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Figure 1: Praxis turns VLA ablation into a controlled coordinate system. Each policy is located by objective, VLM
backbone, and action representation. The highlighted BAR + OAT + Qwen3-VL cell is a tokenized policy; the FM +
SmolVLM point is a tokenless continuous policy. praxis-vla instantiates the coordinates, and praxis-eval supplies
the evaluation boundary for asking what changed and what was held fixed.
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Abstract
Vision-language-action (VLA) policy research now spans pretrained multimodal backbones, discrete
action tokenizers, continuous control objectives, and broad simulated benchmarks. Many compar-
isons, however, remain benchmark-centric: objective, backbone, tokenizer, decoding rule, normaliza-
tion state, serving path, and benchmark adapter can change together before a rollout score is reported.
Such scores are useful for tracking capability, but weak evidence for what caused a difference. We
present Praxis, a research substrate for controlled VLA ablation. praxis-vla represents each policy
as a matrix cell over objective, action representation, and vision-language model (VLM) backbone, so
a study can name the coordinate it changes. praxis-eval moves benchmark semantics, execution
mode, dependency isolation, and evaluation records outside policy families. This artifact paper reports
no new architecture or leaderboard result; it defines notation, contracts, and executable boundaries
for attributing differences in VLA experiments.
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1 Introduction
Vision-language-action (VLA) policy research has moved from demonstrating language-conditioned
robot control to asking which design choices make such policies reliable, scalable, and interpretable.
Recent systems explore several routes from perception and language to action: autoregressive (AR)
action-token generation (Brohan et al., 2022, 2023; Kim et al., 2024), generalist policy stacks (Octo
Model Team et al., 2024), continuous flow-based control (Black et al., 2024; Intelligence et al.,
2025), and action-tokenizer studies (Pertsch et al., 2025; Dong et al., 2026; Liu et al., 2026). At the
same time, simulated benchmark suites have become the main reporting surface for progress across
tasks and environments (Mandlekar et al., 2021; Yu et al., 2020; Liu et al., 2023; Nasiriany et al.,
2024; Li et al., 2024; Shukla et al., 2025). As a result, VLA comparisons increasingly span objectives,
backbones, action representations, and evaluators rather than variants of one architecture family.

Benchmark-centric progress is valuable for tracking capability, but limited as an explanation
of why one VLA policy behaves differently from another. A rollout score summarizes a complete
training, serving, and evaluation stack. That stack may change the policy objective, action tokenizer,
vision-language model (VLM) backbone, image preprocessing, prompt format, action normalization,
inference state, simulator dependency, and benchmark adapter at the same time. When these factors
move together, a claim such as “this tokenizer is better” or “this backbone is stronger” is hard to
interpret: the comparison may be between two private pipelines rather than two declared variables.

VLA ablation needs a laboratory that changes one declared variable while exposing the assump-
tions around it. A tokenizer study should vary the action representation while preserving the objec-
tive, backbone, normalization state, serving path, and evaluator semantics. A backbone study needs
the same discipline around preprocessing, prompt format, cache behavior, and the action-head in-
terface. Without that structure, readers cannot tell whether a reported difference comes from the
variable named in the claim or from unreported movement elsewhere in the stack.

Praxis is designed for this role. The substrate has two parts: praxis-vla instantiates the pol-
icy design matrix, and praxis-eval supplies the evaluation boundary. The central abstraction is a
policy cell. A tokenized policy is indexed as πm,c,b, where m is the policy objective, c is the action
representation, and b is the VLM backbone. Continuous cells use c = ∅ because they occupy the
objective–backbone plane without a discrete tokenizer coordinate. The notation gives each imple-
mentation a declared coordinate before rollout performance is interpreted.

Fig. 1 previews this separation: tokenized and tokenless policies share the same coordinate
language, while evaluation remains an explicit boundary rather than policy-specific glue.

Fig. 2 shows the indexing convention used by praxis-vla. The current release makes the
abstraction concrete with block-wise autoregression (BAR), flow matching (FM), and knowledge in-
sulation (KI) objectives; scalar, spectral, learned-latent, and ordered action representations; and
SmolVLM, Qwen3-VL, and PaliGemma2 backbones. These initial coordinates are deliberately con-
crete. They support one-axis studies: action representations can vary with objective and backbone
fixed; backbones can vary with objective and action representation fixed; and objective comparisons
can state explicitly whether the tokenizer coordinate is present.

praxis-eval completes the laboratory by controlling a second source of confounding. Bench-
mark glue, runtime dependencies, action contracts, and metric code can become hidden policy vari-
ables if each policy family owns its own evaluator. praxis-eval keeps benchmark semantics in
benchmark drivers and exposes a narrow observation/action boundary to policies. The same bound-
ary supports local or remote execution, allowing policy and simulator code to run in separate Python
environments when dependencies conflict.

This first report defines the substrate rather than ranking its cells. It makes future experiments
state the changed coordinate, the shared contracts, and the evidence needed to attribute a difference
to a VLA design choice.
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Figure 2: Formal policy-cell geometry for praxis-vla. Action codecs and VLM backbones define the tokenized-policy
comparison plane, while policy objectives form stacked layers. A supported tokenized policy is a cell πm,c,b; FM occupies
a tokenless layer with no codec coordinate. The figure defines the indexing convention used throughout the report:
moving along one grid direction changes one declared variable, and axis ellipses mark where additional backbones,
action codecs, or objectives can enter.

The report contributes a controlled-design-space framing for VLA policy research; policy cells as
declared units for one-axis ablations; an executable praxis-vla matrix over objectives, action rep-
resentations, and VLM backbones; and a praxis-eval boundary separating benchmark semantics,
runtime isolation, and evaluation records from policy families.

2 Principles for Controlled VLA Research
Controlled VLA research requires the artifact to separate the variable under study from the surround-
ing execution stack. A method comparison is rarely a comparison between losses, tokenizers, or
model families alone. It also depends on temporal horizon, normalization statistics, prefix construc-
tion, action decode validity, simulator conventions, rollout state, and artifact loading. Praxis makes
these assumptions part of the artifact before measurement. New objectives, backbones, codecs, and
benchmarks enter through explicit coordinates and contracts, so a study compares declared variables
rather than private pipelines.

We use four constraints to control these risks: open coordinates, shared contracts, axis-local
ownership, and an evaluator boundary. Table 1 summarizes the threat each constraint addresses.

Open coordinates. The policy cell is the comparison unit in Praxis. A cell specifies the objective fam-
ily, action representation, and VLM backbone, while the surrounding lab defines shared assumptions
about observations, actions, artifacts, serving, and evaluation. This abstraction matters because the
scientific claim usually concerns a difference between cells, not a single trained checkpoint. When
a new coordinate is added, the intended change should be local to the axis being extended; the sur-
rounding training, serving, artifact, and evaluation contracts are either reused or explicitly declared
as changed. When the comparison is later reported, the reader can trace it to the named VLA design
choice rather than to a new stack.

Shared contracts. Contracts protect interpretation by making non-model assumptions portable.
Policy-side contracts record the observations, actions, temporal horizon, and language field expected
by a policy. Artifact contracts carry the corresponding I/O description and normalization state with
checkpoints and codecs. Evaluation-side contracts record the observation keys and action specifica-
tion expected by a benchmark. These contracts do not make a future experiment fair by themselves;
fairness still depends on the study protocol. They do, however, prevent central assumptions from
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Principle Threat to interpretation Design response

Open coordinates Two named policies may differ in
objective, tokenizer, backbone,
preprocessing, and evaluator at once

A policy cell names the intended
coordinates, and additions enter the
shared matrix rather than a new private
stack

Shared contracts Observation keys, action scale,
horizon, dtype, and normalization
can be hidden in scripts or
checkpoints

Policy-facing I/O and normalization state
travel with artifacts; evaluation action
contracts remain benchmark-owned

Axis-local ownership Objective-, codec-, and
backbone-specific details can leak
into unrelated parts of the stack

Objectives, action representations, and
backbone adapters keep local semantics
behind stable boundaries

Evaluation as a boundary Simulator setup, task selection,
success metrics, and runtime
dependencies can silently alter the
policy comparison

praxis-eval keeps benchmark
semantics benchmark-owned while
policies expose a narrow reset/act
interface

Table 1: Controlled comparison as a design requirement. A VLA comparison is interpretable only when
it states both the changed coordinate and the shared assumptions. Praxis encodes that requirement with
named coordinates, portable contracts, axis-local modules, and an evaluator separated from policy code.

being implicit in a training script or hidden inside a checkpoint. For action-token studies, this point
is especially important because a token sequence is only meaningful together with the action scale,
horizon, decode rule, and validity assumptions under which it was produced.

Axis-local ownership. The axes are separated so local scientific semantics do not leak into unre-
lated parts of the stack. Objectives cover losses, supervision, and inference procedures; action rep-
resentations cover encoding, decoding, horizons, prefixes, and schedules; backbone adapters cover
multimodal preprocessing, prompt conventions, cache behavior, and attention geometry. Shared
policy code handles rollout queues and episode state. This separation does not eliminate interac-
tions between axes; it makes them inspectable by recording whether a study changed the objective,
codec, backbone, evaluator boundary, or some combination of them.

Evaluation boundary. The same principle applies at rollout time: benchmark semantics are exper-
imental assumptions. The evaluator owns task selection, simulator setup, rollout, metrics, artifacts,
and runtime mode; the policy exposes a narrow reset/act interface. Sec. 4 develops this boundary
in detail. New benchmarks attach to the evaluator, just as new objectives, backbones, and codecs
attach to explicit policy coordinates. Future additions remain comparable when they reuse the sur-
rounding contracts instead of arriving as isolated stacks.

3 The praxis-vla Policy Matrix
praxis-vla realizes the policy side of Sec. 2 by making coordinate tuples loadable and inspectable.
It is not a proposal for one VLA architecture; it is a way to turn policy design choices into executable
experimental objects. Tokenized policies occupy three axes: objective, action representation, and
VLM backbone. Continuous FM policies occupy the objective–backbone plane with a null tokenizer
coordinate because no discrete action representation is decoded at inference time. We use action
representation for the scientific axis and codec/tokenizer for a concrete implementation that maps
action chunks to policy targets.
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Family Supervision signal Inference procedure Question isolated by the cell

BAR cross-entropy on scheduled
action-token blocks

generate token blocks, then
detokenize to actions

how a discrete representation
behaves under VLM token
prediction

KI token cross-entropy plus
stop-gradient-insulated
continuous flow loss

condition a continuous expert
on insulated VLM context

whether action tokens are
useful as representation
supervision

FM flow-velocity regression in
continuous action space

sample continuous action
chunks directly

what remains when the
discrete-token axis is removed

Table 2: Objective families in the policy matrix. praxis-vla separates objective families by what
supervises the policy and what runs at inference time. Tokenized objectives can be paired with action
representations; FM occupies the objective–backbone plane without a tokenizer coordinate.

Choices Objective m
BAR / KI / FM

Action Codec c
Bin / FAST / QueST

ACodec / OAT / bOAT

VLM Adapter b
SmolVLM / Qwen3-VL

PaliGemma2

Eval Binding
praxis-eval
Local / Remote

Assembly
Cell Spec

Objective + Codec
+ Backbone

Resolve + Load
Supported

Cell + Artifact

πm,c,b
Policy Cell

Rollout Boundary
Adapter + Runtime

Contracts Policy I/O Action Spec Prefix State Artifacts Env Contract Runtime

Figure 3: Local policy choices become an auditable cell. Objectives, action codecs, VLM adapters, and evaluation
bindings are assembled into a supported policy cell. Shared contracts record policy I/O, action specification, prefix
state, artifacts, environment contract, and runtime, so an intended axis change can be inspected without hiding
construction assumptions.

Policy cell

A policy cell is the declared comparison unit in praxis-vla. Tokenized cells are indexed by
objective m, action codec c, and backbone b, written πm,c,b. Continuous FM cells are writ-
ten πFM,∅,b. The notation states the intended comparison before measurement: change one
declared variable while preserving the observation/action interface, normalization state, con-
struction protocol, and evaluation boundary.

Objectives determine what supervision is applied, what runs at inference time, and how gradi-
ents reach the VLM. We start with objective families before turning to action representations and
backbones.

Table 2 gives the compact view; the following subsections explain how these families become
policy artifacts and what comparisons the remaining axes make possible.

3.1 From a Cell to a Study

A cell is useful only if the declared comparison remains attached to the trained policy through con-
struction, loading, and rollout. In praxis-vla, artifact metadata records policy I/O, normalization
state, and external codec checkpoints, so the changed variable can be read together with the as-
sumptions held fixed.

Fig. 3 shows where objective, action representation, backbone, and evaluator binding are assem-
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Figure 4: Objective families differ by which lane owns action generation. BAR uses the VLM as the scheduled
action-token decoder. FM keeps final control in a continuous action expert conditioned on VLM context. KI uses token
cross-entropy to shape the VLM lane, then routes final control through a stop-gradient-insulated flow expert. The figure
emphasizes which lane receives supervision, which lane generates actions, and where gradients are allowed to flow.

bled into one policy cell, and where shared contracts record loading and rollout assumptions.

3.2 Objective Axis

The objective axis asks where action generation should live. One family makes the VLM generate
action tokens. A second family keeps final control in a continuous action expert. A third family uses
action tokens to shape the VLM representation while insulating the continuous expert that executes
the action. These are different hypotheses about the interface between multimodal context and
control, not interchangeable loss names.

The current praxis-vla release instantiates these hypotheses as BAR, FM, and KI. BAR treats
action generation as scheduled token prediction. FM treats control as continuous flow matching
over action chunks. KI keeps token supervision but routes deployed control through a stop-gradient-
insulated continuous expert. The objective choice fixes three properties of a cell: the supervision
signal, the inference procedure, and the gradient path through the VLM.

Fig. 4 makes the distinction concrete by showing which lane receives supervision, which lane
generates actions, and where gradients are allowed to flow.

BAR. BAR asks how much serial dependence a tokenized VLA policy should keep. It generalizes
autoregression from individual tokens to scheduled blocks. Given an action token sequence z1:L ,
a schedule b = (b1, . . . , bS) with 0 = b0 < b1 < · · · < bS = L defines blocks Gs = zbs−1+1:bs

and
block sizes gs = bs − bs−1. The BAR schedule family used here requires nondecreasing block sizes,
g1 ≤ · · · ≤ gS . At stage s, the policy conditions on the observation and realized prefix z1:bs−1

, then
predicts the whole block Gs in parallel. The schedule specifies the unit of autoregressive growth:
one token, a fixed-size block, a variable-size nondecreasing block sequence, or the entire action
sequence.

This schedule view unifies the endpoints. Token-wise AR is the special case S = L and |Gs| = 1.
Parallel decoding (PD) is the opposite endpoint S = 1. Fixed-size and variable-size BAR occupy the
space between these two limits, connecting VLA action-token prediction to blockwise, masked, and
partially parallel sequence-generation methods (Stern et al., 2018; Ghazvininejad et al., 2019; Lee
et al., 2018).

The cell boundary turns serial dependence into a controllable variable. Training uses block-
shifted teacher forcing and a schedule-aware attention mask, so the current block is supervised
without being copied into the input. For codecs not tied to a schedule, a study can compare token-
wise AR, blockwise AR, and PD-style endpoints while keeping the codec, backbone, and evaluator
unchanged. For a block-aware ordered codec, by contrast, the schedule is part of the checkpoint
and belongs to the action representation being compared.
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FM. FM is the continuous-action reference point on the objective axis. Following flow-based VLA
policies (Black et al., 2024), it trains an action expert to map noisy action chunks toward data
actions, and no discrete action sequence is produced at inference time. For a normalized action
chunk a, Gaussian noise ε, and time t, the training point is

x t = (1− t)a+ tε, u⋆ = ε− a.

The action expert predicts the velocity target

LFM =


vϕ(x t , t, hθ (o))− u⋆



2
2 ,

where hθ (o) is the VLM context and vϕ is the continuous action expert. Under this convention,
t = 1 corresponds to noise and t = 0 corresponds to data. At inference time, the policy starts from
noise and integrates the learned velocity field in reverse time toward the data endpoint, producing
a continuous action chunk without detokenization.

Because no token sequence has to be chosen, decoded, or declared valid before action execu-
tion, FM removes tokenization error, invalid token sequences, and discrete decoding latency from
the inference path. The tradeoff is that the VLM no longer receives an action-token language as
structured supervision. In the policy matrix, FM is the reference point for asking what changes when
final control is continuous rather than symbolic.

KI. KI tests a hybrid hypothesis: action tokens may be useful as supervision even when they are not
the deployed control representation. The motivation is the concern that gradients from low-level
continuous control may interfere with pretrained multimodal representations that are valuable for
perception and language conditioning (Driess et al., 2025; Intelligence et al., 2026). KI separates
these roles by using token cross-entropy as an action-aware representation-learning signal, while a
flow expert handles high-bandwidth continuous action prediction.

When both branches are active, the objective combines a token loss and an insulated flow loss,

LKI = λCELCE(z1:L) +λflow



vϕ(x t , t, sg(cθ (o)))− (ε− a)


2

2 ,

where cθ (o) denotes the VLM context exposed to the expert and sg(·) is a stop-gradient boundary.
In this KI interface, the context is the image, language, and state prefill context used by the expert,
not a requirement to decode action-token logits at inference. The token branch asks whether the
tokenizer gives the VLM a useful action language. The flow branch asks whether an insulated expert
can turn the resulting context into continuous control. Branch weights and warm-start schedules
are protocol choices inside the same family; the defining design is the two-branch decomposition
with an explicit gradient boundary.

At inference time, KI uses the VLM primarily as a context provider and the expert as the ac-
tion generator. The policy does not need to complete a BAR-style autoregressive token decode be-
fore acting. This makes the tokenizer a representation-learning variable rather than necessarily a
deployment-time decoder.

3.3 Action-Representation Axis

The action-representation axis defines the policy’s action language. For a normalized action chunk
a1:H , a codec defines

z1:L = Ec(a1:H), â1:H = Dc(z1:L).

The codec is more than a compression layer. It defines the policy output space, the length and
structure of the generated suffix, the behavior of arbitrary policy samples, and the way prediction
errors become executable actions. A tokenizer that reconstructs demonstrations well can still be a
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Tokenizer Compact Total
decodability

Predictive
order

BAR
schedule

Bin × ✓ × ✓
FAST ✓ × ✓ ×
QueST ✓ ✓ × ×
ACodec ✓ ✓ – ✓
OAT ✓ ✓ ✓ ×
bOAT ✓ ✓ ✓ ✓

Table 3: Action tokenizer criteria exposed by the policy matrix. Praxis compares action representations along four
policy-facing properties: whether the representation is substantially more compact than scalar Bin under its intended
use, whether fixed-length raw policy outputs decode directly to valid actions without repair, whether the emitted
sequence has an intended prediction order, and whether the representation supplies stable prediction groups for a BAR
schedule. Predictive order does not by itself imply block-schedule support; bOAT is the block-aware OAT variant. Check
marks denote that the tokenizer satisfies the criterion; crosses denote that it does not; dashes denote intentionally
order-agnostic designs.

Name Structure Policy-facing role

Bin scalar quantization; total and
inspectable, but long with weak prefix
semantics

transparent baseline for asking whether
compression and ordering help

FAST frequency-domain coefficients with
subword compression

tests compact spectral coding and the cost of
variable-length decode assumptions

QueST learned latent tokens optimized for
compact action reconstruction

tests whether compact learned codes can be
predicted without explicit prefix training

ACodec learned latent groups intended for
parallel action-token prediction

tests the one-shot or low-serial-depth endpoint of
tokenized control

OAT ordered, totally decodable prefixes
trained as coarse-to-fine budgets

tests whether token order and prefix semantics
improve BAR and KI cells

bOAT ordered prefixes with block-aware latent
dependencies

tests whether the representation itself should be
matched to the BAR schedule

Table 4: Action representations as policy variables. Each row changes more than reconstruction error: it
changes the policy output space, decode semantics, prefix behavior, and compatibility with objective
families.

poor policy language if valid action chunks are hard to predict, prefixes are meaningless, or decoding
assumptions fail under model samples.

Table 3 makes the policy-facing criteria explicit. The useful lens is rate–distortion–predictability
under the policy objective: sequence length, control error after decoding, and whether a VLM-
conditioned policy can generate valid sequences under its inference procedure. praxis-vla de-
liberately spans several points in this space: scalar quantization, frequency-domain coding, learned
latent actions, one-shot latent groups, ordered prefixes, and block-aware ordered prefixes. Each
choice introduces a different hypothesis about the policy’s action language. Here, Ordered Action
Tokenization (OAT) denotes the ordered-prefix codec, and block-wise Ordered Action Tokenization
(bOAT) denotes its block-aware counterpart.

Table 4 summarizes how these representations change the policy-facing role of the action suffix
before the individual families are discussed.

Bin anchors the axis with transparent scalar discretization, a common baseline in action-token
policies (Brohan et al., 2022, 2023; Kim et al., 2024). Every generated symbol maps to a scalar
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action value, which makes the representation easy to inspect and totally decodable. The cost is rate
and prefix semantics: a horizon-H action chunk with D dimensions can require HD tokens, and
early prefixes may describe coordinates rather than coherent coarse motion.

FAST represents the spectral-compression view: action chunks may become a better policy lan-
guage after a frequency transform (Ahmed et al., 1974; Gage, 1994; Sennrich et al., 2016; Pertsch
et al., 2025). Low-frequency coefficients describe broad motion while higher-frequency coefficients
refine detail, giving the serialized coefficient stream an intended broad-to-fine prediction order. Its
policy-facing risk is structural decoding: byte-pair encoding (BPE) tokens expand to variable-length
coefficient streams, so invalid lengths or shifted coefficient positions can make arbitrary samples
difficult to decode cleanly.

QueST and ACodec represent learned latent-token approaches (Lee et al., 2024; Mete et al.,
2024; Dong et al., 2026). They learn compact bottlenecks for action chunks and decode quantized
latents back to continuous control. Their central question is whether a compact rate–distortion
representation is also predictable under the policy objective. A learned latent space may reconstruct
well while offering little prefix semantics; conversely, a one-shot latent group may be appropriate
when joint predictability matters more than incremental decoding.

OAT and bOAT represent the ordered-token view. OAT uses register latents, finite scalar quan-
tization, causal register attention, and nested-dropout reconstruction budgets to train prefixes as
progressively refined action representations (Darcet et al., 2024; Mentzer et al., 2024; Rippel et al.,
2014; Kusupati et al., 2022; Cai et al., 2025; Bachmann et al., 2025; Liu et al., 2026). This gives to-
kenized objectives a language whose early symbols are intended to carry coarse control information,
but it does not by itself train OAT tokens as joint BAR blocks. bOAT keeps the ordered-prefix view
while changing the latent dependency pattern so tokens in the same scheduled block are trained as
parallel slots conditioned on earlier blocks. This makes ordering a representation-level hypothesis
rather than only an inference-time schedule.

3.4 Backbone Axis

The backbone axis specifies how images, optional robot state, and language become policy con-
text. Backbone choice changes the preprocessing and representation contract: image preprocessing,
language formatting, attention conventions, hidden-state geometry, cache layout, and fine-tuning
behavior. Without a backbone boundary, a comparison between VLMs can become a comparison
between unrelated data and inference pipelines.

The current matrix uses SmolVLM, Qwen3-VL, and PaliGemma2 to span a compact VLM, a large
general-purpose VLM family, and a VLM designed around image-language pretraining (Marafioti
et al., 2025; Bai et al., 2025; Steiner et al., 2024). Backbone adapters make these choices reportable
by localizing the family-specific processor, prompt construction, image handling, prefix representa-
tion, and hidden-state extraction needed by the policy objective.

The action head conditions on representation geometry, not on a VLM name. Image resolution,
processor choices, prefix attention, hidden-state layout, and cache behavior all affect rollout while
leaving the objective, action language, and evaluator nominally unchanged. Keeping these details
in the backbone axis lets a study report them explicitly.

3.5 Using and Extending the Matrix

In a matrix study, the changed coordinate is explicit: an action-representation study comparesπm,c1,b
and πm,c2,b, a backbone study compares πm,c,b1

and πm,c,b2
, and an objective study compares cells

such as πBAR,c,b, πKI,c,b, and πFM,∅,b. The notation does not prove causality by itself. Dataset selec-
tion, optimization budget, action horizon, normalization state, rollout budget, and metrics remain
part of the empirical protocol. The matrix makes the claimed variable visible enough for that proto-
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Benchmark-owned evaluation Shared boundary Policy-owned execution

Eval driver
contract + evaluate

Env contract
observation interface

Policy adapter
act + reset

Runtime driver
async pool / subprocess

Action spec
shape + dtype contract

Local / Remote
same API / separate env

Metrics + artifacts
success, videos, logs

Eval result
structured records

Policy runtime
model, checkpoint, accelerator

Figure 5: praxis-eval turns benchmark-specific runtime into a stable policy boundary. Benchmark drivers own
task selection, runtime orchestration, metrics, and artifacts. Policies receive declared observations and return
contract-valid actions through the same local or remote boundary. Validation and structured records keep runtime side
effects and benchmark diagnostics visible rather than hidden inside policy code.

col to be inspected.
New objectives, action representations, backbones, and benchmarks remain comparable when

Praxis records the hypothesis each component changes, the policy-facing semantics needed to test
it, and the surrounding contracts held fixed.

4 praxis-eval: Evaluation as a Boundary
Sec. 3 treats policies as cells whose intended variables are explicit. praxis-eval (Liu, 2026) sup-
plies the matching evaluation boundary. Evaluation fixes the observations a policy receives, the
action convention it must satisfy, the tasks selected for rollout, the simulator runtime that executes
those actions, and the metric code that summarizes the episode. If these assumptions live inside
each policy family, benchmark integration becomes an unreported part of the policy comparison.

Evaluation boundary

Benchmark drivers own simulator semantics, rollout, metrics, and artifacts. Policies expose
only reset and act through a local or remote adapter. This boundary lets one policy cell move
across benchmarks without turning benchmark glue into a policy variable.

Fig. 5 shows the boundary used throughout the section: benchmark drivers own runtime and
metrics, while policies see only declared observations and contract-valid actions.

Benchmark ownership. Benchmark semantics stay benchmark-owned. LIBERO (Liu et al., 2023),
RoboMimic (Mandlekar et al., 2021), MetaWorld (Yu et al., 2020), RoboCasa (Nasiriany et al., 2024,
2026), SimplerEnv (Li et al., 2024), and MS-HAB (Shukla et al., 2025) rollouts differ in assets, ren-
dering backends, action conventions, task selectors, termination rules, and success metrics. Rather
than flattening those differences into one generic environment, praxis-eval treats each bench-
mark as a driver with its own contract and rollout implementation, while exposing the same kind of
policy-facing boundary.

Contracts. The contract is intentionally smaller than the simulator state. An environment contract
lists the observation keys available to the policy and the action shape, dtype, optional bounds, and
benchmark convention it must satisfy. Boundary validation rejects malformed actions before the sim-
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ulator can silently reinterpret them. Benchmark drivers still define valid interaction, while policies
translate documented observations into valid actions.

Local and remote execution. Dependency isolation matters scientifically, not only operationally.
Without a stable remote boundary, dependency conflicts are often resolved by changing the policy
package, changing the simulator package, or forking the evaluator. Those changes can become
hidden experimental variables. praxis-eval supports local and remote policy execution through
the same narrow policy protocol: reset episode state, receive a batch of observations, and return a
batched action array. Local execution is the minimal path when policy code and simulator code can
share one Python environment; remote execution is the isolation path when they cannot.

Episode state. VLA policies often have temporal state. A chunked policy may cache an action chunk,
consume it over several simulator steps, and then request a new chunk; a remote policy may need
episode identifiers to reset the correct internal stream. praxis-eval treats this state as part of the
policy-evaluation boundary. The evaluator resets policies at episode or wave boundaries, passes
episode identifiers when needed, and can batch observations across vectorized rollouts without hid-
ing temporal semantics inside benchmark-specific glue code. This keeps state-management errors
separate from policy failures.

Extensibility. A new benchmark contributes benchmark-local driver logic, task and metric defini-
tions, an observation/action contract, and artifact handling. If dependencies conflict, the driver can
launch the simulator in a subprocess and communicate with the policy through the same remote
boundary. Benchmark-specific complexity stays inside the driver, and the policy-facing contract
stays narrow.

Evaluation records. Each evaluation record stores aggregate, task-level, and optional group metrics
together with artifact paths and metadata. It also keeps benchmark-specific diagnostics such as
videos, traces, logs, and external outputs, linking policy-cell comparisons to failure evidence.

5 Related Work

5.1 VLA Policy Architectures

Vision-language-action policies have rapidly expanded from large-scale autoregressive action-token
models to generalist policy stacks and continuous action decoders. RT-1 and RT-2 established token-
prediction interfaces for language-conditioned robot control at scale (Brohan et al., 2022, 2023).
Octo and OpenVLA made open generalist policy stacks available for broader study (Octo Model Team
et al., 2024; Kim et al., 2024), while recent flow-based VLA systems emphasize continuous action
generation from multimodal context (Black et al., 2024; Intelligence et al., 2025). These papers de-
fine policy architectures. Praxis addresses a different layer: how to compare such architectures when
objectives, action representations, backbones, and evaluator contracts can move independently.

5.2 Action Representations and Tokenizers

Action tokenization work treats the action interface itself as a modeling choice. Autoregressive
robot policies often begin with scalar discretization (Brohan et al., 2022, 2023; Kim et al., 2024);
FAST-style tokenizers compress action chunks through spectral and subword structure (Pertsch et al.,
2025); learned latent-action methods introduce bottlenecks or skill abstractions (Lee et al., 2024;
Mete et al., 2024; Dong et al., 2026); and OAT adds prefix semantics to the action language (Liu
et al., 2026). praxis-vla puts these choices on one action-representation axis and compares them
by decode validity, sequence structure, prefix behavior, and predictability under a fixed policy objec-
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tive.

5.3 Continuous, Diffusion, and Hybrid Objectives

Continuous-control objectives change what has to be represented by the policy interface. Instead of
requiring a VLA to emit a long sequence of action tokens, diffusion and flow-based policies generate
action chunks through continuous generative dynamics, preserving multimodal control structure
without assigning every control value to a discrete symbol (Chi et al., 2025; Black et al., 2024). Re-
cent hybrid systems make the same issue visible from different angles: the objective can determine
not only the loss, but also the decomposition, routing, symbolic structure, and token supervision
exposed by the policy (Liu et al., 2026; Høeg et al., 2026; Chen et al., 2025; Driess et al., 2025;
Intelligence et al., 2026). For Praxis, continuous objectives matter because they change the supervi-
sion path, runtime decoder, and evaluation-facing interface. Labeling policies only as “discrete” or
“continuous” hides choices that affect training, inference, and integration.

5.4 Benchmarks and Evaluation Infrastructure

Robot-policy progress is often reported through benchmark suites and simulators. RoboMimic,
Meta-World, LIBERO, RoboCasa, SimplerEnv, and ManiSkill-HAB already define manipulation tasks,
datasets, simulator interfaces, and evaluation protocols (Mandlekar et al., 2021; Yu et al., 2020; Liu
et al., 2023; Nasiriany et al., 2024; Li et al., 2024; Shukla et al., 2025). These resources are mea-
surement surfaces for Praxis, not components to replace. praxis-eval keeps benchmark semantics
benchmark-owned while exposing a narrow policy protocol, so benchmark adapters do not become
hidden policy variables.

6 Discussion and Conclusion
Praxis frames VLA policy research as a controlled design-space problem. Its central claim is that
evidence becomes easier to interpret when objectives, tokenizers, backbones, and evaluators are
named as experimental variables before rollout scores are reported. A policy-cell notation such as
πm,c,b is not bookkeeping; it names the hypothesis being tested and the surrounding assumptions
that should remain fixed.

Controlled comparison has to be encoded in the artifact itself. praxis-vla records the policy
hypothesis: where action generation lives, how actions are represented, and which VLM-family as-
sumptions enter the policy. praxis-eval records the evaluation boundary by keeping simulator
semantics, rollout orchestration, metrics, and artifacts benchmark-owned behind a narrow observa-
tion/action protocol.

Praxis still leaves empirical design to each study: datasets, optimization budgets, hyperparam-
eter sweeps, random seeds, task splits, and success metrics must be chosen and reported by the
researcher. It also cannot remove axis interactions such as objective-codec co-adaptation, backbone
preprocessing effects, or evaluator settings that shift rollout distributions; it only makes those choices
explicit instead of burying them in training and evaluation scripts.

Praxis is meant to make extensions comparable. New objectives, action codecs, VLM backbones,
and benchmarks should add to their axis while preserving the surrounding contracts, so later studies
can attribute behavior changes to the design choice under test rather than to accidental differences
between software stacks.
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