of this training protocol. Subsequent validation must use a declared episode/condition
split and normalization fitted on the training partition; the existing 90 episodes cannot retro-
spectively become an independent set for this checkpoint.
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6.4 Deployment settings and operator actions

The deployment command selected the base rollout strategy, an SO-101 follower, the saved
calibration directory, two configured cameras, synchronous inference, a target 30 Hz, and a 45
s duration. The log stated Policyloaded:type=act,device=cuda. This confirms CUDA
selection at loading, while no deployment GPU-utilization series was collected.

The base strategy executes the policy; it does not automatically annotate grasp success or create
an evaluation dataset. The 45 s window is a configuration limit, not a measured task duration
or a success detector. The camera snapshot records the fixed view at 0 degrees rotation and the
wrist view at 180 degrees. Matching these conventions is part of reproducing the observation
distribution.

The operator is responsible for powering, connecting, calibrating, and positioning the real system.
A failed read of a motor register is a communication failure at that step, not a signal to begin
recording or executing a policy. The earlier startup attempt failed to read Torque_Enable on
motor 4; power reconnection and a successful course-command restart were operator actions.
The available record does not isolate whether the original cause was a command choice, cabling,
timing, or device state. It also does not establish a universal claim about the mechanical or
electrical consequences of abrupt power removal.

The rollout shutdown code records a return to the initial position and performs about a 3 s
interpolation. This programmed action must be considered when judging the learned return
behavior. Neither calibration nor software bounds alone establish collision-free motion around
the basket.

6.5 Implementation and reproducibility materials

The project repository is Yanshi-Robotics/Lets-Build-Robots-S1-SO101; the ACT infrastructure
is provided by Hugging Face LeRobot. The project supplies recording, rollout, and offline-
check utilities. LeRobot supplies the dataset interface, processors, ResNet/Transformer policy,
optimizer preset, and checkpoint support. Exact local source identities and configuration records
accompany the report because a repository link alone does not identify local changes.

The offline evaluator is ACT-1-Pick/offline_eval.py. The inspected local version takes
observation.state as its state input; the pinned public revision instead used teacher action
targets for the open-loop input and virtual-state initialization. These are different evaluation con-
ditions. The local snapshot and version-comparison record in Appendix B identify the checked
implementation; the public repository was not modified by report preparation (Yanshi Robotics,
2026).

Historical invocations and implementation examples are retained in report_assets/final_re
port/data/former_code_appendices.txt. These records accompany the configuration tables,
algorithm equations, and source identities used to identify the run.

7 Results and Analysis

7.1 Completion evidence and checkpoints

The recorded process began at 00:24:13 and ended at 03:05:40 on 13 October 2026, Beijing
time. The difference is 9,687 s, or 2 h 41 min 27 s. The progress bar’s training-loop time was
9,684 s; the two measures include slightly different execution scopes. The overall rate is about
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100000/9687 = 10.32 optimizer updates per second.

The terminal retained the final step, save message, Endoftraining, and a returned shell prompt.
The numerical shell exit status was not saved, so it is not reported as an observed exit code of
zero. The final training-state file records step 100000, one process, and batch size 8.

All five checkpoint files were present. Stored tensors and processor statistics were inspected on
CPU and had no detected nonfinite values. Figure 15 shows the save progression. The local
last link resolved to the 100000-step directory; its model hash is recorded in Appendix B.

Table 12: Checkpoint model-file times on 13 October 2026, Beijing time. Each model file contains
206,699,736 bytes; the time is a filesystem observation, not a GPU timing measurement.

Step Model-file modification time Tensor inspection

20000 00:57:08.783 No nonfinite values detected
40000 01:29:16.710 No nonfinite values detected
60000 02:01:24.626 No nonfinite values detected
80000 02:33:32.734 No nonfinite values detected
100000 03:05:40.835 No nonfinite values detected

The final checkpoint was used as the first deployment candidate because training had completed
and the artifact checks passed. No same-condition comparison with earlier checkpoints was
performed. “Final” and “best” therefore remain different descriptions. Selecting the maximum
observed success among repeatedly tested checkpoints would also need an explicit selection
protocol and a separate final test (Mandlekar et al., 2022).

7.2 Retained loss measurements

Table 13 and Figure 16 contain all five retained metric intervals. They are logging summaries,
not a fresh evaluation over every training sample. The displayed step abbreviations in the
original terminal were resolved using adjacent progress output when needed.

Table 13: Retained training metrics. KL is unweighted; the total uses weight 10. Rounding prevents
exact reconstruction of every total from displayed components.

Step Total L1 KL Pre-—clip norm Update time (s)

1400 1.657 0.346 0.131 63.917 0.099
3000 0.786 0.251 0.054 42.641 0.101
5000 0.389 0.204 0.019 28.852 0.101
99800 0.053 0.052 0.000 6.260 0.096
100000 0.052 0.051 0.000 6.162 0.095

The retained L1 decreases from 0.346 to 0.051, approximately an 85.3% reduction relative to the
earliest retained interval. This supports improved normalized fitting on the sampled training
data. It does not locate the onset of a plateau, prove smooth convergence through the miss-
ing interval, or demonstrate absence of overfitting. The two final summaries are close, which
describes that short retained period only.

With a log interval of 200, approximately 500 metric summaries could have been produced during
100000 updates. W&B was disabled, full terminal output was not redirected to a persistent file,
and the installed logging initialization did not supply a log-file path. The retained snapshots
contain five summaries. Checkpoint weights do not encode the missing historical loss values.
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(a) Saved model files over the recorded run
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Figure 15: Checkpoint step versus model-file time and throughput between saves. The first interval
includes initialization, and every interval may include data loading and saving. These measurements
describe progress and wall-clock throughput; they do not replace missing loss records.

(a) Early retained windows (b) Final windows - enlarged
1.75 4 1.657 —e— Total 0.055 - Different y range
0 1504 - L1 _
g - —&— KL (unweighted)
0.053
_g’ 1.25 + 0.053
£ 1.00 1 No retained ‘\352
o history
8 075 05&\-
= 5,000- 0-051 7
% 0.50 4 99,800 0.051
z
0.25
0.049 ~
0.00 T T T T T
1.4 3.0 5.0 99.8 100.0
Optimizer updates (x1083) Updates (x103)

Markers are retained logging-window statistics; lines join only the displayed windows.

Figure 16: All retained loss observations, separated into early and final intervals. There is no retained
loss history between steps 5000 and 99800. Each panel has its own scale, so their visual slopes should
not be compared. No interpolation, smoothing, or validation series has been added.
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Recomputing errors now would be a new evaluation; retraining would be a new run, not a
recovery of this history.

The data-loading time in retained logs was about 0.001 s, with update times near 0.10 s. Gradient
norms were finite in these intervals. Those records help identify a functioning optimization
pipeline, but they do not provide a complete audit of every update or detect all possible training
anomalies.

7.3 Loss composition and interpretation

(c) Reconstruction and weighted regularization
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Component sums can differ from the logged total because values were rounded.

Figure 17: Early loss components and their relative decreases, calculated from the retained rounded
log values. The regularization contribution is 10Lkr,, while the raw metric table reports unweighted KL.
Small inconsistencies between component sums and total loss reflect logging precision.

Between updates 1,400 and 5,000, total loss decreases by approximately 76.5%, whereas nor-
malized L1 decreases by 41.0% and the weighted KL contribution by 85.5%. The earliest dis-
played KL contributes about 1.31 to a total of 1.657; by step 5,000 its displayed contribution is
about 0.19. Thus a large part of the early total-loss reduction is consistent with the posterior
approaching its standard-normal reference. It cannot all be credited to better action reconstruc-
tion. These component comparisons describe the objective balance, not measured grasp quality
or latent interpretability.

Across the earliest and final retained summaries, normalized L1 falls by approximately 85.3%.
That supports improved fitting on sampled demonstration windows. The final two L1 values,
0.052 and 0.051, differ by 0.001 over 200 updates. Their proximity does not establish when a
plateau began, what happened during the missing 94,800-update interval, or how an independent
validation loss would behave.

The displayed final total remains slightly above L1 even though KL prints as 0.000. Indepen-
dently rounded components need not reproduce the displayed total. It would be incorrect to
substitute an exact zero into a claim about posterior collapse, to infer a calibrated likelihood,
or to calculate a precise final regularization fraction from these rounded entries.

The logged gradient norm is the logging-window mean of the total L2 norm returned by the
gradient-clipping function before clipping. The saved threshold is 10.0. Consequently, retained
values such as 63.917 can exceed the threshold without implying that gradients were applied
at that norm. The observed window means decline to 6.162, but the five windows do not
reveal individual-update extremes, clipping frequency, or every training anomaly. AdamW uses
B = 0.9, B2 = 0.999, and ¢ = 1078, its adaptive first/second-moment updates and decoupled
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weight decay were applied with the saved fixed learning rates.

Update times of 0.095-0.101 s and logged data time near 0.001 s suggest that the retained
intervals were dominated by model updates rather than waiting for the next data batch. This is
a local observation: prefetching and logging aggregation limit what those counters reveal about
overall I/0O. Checkpoint-derived throughput additionally includes initialization, saving, and other
wall-clock overhead. Neither timing measure is a substitute for robot control frequency.

7.4 GPU utilization and memory

The training process was observed in GPU memory, and six subsequent nvidia-smi samples
were captured at roughly 3 s spacing from 00:32:31 to 00:32:46. The device was an NVIDIA
GeForce RTX 5070 Ti with 16,303 MiB total memory and driver 580.159.03. Figure 18 separates
utilization from memory scope.

RTX 5070 Ti - six discrete training-period samples
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Sampling is sparse: these observations do not establish full-run means, peaks or continuous usage.

Figure 18: Six training-period GPU samples. Utilization ranges from 69% to 98%; training-process
memory is 4804 MiB in each sample. Whole-device memory includes other allocations and is not inter-
changeable with process memory. Only six discrete observations are plotted.

Five utilization samples were 97-98% and one was 69%. The training process used 4,804 MiB,
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about 4.69 GiB. Whole-device usage ranged from 7,063 to 7,086 MiB. Sampled power was
217.08-229.69 W and temperature 61-62 degrees Celsius. The training log’s mem_gb=3.73 uses
a PyTorch memory metric with a different accounting scope; its difference from process memory
is not evidence of an error.

The process allocation, high sampled utilization, CUDA configuration, and ongoing update logs
together support that the recorded training used the GPU. Available memory can coexist with
high compute utilization because capacity and computational activity are different quantities.
AMP was disabled, while the code permitted TF32 matrix operations; this is not an FP16/BF16
mixed-precision run.

Six samples over about 15 s are insufficient to estimate the run’s average utilization, peak
memory, or energy consumption. Multiplying sampled power by the full training duration would
assume a power history that was not measured. A later read-only check found the training
process absent, with desktop allocations still present on the GPU; process completion does not
imply zero whole-device memory usage.

7.5 Offline-check status and limitations

No offline-evaluation JSON is retained for this run. The evaluator’s prediction, simplified-
feedback, and range checks are described in Section 3, but no corresponding error score is
reported. Episode 8, like the other 89 episodes, participated in training; selecting it afterward
would be a training-set self-check, not held-out validation. A successful evaluator exit would
establish completion of the computation, not a successful grasp.

Any later checkpoint comparison must keep the recorded observations, future offsets, preprocess-
ing, bounds source, and scoring windows fixed. Body-joint MAE and gripper-scale MAE require
separate interpretation. A fixed-image virtual feedback model cannot establish the physical
response to a missed package.

7.6 Autonomous trials
7.6.1 Recordings and observation method

The operator supplied two H.264 recordings with AAC audio, each 1280 x 720 at nominal 30
fps. Video 1 contains 275 frames and lasts 9.167 s; video 2 contains 740 frames and lasts 24.667
s. Both were decoded completely without a reported decoding failure in the recorded inspection.
Their hashes are retained, and report production preserved the original files.

The initial review sampled an overview every 0.5 s and added 0.2 s samples near selected con-
tact/release events. The printable sequences use exact decoded frame indices and presentation
timestamps, while event boundaries remain approximate human observations. Main-text stage
labels remain outside the full frames, while presentation-time and frame-index tags occupy the
lower-left corners. Outlined contact regions correspond to separately labeled crops, with source
frame identities retained; the compact appendix uses lower-left time overlays. Original frames
remain unannotated. The videos were not calibrated against a control clock, and playback
speed was not independently verified. Their durations are recording durations, not separately
measured complete-task latencies.

Three autonomous-loop startup records occur in the terminal buffer: 11:19:46, 11:20:15, and
11:21:35. One process reached its configured duration, while the other two ended with Ctrl+C.
The operator identified two task trials represented by the supplied recordings. There is no syn-
chronized mapping between those videos and the three launches. Process launches are therefore
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not used as the trial denominator.

7.6.2 Trial 1: sustained grasp and placement

Figure 19 shows the first recording from initial placement through empty retraction. Contact
and lifting occur around 3—4.5 s, sustained transport is visible from approximately 4.5 s, and
release occurs around 6.5-7 s. The bag remains inside the basket afterward. One visible grasp
cycle is counted, and it satisfies the first-cycle completion criterion.

This observation supports a complete visible transport-and-release sequence. It does not quantify
contact force, fingertip position error, or the probability of repeating the result. The final
withdrawal is visible but is qualified by the programmed shutdown return discussed in Section 6.

(a) Trial 1 - one sustained grasp cycle

N
0.00 s - f0

~
3 A
450s - f135

Sustaine lift

Transport Release Empty retraction

(b) Contact detail from the outlined frame

4.50 s - f135

The package remains held during lifting.
Transport and release follow in this trial.

Crop bounds are preserved; the original full frame remains visible above.

Figure 19: Video 1: one visible grasp cycle followed by sustained transport and release. Labels give
decoded presentation times and frame indices; Panel (b) enlarges the outlined contact region in frame 135.
Empty retraction is visible; its division between policy output and shutdown interpolation is unresolved.
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7.6.3 Trial 2: multiple grasp cycles

The second recording differs at the contact stage. Figures 20 and 21 preserve the unsuccessful
holding phases as well as the eventual placement. In the first cycle, the gripper approaches and
closes, but by about 5 s it moves without the bag while the bag remains on the table. The
second cycle briefly lifts or tilts the package near 11.5 s; by about 12 s the package is again on
the table.

The third cycle begins around 17.5 s and produces sustained lifting and transport around 20—
21.5 s. Release and settling occur around 21.5-22.5 s. The bag remains in the basket and the
empty gripper withdraws. The operator reported no manual takeover or supplementary human
grasp. Three visible cycles are counted within this one trial.

-

(a) Trial 2 - first and second cycles

10.00s - fO
[ - -~

Initial pose First contact

:5.00 s - f150

Bag on table Second contact Brief lift / tilt

(b) Contact detail from the outlined frame

4.40 s - f132

The first cycle does not sustain transport.
The second cycle is retained in this trial.

Crop bounds are preserved; the original full frame remains visible above.

Figure 20: Video 2, first and second cycles. The first cycle does not sustain the package; the second
produces a brief lift or tilt. Panel (b) enlarges the contact region from frame 132. The full sequence
retains earlier contact failures alongside the second cycle.
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-

(a) Trial 2 - transition, third cycle and placement

21.50 s - f645

2450 s - f735

Transport Release Empty retraction

(b) Contact detail from the outlined frame

20.50 s - f615

A sustained lift is visible in the third cycle.
The bag is subsequently released in the basket.

Crop bounds are preserved; the original full frame remains visible above.

Figure 21: Video 2, return to the table and third cycle. The package is subsequently carried to the
basket and released. Panel (b) enlarges frame 615 during lifting and transport. The 12.00 s frame belongs

to the same trial as the final placement; the three cycles are not independent trials.
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7.6.4 Counts and event timing

Describing this sequence as eventual completion after multiple cycles is supported by the images.
Describing it as a verified failure-detection algorithm would require evidence about the policy’s
responses to controlled alternative observations. The current model has no separately measured
success classifier, and the video alone does not reveal the internal reason for each later motion.

Table 14 separates endpoint completion from first-cycle completion. Figure 22 summarizes
approximate event ranges. It does not reconstruct joint trajectories or policy-query instants.
The extended sequences in Appendix C provide additional temporal context.

Table 14: Results for the two operator-designated trials. Counts refer to the recorded conditions and
visible cycles.

Trial Grasp cycles Final placement First-cycle completion Empty retraction
Video 1 1 Yes Yes Visible

Video 2 3 Yes No Visible
Aggregate 4 cycles 2/2 trials 1/2 trials 2/2 visible

The endpoint count answers whether the package ultimately reached the basket and was released.
The first-cycle count answers whether the task completed without another visible grasp cycle.
Combining them avoids two misleading descriptions: the second case was not a first-attempt
grasp, and its early misses did not prevent eventual placement.

With only two trials from one trained policy and unregistered positions, there is no basis for a
reliable population success estimate, location-generalization claim, or comparison with another
method. Training seeds, task trials, and within-trial grasp cycles are three different statistical
units. Statistical practices designed for larger benchmark studies should not be copied mechan-
ically to this sample (Henderson et al., 2018; Agarwal et al., 2021).

7.6.5 Deployment warnings and attribution

Startup-adjacent warnings reported approximately 5.7, 5.7, and 5.8 Hz, below the 30 Hz target.
The inspected code derives that warning from an individual loop duration. It does not mea-
sure the complete recording’s average frequency. Without per-step observation, inference, and
publication timing, neither the warning nor the configured target identifies the actual sustained
rate.

The terminal also reports a Rerun proxy buffer exceeding 1 GiB, dropping old visualization
messages, and gRPC interruptions. These observations limit visualization-history completeness.
They do not directly demonstrate that the robot control failed, that dataset files were damaged,
or that a particular contact miss was caused by visualization overhead. The report retains the
warnings without converting them into an unsupported causal explanation.

44



Lets Build Robots S1: SO-101 ACT Experiment Report Yanshi Robotics

-

(a) Recorded event ranges and grasp cycles

c1 ,
N .
I
c1 c2 c3 .
Bl N -
I
\ \ \ \ \

0 S) 10 15 20 25

Video time (s); approximate manual event boundaries

-

(b) Trial outcomes and linked contact frames

212 trials 1/2 trials 1+3

Final placement First-cycle completion Cycles in the two trials

[4.40s - 1132
Trial1-C1 Trial 2 - C1 Trial 2 - C3
I other / retraction B contact / lift | Transport M Release

Video clocks are not synchronized with the control loop; recordings are two cases.

Figure 22: Approximate video event ranges from manual review. Colored segments identify contact /lift,
transport, release, and other visible motion. Gaps are not interpolated. The recording end is dotted; time
is not synchronized with control logs.
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8 Discussion and Future Work

8.1 What the evidence supports

The strongest result is a physical one: the trained model participated in two operator-confirmed
autonomous trials in which the bag was visibly transported into the basket and released. This
is stronger evidence of task execution than a successful import, finite checkpoint tensors, or
decreasing training loss. The first trial also shows that a single visible grasp cycle can suffice
under one of the recorded conditions.

The training evidence supports successful completion of the prescribed update count and im-
proved fitting in the retained intervals. The hardware evidence supports GPU use during the
sampled training period. These results form a coherent end-to-end demonstration, but each
remains tied to its measurement scope. There was no independent validation set, complete
learning curve, multi-seed training comparison, or controlled checkpoint comparison.

8.2 Why low average error can coexist with grasp misses

The supervised objective aggregates errors over joints, times, and sampled windows. A short
contact error can be numerically small in that aggregate while changing whether the bag stays
between the fingertips. A flexible package can also change shape or orientation, so similar joint
targets need not produce identical contact outcomes. The second trial makes the distinction
visible without identifying a single cause.

The latent regularizer provides another reason to inspect loss components separately. A large
early decrease in total loss partly reflects KL reduction. Even a lower reconstruction term
measures target imitation rather than a task-specific contact objective. No loss in this run
directly labels “bag securely held” or “bag inside basket.”

8.3 Candidate explanations and discriminating tests

Table 15 organizes follow-up reasoning. Each proposed mechanism is plausible enough to test,
but none is claimed as the established explanation. A useful test changes or measures the
quantity that distinguishes competing causes.

8.4 A staged next evaluation

The first next experiment can use the current checkpoint without retraining: fix a documented set
of initial placements, repeat them, and preserve complete video/control timing. A proposed small
protocol is ten predefined placements with three trials each, for 30 trials. Record arm-relative
position, bag orientation, lighting, basket location, reset method, manual intervention, first-cycle
completion, final placement, cycle count, and stopping reason. Randomize or counterbalance
condition order where practical.

These new trials would be independent executions. Because 75 current training episodes lack
location labels, they would not automatically establish unseen-position generalization. To make
that claim, a subsequent dataset must record training positions and reserve test positions before
training. A test may use familiar locations to measure repeatability, or distinct locations to
measure a specified spatial change; the label must match the protocol.

Checkpoint selection should use a declared validation procedure. The final test cases should not
also be used repeatedly to choose the checkpoint or tune deployment settings. A model selected
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Table 15: Observed issues, candidate explanations, and tests that could distinguish them. Proposed

tests were not performed.

Observation

Early cycles fail to maintain the
bag

Repeated cycles before
completion

Potentially delayed visual

correction

Long stationary training tail

Startup frequency warning

Low retained loss, unknown
generalization

Candidate explanation

Contact point, bag orientation,
gripper timing, or deformation
differs from successful cases.

New observations influence later
queries, or the learned sequence
repeats a familiar pattern.

A 100-step queue postpones the
next visual replan.

Sampling places extra weight on
stationary targets.

Observation, inference,
communication, or scheduling
cost exceeds one tick.

Training fit may be good only
near demonstrated conditions.

Discriminating measurement or
comparison

Synchronized close-up and
joint /target logging; fixed
position with controlled
orientation changes.

Record query instants; compare
controlled post-miss bag
placements under the same
checkpoint.

Compare compatible prefixes
with the same checkpoint and
log end-to-end timing.

Retrain on a separately
versioned, explicitly segmented
dataset with other conditions
controlled.

Timestamp each component on a
common clock, rather than infer
from one warning.

New independent trials with
recorded conditions; a
pretraining group split for a new
model.

after observing many trials can appear stronger on those same trials than on a fresh evaluation.
Demonstration-learning studies emphasize that selection protocol and data quality materially
affect interpretation (Mandlekar et al., 2022).

8.5 Controlled ablations

Table 16 proposes a small set of useful comparisons. The entries are plans, with no reported per-
formance. All comparisons require identical condition definitions and consistent scoring. Train-
ing seed repeats address training variability; repeated robot trials address execution variability.
Neither substitutes for the other (Henderson et al., 2018; Agarwal et al., 2021).

Before a method-superiority claim, a later study should include matched baselines, multiple
training seeds, and a sufficient number of consistently defined robot trials. The current exper-
iment has no evidence that ACT is better than a single-step policy or Diffusion Policy on this
task. Additional algorithms are a later research question, after the basic data and evaluation
records are reliable.

8.6 Limitations

The study has one task, one object type, one training seed, one deployed checkpoint, and two
recorded trials. Initial test coordinates were not registered. Only the first 15 demonstrations
received the stated visual review; the full training curve and independent validation are absent.
No offline evaluator result, synchronized action trace, contact-force measurement, or complete
deployment latency series is available.
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Table 16: Unperformed comparisons for a later authorized experiment.

Question

Does more frequent feedback help?

Does temporal ensembling help?

Does data cleanup help?

Which view is useful?

Does chunk length matter?

Controlled comparison

Same checkpoint, k£ = 100,
compatible h = 100, 20, 1
settings.

Compare h = 1 without and
with a declared ensemble
coefficient.

New version with explicit
stationary-tail policy; retain the
original.

Matched training/evaluation
with top, wrist, or both.

Matched models with different
k.

Required distinction

Deployment comparison;
measure latency and outcomes.

Keep query frequency
comparable; do not confound
ensembling with a 100-to-1
prefix change.

Requires retraining and a split
fixed beforehand.

Input changes require
corresponding training; do not
treat an untrained missing
camera as a fair ablation.

Output architecture and target
windows change; a new training

run is needed.

The operator’s autonomy confirmation and the visible video evidence answer different aspects of
the record. The supplied recording durations have not been verified as one-to-one real-time task
durations. The three process launches cannot be mapped to the two videos. The visible return
motion cannot be completely assigned to the policy because shutdown interpolation also returns
the arm. These limits restrict claims about timing, recovery, learned return, and generalization
while leaving the observed placement /release results intact.

9 Conclusion

Ninety SO-101 demonstrations supported a completed 100000-step ACT training run and two
recorded autonomous pick-and-place cases. The model used current fixed/wrist images and six
joint readings to predict 100 six-dimensional position targets. Training combined valid-element
L1 reconstruction with a weighted KL regularizer; deployment fixed the latent to zero and
consumed a 100-step action queue before requesting another block.

The retained training records show improved fitting and GPU execution. The videos show final
placement and release in both trials, with first-cycle completion in one. The second trial’s early
holding failures show why endpoint completion, first-cycle performance, and average target error
should all be reported. They also identify contact-stage behavior as a useful subject for the next
controlled investigation.

A stronger next result would come from complete logs, synchronized query/action/video records,
documented initial conditions, and a fixed evaluation protocol. Those measurements would allow
timing, feedback, and contact hypotheses to be distinguished. A new training experiment with
episode/condition separation would then support independent validation and more defensible
checkpoint selection.
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A Notation and Units

Symbol

Ot

qt

at

g m = =

=9

model

dy,

sl

€s

M, 5

Ap—t

Table 17: Notation used throughout the report.

Meaning

Anchor or control-step index
Current observation
Measured joint-state vector
Target vector

Normalized target

Future target block
Predicted target block

Prediction length

Executed prefix length

Target control frequency
Batch size

Action dimension

Transformer hidden dimension
Attention-head count

Key dimension per head

Latent vector

Posterior parameters

Sampling noise

Normalization stabilization
Valid-target mask
KL weight

Ensemble coeflicient

Prediction made at p for
target ¢
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Convention

Discrete index; wall-clock time requires
separate measurement.

Two RGB images and measured follower
state.

Six components; five angles and one
gripper scale.

Same six-component ordering as the
state.

Dimensionless after per-component
normalization.

k rows, indexed 0 through k£ — 1.

Ordered outputs, not an unordered object
set.

100 in the run; 4 in the worked example.
100 in the run; 2 in the worked example.
30 Hz; not a measured full-run frequency.
8 for training, usually 1 for live inference.
6.

512.

8; avoids reusing h.

64 when 512 is divided among 8 heads.

32 components; fixed to zero at
deployment.

¢ =log o2, not logo.

Standard normal in the
reparameterization equation.

Distinct from the sampled latent noise.
1 for genuine data, 0 for padding.

10 for this run.

Distinct from mask my ;; no ensemble
was enabled.

Ensemble alignment notation.
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B Saved Configuration and Evidence Provenance

B.1 Configuration records

Tables 18 and 19 are generated from the archived completed-checkpoint configuration. The full
JSON files accompany the report under report_assets/data/saved_policy_config.json
and saved_train_config. json. They preserve fields beyond the settings discussed in the main
text. Feature shapes are explained in Table 5; software versions appear in Table 10 and the
original installed-package list.

Table 18: Algorithm fields from the saved policy configuration. The companion JSON retains all fields,
including feature shapes.

Field Saved value
type act
n_obs_steps 1

device cuda
use_amp false
chunk_size 100
n_action_steps 100
vision_backbone resnetl8
pretrained_backbone_weights ResNet18_Weights.IMAGENET1K_V1
replace_final_stride_with_dilation false
pre_norm false
dim_model 512
n_heads 8
dim_feedforward 3200
feedforward_activation relu
n_encoder_layers 4
n_decoder_layers 1
use_vae true
latent_dim 32
n_vae_encoder_layers 4
temporal_ensemble_coeff None
dropout 0.1
kl_weight 10.0
optimizer_lr le-05
optimizer_lr_backbone le-05
optimizer_weight_decay 0.0001

Table 19: Additional saved training and optimizer fields.

Field Saved value
seed 1000
cudnn_deterministic false
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Field

num_workers

batch_size

prefetch_factor

persistent_workers
dataloader_multiprocessing_context
steps

env_eval_freq

log_freq

eval_steps

max_eval_samples

tolerance_s

save_checkpoint

save_freq
use_policy_training_ preset
scheduler
optimizer.type
optimizer.lr
optimizer.weight_decay
optimizer.grad_clip_norm
optimizer.betas

optimizer.eps

Saved value

4

8

4

true
spawn
100000
20000
200

0

0
0.0001
true
20000
true
None
adamw
1le-05
0.0001
10.0
[0.9,0.999]
1le-08

B.2 Files that support the measurements

Table 20 identifies the original evidence by its function. Paths are relative to experiment_asset
s/evidence. The report’s figures are derived from these records; no training loss or evaluation
score was synthesized to fill a missing interval.

Table 20: Original evidence files and the claims they support.

File

dataset_snapshot. json
core_manifest. json
episodes.csv
frames/frames. json
action_chunk_sample. json

environment. json

Content and scope

Dataset counts, structure checks, durations,
known labels, and review limitations.

SHA-256 and byte sizes for the 27
original /training-copy core files.

Episode durations, indices, metadata matches,
and timestamp differences.

Demonstration frame indices and
episode/container times.

Recorded teacher targets for episode 8, frames
120-219.

Training environment, defaults, core source
identities, cached backbone identity.
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File

installed_packages.txt

gpu_process_snapshot. json

training metrics_completed.csv

terminal-snapshot-completed.txt

training_completion. json

gpu_after_training. json

video_metadata. json

video_review. json

deployment_snapshot. json

terminal-rollout-20261013.txt

deployment_cameras. json

Content and scope

Installed package versions; not a complete
hashed installation lock.

Process identity, command, start time, and six
GPU samples.

The five retained loss/gradient/timing
summaries.

Final summaries, save message, and
end-of-training text.

Checkpoint steps, hashes, model times, tensor
and processor inspections.

Later absence of the training process, with
remaining desktop allocations.

Recording codecs, dimensions, frame counts,
and durations.

Operator statement, video hashes, manual
event ranges, and outcome counts.

Loaded policy settings, final model identity,
launches, and mapping limitations.

CUDA selection, frequency/visualization
warnings, and shutdown messages.

Camera names and direction settings captured

at review.

The generated report_assets/data/frame_manifest.json gives the exact decoded frame
selected for each requested video time. The report_assets/paper_final/data/generatio
n-all. json manifest identifies each revised figure’s sources and purpose, including constructed
illustrations. The accompanying crop record retains source frame identities and pixel bounds.
These records identify the evidence behind each frame or curve; the plotting script does not
supply experimental outcomes.

B.3 Model, video, and source identities
The final model’s SHA-256 is:

df59354de551£19a3c406b85ce8f143701abd3£fce648781£5£8ec1b7f£387999

It refers to outputs/train/act_snack_in_box/checkpoints/100000/pretrained_mod
el/model.safetensors. The policy package includes configuration and processors; training
checkpoints additionally retain optimizer/training state files. Model weights are not duplicated
into this report package.

The original recordings retain these identities:

Video 1
fc9bc9aec2d7a952a35461bb7b2ad47e2264575ffcb54dc93597£03045beedde

Video 2
5adf0ed938f5d616b659924d9e79c08c4ac2ad0blbd28bdde118c5c54a140e36
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The cached ImageNet initialization identity is:
£37072£d47e89c5e827621c5baffa7500819f7896bbacec160blal6c560e07ec

Table 21 records the five implementation files captured during training. Exact copies are in-
cluded under report_assets/source_snapshots; their original headers are retained. The
complete installed package is still an environment dependency, so these source files are prove-
nance references rather than a stand-alone replacement for LeRobot.

Table 21: Training-period source SHA-256 values. The names identify companion snapshots.

Snapshot SHA-256

act_config.py 35a60c0dd3c811b137b5eb035bdbd40d40e2¢c24ba0cda6175605
2e6e1c829282

act_model.py a6cla49cbdaafab13b9abee9b986205d327e25c70ed13623ab2e
6c0ab6bl1£577

train_script.py 059bda054bbb188d4a40d0a32941aa4d9acb59252a37d67a258e6
85a0a6d063ec

train_config.py 117d9829af0db49a681876861ac6£b014bf1927b03655¢3428d0
ec1db968af79

dataset_config.py e8307a48aa97c1b3£d0722e9a849deblbc1bb48b63e3109b6368
3eb7££e08105

The locally corrected offline evaluator has SHA-256

c4858cfcece9040baf04db1d1838dc31£2f2c15a4a39f9d79fbc2e3a97b3cd46

The checked public file revision is d3c410123a4c3c7c6146ed7c83al16aa7£3d5142, dated 29
September 2026. Its content SHA-256 is

16cb539f0e4£5b06£0e2cbbb7bfe465469301d0b1£4500£32a8e6ba9178c323c¢

The public revision’s input uses teacher actions where the local version uses recorded state. This
is a methodological difference, not simply an alternative filename. The comparison metadata is
included under report_assets/data/offline_source_comparison. json.

B.4 Key implementation locations

The ACT policy configuration defines action offsets and architectural settings. The model
snapshot contains ACTPolicy.forward, ACT.forward, ACTPolicy.select_action, and
ACTTemporalEnsembler. These functions respectively define loss reduction, the poste-
rior/observation/decoder paths, queue consumption, and ensemble weighting. The local
evaluator’s evaluate_one and _obs functions define its scoring and state-input construction.

Function names and hashes are more useful than an unqualified line number: line numbers can
move even when a behavior is unchanged. Reproduction should record the installed implemen-
tation and saved configuration together. Exact numeric repeatability additionally depends on
libraries, hardware, seeds, and execution details that are not all controlled by a version label
(Henderson et al., 2018).
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C Extended Video Frame Sequences

-

Video 1 - group 1- 0.00-4.10 s

Figure 23: Video 1: twelve preserved overview frames from 0 to 9.0 s, in two six-frame groups. Read
left to right, then top to bottom. The overlay reports actual selected PTS and zero-based frame index;
all original full-frame images remain available without overlays.
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-

Video 2 - group 1 - 0.00-7.20 s

21.63s - 1649 ~ 1% B 2450's - {735

Figure 24: Video 2: eighteen preserved overview frames from 0 to 24.5 s, in three six-frame groups.
The sequence retains the early unsuccessful contact periods and the final placement. Overlays identify
selected video frames, not synchronized control events.
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D Common Questions
D.1 Task and data

Q1. What are the six policy outputs, and why do their units matter?

The outputs are shoulder pan, shoulder lift, elbow flexion, wrist flexion, wrist roll, and gripper
opening. The first five are degrees; the last is a 0-100 scale. A combined physical-unit average
mixes degrees and scale points, so per-joint errors are needed.

Q2. Why is an action target different from an observed joint state?

The target is a command; the reading is the realized /observed position. Tracking dynamics and
delay can make them differ. Substitution changes the input distribution and can invalidate a
comparison with deployment.

Q3. Which targets and observations form a four-action training sample anchored
at t = 107

Targets are ayg,a11, @12, a13. This run uses one current pair of images and one current state, not
four image pairs.

Q4. How do optimizer steps, epoch-equivalents, trials, and grasp cycles differ?

A step is one optimizer update. An epoch-equivalent counts sampled anchors relative to dataset
size. A trial is one designated task execution; several grasp cycles can occur within it.

Q5. Can the 90 training episodes later become a held-out set?

The checkpoint already fitted all 90. A post hoc selection remains training data for that model.
New independent data or a new model trained with a prior split is required.

D.2 Network and objective

Q6. How are the visual-token and encoder-token counts obtained?

Each view has 15 x 20 = 300 spatial tokens. Two views give 600; state and latent add two, for
602 policy encoder tokens. The posterior encoder has a different 102-token sequence.

Q7. What does an action query represent, and why is DETR matching absent?

A query identifies a future time slot in an ordered action block. DETR predicts an unordered
object set and uses matching; those labels and losses are not the ACT objective.

Q8. What enters the posterior encoder, and what remains at deployment?

The posterior consumes current joint state and future demonstrated actions, with padding
masked. The observation-fusion encoder remains during deployment; only the training posterior
branch is bypassed.

Q9. How is a latent sampled from a predicted log variance?

14

Use z = 1 + €'/2 ® e with standard-normal noise. Since ¢ = log o2, e’ is variance and its square

root is e%/2.

Q10. Does fixing z = 0 average all possible action sequences?

The decoder is nonlinear. Its value at the mean of the input latent need not equal the mean of
its outputs over latent draws; it also need not be the marginal output mode.

o6



Lets Build Robots S1: SO-101 ACT Experiment Report Yanshi Robotics

Q11. For four six-dimensional rows with only two valid rows and absolute-error sum
2.4, what masked L1 is obtained? What would division by all 24 elements produce?

The valid-element mean is 2.4/12 = 0.2. Dividing by all 24 elements incorrectly gives 0.1, making
extra padding appear to improve fitting.

Q12. How is KL reduced, and what does its weight 10 mean?

KL is summed over 32 latent coordinates and averaged over the batch. The value 10 scales its
contribution relative to the implemented reconstruction reduction; it is not a probability or a
physical-unit conversion.

Q13. What does a logged KL value of 0.000 establish?

It is a rounded displayed value. It neither proves exact equality to zero nor establishes posterior
collapse without additional latent/posterior measurements.

D.3 Execution and feedback

Q14. Which query supplies each action when k£ =4 and h = 27

Query 0 supplies times 0 and 1; query 2 supplies times 2 and 3. Its old unexecuted rows are
discarded in the prefix strategy.

Q15. How long is a 100-target queue at a nominal 30 Hz?

Executing 100 nominal ticks takes 100/30 = 3.33 s. The first-to-last target sample-time span is
99/30 = 3.30 s. Actual wall-clock timing requires measurements.

Q16. Does a 30 Hz camera imply 30 ACT queries per second?

The execution wrapper may consume queued actions while acquiring newer observations. In this
run, a new block is predicted only when the 100-action queue empties.

Q17. How should temporal ensembling be compared fairly?

Compare h = 1 without ensembling with A = 1 and a declared coefficient, holding checkpoint,
input processing, conditions, and scoring fixed. Log timing. Comparing h = 100 against an
ensemble confounds query rate and weighting.

Q18. What evidence would attribute the final rest motion to ACT?

Synchronize policy targets, process-stop/return events, and video; inspect whether withdrawal
precedes the programmed shutdown interpolation. Visible retraction alone cannot separate the
sources.

D.4 Training and evaluation

Q19. Can five loss summaries identify convergence or the best checkpoint?

Missing intermediate records allow many unobserved training paths. Final and early summaries
show fitting improvement but not when a plateau occurred, whether overfitting occurred, or
which checkpoint performs best on independent data.

Q20. How do process memory, device memory, and GPU utilization differ?

Process memory belongs to the recorded process’s accounting scope; whole-device usage includes
other allocations. Utilization describes computational activity during a sampling interval, not
the fraction of memory occupied.
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Q21. Why did an unquoted episode placeholder cause a shell error?

Bash interprets the angle bracket as input redirection and tries to open a named file. A numeric
episode argument removes that parsing error; quoted repository placeholders still need real
identities.

Q22. What is checked in degrees mode without a model directory?

Only the gripper’s 0-100 bounds are finite in that mode. The five body-joint ranges are not
checked. A matching URDF adds numeric joint limits, not collision detection.

Q23. Why is the simplified feedback check physically inconsistent?

The virtual state follows predicted targets, but images remain those of the recorded demonstra-
tion. The pair can describe incompatible physical scenes, and the gain 0.35 is not measured
robot dynamics.

Q24. What are the recorded placement and first-cycle completion counts?

Final placement and release occurred in 2/2 trials; first-cycle completion occurred in 1/2. There
are four visible grasp cycles, one in video 1 and three within video 2. Four is not the trial
denominator.
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