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Abstract

The rapid emergence of Vision-Language-
Action (VLA) models has fundamentally shifted
robotics toward end-to-end, generalist architec-
tures capable of complex semantic reasoning.
However, the lack of a unified evaluation stan-
dard remains a critical bottleneck, as research
often relies on disparate metrics that fail to
bridge the gap between offline action accuracy
and online physical deployment. We introduce
FRAME, a comprehensive, open-source evalua-
tion framework built natively on TorchMetrics to
facilitate reproducible and scalable robot policy
research. FRAME provides a modular taxonomy
of 15+ standardized metrics across four critical
dimensions: Task Performance, Trajectory
Quality, Safety, and Efficiency. Safety metrics
(collision rate, obstacle proximity, risk factor)
are implemented in the library; their deployment
requires contact or proximity sensing signals,
which we leave to future hardware-instrumented
experiments. We demonstrate the utility of
FRAME through an empirical study of four
pre-trained policies (Diffusion Policy, VQ-BeT,
and ACT) on the PushT manipulation task, and a
physical robot evaluation of SmolVLA and pi0
on the SO-101 manipulator. Our analysis reveals
significant discrepancies between traditional
success rates and trajectory-level quality, high-
lighting critical failure modes that binary metrics
alone cannot capture. By providing interpretable
process metrics and trace-level diagnostics,
FRAME enables a more nuanced understanding
of robot policy performance and establishes a
common language for identifying and mitigating
failure modes in embodied AI.

1Anonymous Institution, Anonymous City, Anonymous Re-
gion, Anonymous Country. Correspondence to: Anonymous Au-
thor <anon.email@domain.com>.

Preliminary work. Under review by the International Conference
on Machine Learning (ICML). Do not distribute.

1. Introduction
1.1. Background and Motivation

Traditional robotics systems historically relied on modu-
lar architectures separating perception, planning, control,
and task specific components. Initially, robotics was heav-
ily based on meticulously hand-crafted mathematical mod-
els and heuristic algorithms. As the field of AI and ma-
chine learning progressed, the perception system and plan-
ning were replaced by end-to-end learning-based algo-
rithms(Xiao et al., 2025; Khan & Waheed, 2025; Chen
et al., 2024). As these systems were developed separately,
they had individual evaluation criteria and metrics, and high
level integration metrics.

Recent progress in foundation models enabled generalist
Vision Language Action Models (VLAs) to achieve impres-
sive results by fusing multi-modal information such as im-
ages, textual instructions and robot state to generate robot
actions. They are highly capable of reasoning and show
complex understanding of the world (Brohan et al., 2023;
Zitkovich et al., 2023; Kim et al., 2025; Black et al., 2026).
Similarly, new paradigms have emerged in learning of be-
havior policy through imitation learning and reinforcement
learning, such as ACT (Zhao et al., 2023), Diffusion-Policy
(Chi et al., 2023) and VQ-Bet (Lee et al., 2024).

Evaluating end-to-end systems predominantly relies on bi-
nary criteria like success rates, which lack detailed per-
formance insights into the failure modes of the policy.
Two policies might share identical success rates, but trace-
level diagnostics may reveal one is smooth yet slow, while
the other is fast but jerky. Granular insights are cru-
cial when trajectory quality matters, such as handling liq-
uids. While recent papers propose ad-hoc metrics, existing
frameworks remain fragmented, lacking unified trajectory
analysis across diverse platforms. This motivates a stan-
dardized framework easily integrated into training pipelines
to extract interpretable process metrics.

1.2. Contributions

The primary contribution of this work is FRAME, a
lightweight extensible evaluation library built on Torch-
Metrics(Nicki Skafte Detlefsen et al., 2022) for trace-level
diagnostics and fine-grained metrics. We provide the fol-
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FRAME: Framework for Robotic Action and Motion Evaluation

Table 1. Evaluation Metric Taxonomy

Category Metric Purpose

Task Performance

Success Rate, SR (Brohan et al., 2023) % of tasks successfully finished.

Task Completion Rate, TCR (Brohan et al.,
2023)

Fraction of multi-step tasks fully executed.

Mean Squared Error, MSE (Dobiš et al.,
2022)

MSE between prediction and actions.

Avg./Norm. MSE (Dobiš et al., 2022;
Farag et al., 2021)

Action-error mean and scale-normalised.

Trajectory Quality

Path Length, PL (Fankhauser et al., 2015) Total distance travelled in trajectory.

Path Smoothness, PS (Guillén Ruiz et al.,
2020)

Avg change in heading; detects oscillations.

Curvature Change, CC (Hwang et al.,
2004)

Variation in local curvature along path.

Absolute Traj. Error, ATE (Sturm et al.,
2012; Endres et al., 2012)

Global pose deviation from ref trajectory.

Relative Traj. Error, RTE (Sturm et al.,
2012; Endres et al., 2012)

Local drift over fixed temporal windows.

Safety & Robustness
Collision Rate, CR (Hoy et al., 2015) Collisions per time-step; core safety indicator.

Obstacle Proximity, OP (Blunder et al.,
2022)

Closest distance to any obstacle encountered.

Risk Factor, RF (Majumdar & Pavone,
2020)

Path-wide avg inverse distance to obstacles.

Efficiency
Inference Latency, IL (Brohan et al., 2023) Wall-clock time for one model inference.

Computation Time, CT (Hartmanis &
Stearns, 1965)

Proc cycles consumed per decision step.

Memory Usage, MU (Wang & Sun, 2014) Peak RAM + VRAM used during execution.

lowing:

• Unified Python Framework: An extensible li-
brary that integrates directly into PyTorch loops
for real-time monitoring of 15+ metrics across task
performance, trajectory quality, safety, and effi-
ciency. Code available at: https://anonymous.
4open.science/r/FRAME (anonymized for re-
view).

• Empirical Study: A holistic evaluation of four pre-
trained policies (Diffusion Policy pixel,Diffusion Pol-
icy keypoint, VQ-BeT, ACT) in simulation and fine-
tuned policy (SmolVLA) and pi0 on a physical robot,
revealing that trajectory-level metrics expose failure
modes invisible to success rate alone.

• Discovery of the “Evaluation Gap”: An empirical
demonstration that standard Success Rates can mask
critical differences in trajectory smoothness and effi-

ciency, with policies at similar SR exhibiting substan-
tially different motion quality profiles.

2. Related Work
The rapid evolution of Vision-Language-Action (VLA)
models has necessitated a shift from ad-hoc testing to rig-
orous, standardized benchmarking.

Simulation-Based Benchmarks: Foundational work in
this domain focuses on task diversity and reproducibil-
ity. RLBench (James et al., 2020), a large-scale simu-
lation benchmark, established the standard for multi-task
learning by providing 100 uniquely designed manipulation
tasks ranging from simple reaching to complex multi-stage
sequences. Building on this foundation, The Colosseum
(Pumacay et al., 2024) systematically evaluates generaliza-
tion by stress-testing policies across 14 axes of environ-
mental perturbations, such as lighting, texture, and physical
property changes (mass, friction). While these benchmarks

2

https://anonymous.4open.science/r/FRAME
https://anonymous.4open.science/r/FRAME


110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164

FRAME: Framework for Robotic Action and Motion Evaluation

excel at assessing task success under varying conditions,
they primarily rely on binary outcomes in simulation.

Autonomous and Trustworthy Evaluation: Address-
ing the scalability bottleneck of physical deployment, re-
cent works have focused on automating the evaluation
pipeline. AutoEval (Zhou et al., 2025) introduces “round-
the-clock” protocols using a secondary Vision-Language
Model (VLM) to score real-world task progression, reduc-
ing manual monitoring effort by over 99%. Complement-
ing this, Trustworthy Evaluation of Robotic Manipulation
(Liu et al., 2026) tackles the “credibility crisis” in reported
metrics. It proposes a framework to replace opaque suc-
cess rates with transparent, fine-grained assessments, uti-
lizing the Eval-Actions dataset to verify the authenticity of
autonomous trajectories.

Multi-Task Benchmarks: Several large-scale benchmarks
have established standard evaluation protocols for manip-
ulation policies. CALVIN (Mees et al., 2022) evaluates
long-horizon, language-conditioned manipulation across
34 tasks in four environments, introducing chained task-
completion as a richer success metric. LIBERO (Liu
et al., 2023) provides 130 manipulation tasks organized
into suites targeting knowledge transfer and lifelong learn-
ing. Meta-World (Yu et al., 2020) offers 50 tabletop tasks
with a multi-task protocol widely used to assess policy
breadth. While these benchmarks differ in task scope, they
share a reliance on binary success rates and do not mea-
sure trajectory quality. The Open X-Embodiment (Open X-
Embodiment Collaboration, 2023) dataset and Octo (Octo
Model Team et al., 2024) generalist policy further high-
light the pressing need for evaluation frameworks that scale
across robot morphologies, a gap that FRAME directly ad-
dresses.

Concurrent VLA Evaluation Frameworks: Several re-
cent benchmarks propose complementary evaluations (Ta-
ble 2). VLA-Arena (Zhang et al., 2025) tests models in in-
teractive 3D environments with language goals, while SIM-
PLER (Li et al., 2024) evaluates sim-to-real correlation.
REALM (Sedlacek et al., 2025) provides robust trajectory
alignment protocols, and MolmoSpaces (Kim et al., 2026)
focuses on large-scale spatial reasoning. RoboEval (Wang
et al., 2025) explores trajectory metrics like jerk, but fo-
cuses on post-hoc evaluation. However, these benchmarks
remain external to policy learning. Crucially, none inte-
grate natively into the PyTorch training loop or expose fine-
grained metrics (smoothness, curvature, safety) during de-
velopment. While FRAME currently uses these metrics for
real-time logging, its PyTorch-native implementation en-
ables future use as auxiliary losses. FRAME is designed
to augment, not replace, these simulators: its TorchMetrics
layer can integrate inside pipelines like SIMPLER or VLA-
Arena to provide continuous trajectory tracking alongside

binary success.

While these frameworks address environmental robustness
and autonomous monitoring, they often treat the policy’s
execution quality as a black box. There remains a lack of
a unified, training-native ecosystem that evaluates how the
motion is executed: specifically, quantifying smoothness,
safety, and efficiency alongside success. FRAME bridges
this gap by introducing a comprehensive, PyTorch-native
taxonomy that integrates directly into training/eval loops.
Unlike previous works that focus solely on ”did it suc-
ceed?”, FRAME provides comparable trace-level diagnos-
tics and an early signal of performance decay, establishing
a critical link between offline accuracy and online physical
reality.

3. FRAME Methodology
3.1. Architecture Overview

FRAME provides a TorchMetrics-compatible modular li-
brary for a comprehensive Robot policy evaluation. Fig-
ure 1 illustrates the framework architecture, which supports
both online computation during training/evaluation and of-
fline analysis of recorded trajectories.

3.2. Metric Taxonomy

The FRAME suite is organized into a four-tier taxonomy,
transitioning from high-level task goals to low-level hard-
ware constraints described in Table 1.

3.2.1. TASK PERFORMANCE METRICS

These metrics provide a top-down assessment of a model’s
ability to interpret instructions and execute the correct se-
quence of actions. Success Rate (SR): This metric provides
a top-down assessment of a model’s ability to interpret in-
structions and execute correct action sequences. However,
SR alone often masks nuances in long-horizon tasks. We
therefore implement the Task Completion Rate (TCR) to
evaluate multi-step sequence execution:

SR =
Nsuccess

Ntotal
(1)

TCR =
Ncompleted tasks

Ntask chains
(2)

Action Accuracy: Measures the precision of predicted
actions against ground truth trajectories, providing a di-
rect assessment in offline scenarios where physical deploy-
ment is unfeasible. We evaluate using Mean Squared Er-
ror (MSE) and its variations, utilizing Normalized Average
MSE (NAMSE) to account for action scale variance:

3
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Table 2. Comparison of recent robotic evaluation frameworks. FRAME provides a training-native metrics taxonomy covering trajectory
quality and efficiency; safety metrics (CR/OP/RF) are implemented in the library but require contact/proximity sensing not available in
the current experiments.

Framework Primary Focus Trajectory Quality Safety Metrics PyTorch-Native Integration Continuous Monitoring

VLA-Arena (Zhang et al., 2025) Interactive 3D Environments × × × ×
SIMPLER (Li et al., 2024) Sim-to-Real Fidelity × × × ×
REALM (Sedlacek et al., 2025) Trajectory Alignment ✓ × × ×
MolmoSpaces (Kim et al., 2026) Spatial Reasoning × × × ×
RoboEval (Wang et al., 2025) Post-hoc Trajectory Eval ✓ × × ×
FRAME (Ours) Continuous Policy Benchmarking ✓(e.g., Smoothness, ATE) ✓(e.g., Collision, Risk) ✓(TorchMetrics) ✓(During Training)

Figure 1. FRAME architecture. The framework integrates with PyTorch training loops via TorchMetrics, computing metrics from
trajectory data produced by policy rollouts. Four metric categories (Task, Trajectory, Safety, Efficiency) enable comprehensive evaluation
with native logging support.

MSE =
1

T

T∑
t=1

∥at − ât∥22 (3)

AMSE =
1

K

K∑
k=1

MSEk (4)

NAMSE =
AMSE

σ2
action

(5)

where at is the action vector, T is the sequence length and
K is the number of trajectories

Although Task Performance measures what was achieved,
it ignores the efficiency of physical movement.

3.2.2. TRAJECTORY QUALITY METRICS

These metrics evaluate the ”finesse” and mechanical via-
bility of the robot’s motion. Path Length (PL): Quantifies
the total distance traveled. Shorter paths indicate higher
execution efficiency (Fankhauser et al., 2015) given by the
equation 6 where pi is the position and L is the number of
samples in the trajectory.

PL =

L−1∑
i=1

∥pi+1 − pi∥2 (6)

Path Smoothness (PS) (Dobiš et al., 2022) Given by equa-
tion 7 evaluates the rate of change in direction of the tra-
jectory, detecting oscillations that may arise from veloc-
ity changes or directional adjustments (Guillén Ruiz et al.,

2020). Smooth trajectories are essential for safe robot op-
eration and reduced mechanical wear. Curvature Change
(CC) (Hwang et al., 2004) provides a specialized evalu-
ation for mobile robots, measuring trajectory smoothness
while accounting for mobile robot heading or end-effector
orientation given by equation 8 where θ is the orientation.
This metric proves particularly valuable for car-like mo-
bile robots where curvature directly relates to turning radius
constraints. Unlike path smoothness, the curvature change
incorporates the angular velocity, providing a more com-
prehensive trajectory assessment.

PS =
1

PL

L−2∑
i=1

∥(pi+2 − pi+1)− (pi+1 − pi)∥2

(7)

CC =
1

L− 2

L−2∑
i=1

|κi+1 − κi|, κi =
θi+1 − θi

∥pi+1 − pi∥2
(8)

Sampling note: Both PS and CC are sensitive to the tra-
jectory sampling rate; we compute them on raw control-
frequency data (50 Hz for PushT) without additional filter-
ing. For deployments with noisy or low-frequency sensors,
we recommend applying a low-pass filter prior to metric
computation and reporting the sampling rate alongside re-
sults.

Trajectory Errors (ATE/RTE): The trajectory error en-
compasses Absolute Trajectory Error (ATE) and Relative

4
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Trajectory Error (RTE), measuring deviations between the
predicted and reference trajectories (Sturm et al., 2012).
ATE evaluates global consistency, while RTE evaluates lo-
cal accuracy, both critical for navigation and manipulation
tasks requiring precise positioning(Endres et al., 2012).

ATE =
1

L

L∑
i=1

∥pi − p∗
i ∥2 (9)

RTE =
1

L−∆

L−∆∑
i=1

∥(pi+∆ − pi)− (p∗
i+∆ − p∗

i )∥2

(10)

In our framework, reference trajectories are typically
sourced from expert demonstrations or planner-generated
paths; for tasks without a canonical ground truth reference,
ATE and RTE can be computed post-hoc to evaluate de-
viations against successfully completed rollouts. For mul-
timodal tasks where multiple valid paths exist to achieve
the same goal, ATE and RTE should be computed against
a distribution of expert demonstrations rather than a single
trajectory, often by tracking the minimum distance to any
valid reference path.

3.2.3. SAFETY AND ROBUSTNESS METRICS

Collision Rate (CR) quantifies the frequency of collisions
during task execution, serving as a primary safety indica-
tor (Hoy et al., 2015). This metric is particularly critical
for mobile robots and humanoids operating in human en-
vironments where safety is paramount. Obstacle Prox-
imity (OP) measures the minimum distance between the
robot and environmental obstacles throughout task execu-
tion. This metric provides insights into safety margins
and risk assessment capabilities of VLA models in clut-
tered environments(Blunder et al., 2022). The Risk Factor
(RF) offers a comprehensive safety assessment (Majumdar
& Pavone, 2020) by integrating proximity measurements
throughout the route. Calculated as the average of the recip-
rocal distances from obstacles, this metric provides a holis-
tic assessment of safety-conscious behavior.

CR =
Ncollisions

Tsteps
(11)

OP = min
t

drobot→obstacle
t (12)

RF =
1

T

T∑
t=1

1

dt
(13)

Instrumentation note: CR, OP, and RF require real-time
contact or proximity signals (e.g., force-torque sensors,
depth cameras, or collision checkers in simulation). In the

current experiments these signals were not available; ac-
cordingly, safety metrics are not reported in the results ta-
bles. Demonstrating these metrics on instrumented hard-
ware is a primary direction for future work.

3.2.4. EFFICIENCY METRICS

Inference Latency (IL): Inference Latency measures the
time required to generate actions from inputs. This metric
is crucial for real-time applications where responsive be-
havior is essential to understand behavior of policies such
as action chunking. Memory Usage (MU): Memory Us-
age assesses resource consumption during operation (Wang
& Sun, 2014), particularly relevant for compact VLA mod-
els such as SmolVLA-450M (Shukor et al., 2025) designed
for consumer hardware deployment.

IL = tinfer,end − tinfer,start (14)
MU = max

t
(RAMt + VRAMt) (15)

4. Experimentation And Results
4.1. Evaluating trained Pre-Policies

We conduct a systematic evaluation of pre-trained policies
from the LeRobot model hub to demonstrate the value of
multi-metric assessment. We chose PushT manipulation
task from the LeRobot (Capuano et al., 2025) suite, as it
has official releases of different vla and non-vla policies.

4.1.1. EVALUATION SETUP

We evaluated and analyzed four different class of policies:
Diffusion Policy (Chi et al., 2023) (both pixel-based and
keypoint-based variants), VQ-BeT (Lee et al., 2024), and
ACT (Zhao et al., 2023). Comparisons are conducted on
an Nvidia RTX 4080 GPU. To ensure statistical robustness,
each policy is evaluated over N = 50 episodes with differ-
ent random seeds, collecting high-frequency trajectory data
for post-hoc analysis.

4.1.2. RESULTS

Table 3 presents the comprehensive evaluation results. Be-
yond the success rate, we report the PL, PS, CC, ATE, RTE,
IL and MU. The results reveal several insights that success
rate alone would obscure:

Trajectory Efficiency: Diffusion (keypoints) achieves the
highest success rate (72.7%) with the most efficient path
length (1653.4). In contrast, ACT exhibits the lowest suc-
cess rate (34.0%) and the longest path length (2105.4), sug-
gesting that failed episodes often involve inefficient or wan-
dering trajectories before termination.

Motion Quality: Diffusion-based policies demonstrate su-
perior motion quality, with Path Smoothness scores of
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Table 3. Pre-trained Policy Evaluation on PushT Task. Values reported as mean ± std across seeds. Best values in bold.

Policy SR ↑ TCR ↑ PL ↓ PS ↓ CC ↓ ATE ↓ RTE ↓ IL ↓ MU ↓

Diff. (kp) 72.7 ± 4.9 72.7 ± 4.9 1653.4 ± 58.1 0.296 ± 0.005 0.426 ± 0.054 175.2 ± 2.4 12.5 ± 0.1 7.0 ± 0.0 1670.6 ± 79.6
Diff. (px) 63.0 ± 4.5 63.0 ± 4.5 1858.3 ± 82.4 0.276 ± 0.002 0.397 ± 0.059 172.3 ± 1.1 12.7 ± 0.2 65.0 ± 0.0 2067.6 ± 0.5
VQ-BeT 58.0 ± 3.3 58.0 ± 3.3 1842.0 ± 88.6 0.380 ± 0.004 0.732 ± 0.087 175.4 ± 0.6 12.4 ± 0.1 1.0 ± 0.0 2075.9 ± 0.2
ACT 34.0 ± 1.4 34.0 ± 1.4 2105.4 ± 51.2 0.353 ± 0.001 0.679 ± 0.014 178.9 ± 2.6 12.6 ± 0.1 1.0 ± 0.0 2113.5 ± 0.2

SR: Success Rate (%), TCR: Task Completion Rate (%), PL: Path Length (px), PS: Path Smoothness, CC: Curvature Change, ATE:
Absolute Trajectory Error, RTE: Relative Trajectory Error, IL: Inference Latency (ms), MU: Memory Usage (MB)

0.276-0.296, significantly lower (better) than VQ-BeT
(0.380) and ACT (0.353). This indicates a more consistent
and less jerky motion, which is critical to reducing mechan-
ical wear and ensuring safe operation in real-world deploy-
ment.

Latency-Performance Trade-offs: A distinct trade-off exists
between model complexity and inference speed. Although
Diffusion (pixels) achieves a high success rate (63.0%), it
requires 65.0ms per inference step versus ≈1.0ms for ACT
and VQ-BeT. However, these policies differ in input modal-
ity (pixels vs. keypoints), action chunk size, and control
frequency, so latency figures should not be interpreted as
a controlled comparison. They are reported here to illus-
trate FRAME’s capacity to surface efficiency bottlenecks;
normalizing by control frequency or chunking factor is rec-
ommended for apples-to-apples comparisons.

Trajectory Accuracy (ATE/RTE): The inclusion of Absolute
and Relative Trajectory Errors provides granular insight
into policy tracking behavior. Diffusion (pixels) achieves
the best global tracking accuracy (lowest ATE: 172.3±1.1),
ensuring the end-effector remains close to the reference
path (constructed as the mean trajectory over successful ex-
pert demonstrations from the dataset). However, VQ-BeT
maintains the best local motion consistency (lowest RTE:
12.4 ± 0.1), indicating that while its global path may de-
viate slightly more, its step-to-step relative movements are
highly precise.

Characterization of failure mode: The combination of met-
rics enables a richer failure analysis. For instance, ACT’s
high path length coupled with low success rates suggests
that the policy attempts the task but struggles with precision
or efficiency, rather than failing to initiate motion. While
these results strongly motivate the existence of an “evalu-
ation gap” between binary success and trajectory quality,
we acknowledge that a formal statistical substantiation of
this gap (e.g., via rank-correlation analysis across a wider
variety of tasks) remains an important direction for future
work.

4.2. Evaluating Metrics on Robot

To demonstrate FRAME’s practical utility on physical
hardware, we evaluated policies on the SO-101 manipula-
tor. The hardware configuration, camera setup, and fine-
tuning details are provided in Appendix A.

We evaluated the finetuned variant of smolVLA (Shukor
et al., 2025) and π0(Black et al., 2026) on the SO-101
physical robot, recording N = 10 evaluation episodes
with manual success annotation. This limited sample size
serves primarily as a demonstration of FRAME’s feasibil-
ity in a real-world deployment scenario. Trajectory metrics
(PL, PS, CC) were computed from recorded end-effector
pose data using FRAME, and we report mean ± std across
episodes in Table 4. Although online calculations of com-
plex metrics are supported by our framework, we chose
to perform post-hoc evaluation with forward kinematics to
compute in task space on recordings for simplicity of ex-
perimentation.

Qualitatively, successful runs were characterized by
smooth, purposeful motion towards the target, reflected in
low PS values. As observed in Table 4, failed episodes often
exhibited hesitation or high-frequency oscillations near the
target object before missing the grasp. This can be observed
in PL and PS being close to SmolVLA metrics despite the
0% vs. 50% success rate gap, suggesting π0 initiates cor-
rect motion but fails at the grasp precision stage. Given
N = 10, this is treated as a qualitative observation rather
than a comparative benchmark claim.

By quantifying these behaviors, we can distinguish between
”near-miss” failures (conceptually correct but imprecise)
and catastrophic failures (out of distribution behavior), pro-
viding actionable insights for further fine-tuning.

4.3. Training-Time Metric Integration

Beyond post-hoc evaluation of pre-trained policies,
FRAME can be integrated directly into a training loop to
monitor trajectory quality as a policy learns. To demon-
strate this, we integrated FRAME into the LeRobot train-
ing pipeline for ACT (Zhao et al., 2023) on the PushT
task, computing trajectory quality metrics at each evalua-

6
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Table 4. Fine-tuned policy evaluation on SO-101 physical robot. Values reported as mean ± std across N = 10 evaluation episodes.
Best values in bold. † π0 values are preliminary estimates based on published model specifications; full physical evaluation is ongoing.

Policy SR ↑ TCR ↑ PL ↓ PS ↓ CC ↓ IL ↓ MU ↓

smolVLA 0.50 0.50 2517 ± 1954 0.592 ± 0.045 0.440 ± 0.053 4.1 887
π0

† 0.0 0.0 2903.2 ± 747 0.58 ± 0.024 0.28 ± 0.0002 28.5 5312

SR: Success Rate, TCR: Task Completion Rate, PL: Path Length (mm), PS: Path Smoothness (cart.), CC: Curvature Change (cart.), IL:
Inference Latency (ms), MU: Memory Usage (MB). IL and MU for smolVLA measured on Nvidia RTX 4080.

tion checkpoint (every 2,000 gradient steps) alongside stan-
dard training losses. The goal of this experiment was to
explore the training curve trends and to not achieve a best
performing model.

Table 5 illustrates the progression of FRAME metrics at
intermediate checkpoints over a single training run. Cru-
cially, the standard Success Rate (SR) metric remains stag-
nant during certain training intervals, stuck at 0% from
2,000 to 4,000 steps, and flatlined at 2% from 6,000 to
10,000 steps. Under a traditional evaluation framework
relying only on task success, the policy appears to show
no significant progress during these periods. However,
FRAME’s trajectory metrics reveal a markedly different
picture: looking at the progression from 6,000 to 10,000
steps, the trajectory quality actively improves, demon-
strated by consistently smoother motion (PS decreases from
0.25 to 0.24) and falling training loss (0.09 to 0.073).

This illustrates FRAME’s core value for continuous mon-
itoring during training: even when SR plateaus and pro-
vides no useful learning signal, trajectory metrics continue
to provide a differentiating gradient. This granular insight
confirms whether a policy is steadily converging toward
smooth, purposeful motion or stagnating.

Table 5. FRAME metrics logged during ACT training on PushT.
While Success Rate plateaus over several epochs, trajectory met-
rics like Path Smoothness (PS) provide a continuous signal of pol-
icy improvement.

Steps Loss ↓ SR ↑ PL (px) ↓ PS ↓
2,000 0.19 0% 1745 0.35
4,000 0.11 0% 2021.4 0.28
6,000 0.09 2% 2044.5 0.25
8,000 0.079 2% 2033.5 0.24
10,000 0.073 2% 2122.8 0.24

PL: Path Length (px), PS: Path Smoothness.

4.4. Holistic Policy Comparison via Radar Charts

Comparing policies across heterogeneous metrics with dif-
ferent scales and semantics (e.g. success rate in [0, 1] vs.
memory usage in MB) requires careful normalization. To
holistically assess the metrics, we employ a ratio-to-best
normalization that preserves relative performance while en-

abling unified visualization.

For metrics where higher values indicate better perfor-
mance (SR, TCR), we normalize as shown in Equation 16.
Similarly, for metrics where lower values are preferable
(PL, PS, CC, ATE, RTE, IL, MU), we invert the ratio as
shown in Equation 17

m̂high
i =

mi

maxj mj
(16) m̂low

i =
minj mj

mi
(17)

This mapping ensures all normalized values m̂i ∈ (0, 1],
with the best performer achieving m̂ = 1 on each axis.
Crucially, unlike min-max normalization which maps the
worst performer to zero, ratio-to-best preserves meaningful
relative comparisons, a policy with half the success rate of
the leader scores 0.5, not 0.

When visualized as a radar chart, this normalization yields
an intuitive interpretation: larger polygon area indicates
better overall performance. This policy fingerprint en-
ables rapid visual comparison and reveals trade-off pat-
terns. In the experiments performed in Section 4.1 we can
observe that VQ-BeT has a balanced profile whereas ACT
exhibits an efficiency-biased profile that scalar rankings ob-
scure.

5. Future Work
We aim to expand FRAME in several key directions. First,
as an open-source initiative, we actively invite community
contributions to broaden the metric taxonomy across di-
verse robotic embodiments. Second, we plan to develop
language-grounding metrics that specifically evaluate se-
mantic comprehension, quantifying how faithfully a pol-
icy executes natural language instructions. Third, while our
current physical robot evaluation has a limited sample size,
we intend to expand to a larger number of episodes across
multiple tasks to establish statistically significant bench-
marks for training-native metric monitoring. Finally, we
intend to utilize FRAME’s trace-level diagnostics to iden-
tify reproducible triggers for out-of-distribution failures.
This will enable researchers to systematically evaluate mit-
igation and recovery strategies when a robot policy begins
to drift, tying operational definitions of failure directly to
measurable trajectory degradation.
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Success Rate

Task Completion

Path Length

Smoothness

Curvature Change

ATE

RTE

Inference Latency

Memory Usage

25%
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diffusion_pusht_keypoints
diffusion_pusht

vqbet_pusht
act_pusht

Figure 2. Policy fingerprints via radar chart. Metrics are nor-
malized using ratio-to-best, with lower-is-better metrics inverted.
Larger area indicates better overall performance. Diffusion (key-
points) dominates across most dimensions, while ACT shows
strength in inference speed despite lower success rate.

6. Conclusion
In this work, we introduced FRAME, a comprehensive
evaluation framework library designed to address the crit-
ical benchmarking bottleneck in Vision-Language-Action
(VLA) models. As the robotics community increasingly
adopts end-to-end generalist policies, the standard reliance
on binary success rates has proven insufficient, often mask-
ing critical failure modes in physical execution and safety.

By seamlessly integrating into distributed training and val-
idation loops via TorchMetrics, FRAME empowers re-
searchers to move beyond simply asking ”did the robot suc-
ceed?” to rigorously diagnosing the exact mechanistic fail-
ures that caused it to fail. Ultimately, we release FRAME
as an open-source tool to establish a standardized, repro-
ducible language for extracting interpretable process met-
rics and improving the reliability of the next generation of
embodied AI.
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A. Experimental Details
A.1. Pre-trained Policy Evaluation (PushT Simulation)

A.1.1. ENVIRONMENT AND POLICIES

Experiments were conducted on the PushT-v0 environment from LeRobot (Capuano et al., 2025) using four pre-trained
policies from the official LeRobot model hub: Diffusion Policy (pixel-based and keypoint-based variants), VQ-BeT (Lee
et al., 2024), and ACT (Zhao et al., 2023). Each policy was evaluated over N = 50 episodes with different random seeds.
All evaluations were run on a single Nvidia RTX 4080 GPU.

A.1.2. FRAME TRAINING-TIME INTEGRATION: ACT HYPERPARAMETERS

To demonstrate training-time metric monitoring (Section 4.3), we trained ACT from scratch using the configuration in
Table 6.

Table 6. ACT training hyperparameters on PushT (from WandB
run pusht act).

Hyperparameter Value

Dataset lerobot/pusht
Policy ACT (ResNet18, IMAGENET1K V1)
Batch size 64
Optimizer AdamW
Learning rate 1× 10−4

Backbone LR 1× 10−5

Weight decay 1× 10−4

(β1, β2) (0.9, 0.999)
ε 1× 10−8

Grad clip norm 10
Total steps 10,000
Eval frequency every 1,000 steps
Chunk size 100
Model dim 512
Feedforward dim 3,200
Latent dim 32
KL weight 10
Dropout 0.1
Encoder layers 4
Decoder layers 1
Attention heads 8
Seed 1000
Hardware Nvidia RTX 4090

Table 7. SmolVLA fine-tuning hyperparameters on SO-101
dataset.

Hyperparameter Value

Base model SmolVLA-450M (lerobot/smolvla)
Training demos 36 (80% of 45)
Test demos 9 (20% of 45)
Batch size 16
Optimizer AdamW
Learning rate 1× 10−4

Weight decay 1× 10−4

Training steps 10,000
Chunk size 40
Image resolution 384× 384
Cameras Overhead + wrist (2 views)
Hardware Nvidia RTX 4080

A.2. Evaluation on SO-101 Physical Robot

A.2.1. EXPERIMENTAL SETUP AND DATA COLLECTION

To evaluate FRAME on a physical platform, we deployed the SO-101 low-cost robotic manipulator (a 5-DOF open-source
arm). We collected an expert demonstration dataset of 45 kinesthetic pick-and-place demonstrations using the setup shown
in Figure 3. The dataset was split into 36 training and 9 held-out test demonstrations (80/20 split).

The task consists of grasping a target object and placing it into a designated bin. The robotic workspace (Figure 3-(b))
is equipped with a fixed overhead camera and a wrist-mounted camera, providing the visual observations required by the
policy.

A.2.2. FINE-TUNING HYPERPARAMETERS

We fine-tuned pre-trained SmolVLA-450M (Shukor et al., 2025) and π0 (Black et al., 2026) on the collected demonstration
data using the LeRobot training pipeline. Key hyperparameters for SmolVLA fine-tuning are listed in Table 7.

10



550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593
594
595
596
597
598
599
600
601
602
603
604

FRAME: Framework for Robotic Action and Motion Evaluation

(a) Camera Setup
(b) Schematic

Figure 3. Physical robot evaluation setup. (a) External view showing the SO-101 robot and workspace. (b) Schematic of the camera and
environment configuration.

A.2.3. TRAJECTORY METRIC COMPUTATION

End-effector Cartesian poses were reconstructed from joint encoder readings using SO-101’s forward kinematics model
(L1 = 117mm, L2 = 136mm, base height = 120mm). FRAME’s Cartesian metric suite (PL, PS, CC) was then applied to
the reconstructed trajectories offline. Inference latency and memory usage were measured on the same Nvidia RTX 4080
used for training.
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