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Abstract

Vision-language-action (VLA) models provide a powerful approach to training
control policies for physical systems, such as robots, by combining end-to-end
learning with transfer of semantic knowledge from web-scale vision-language
model (VLM) training. However, the constraints of real-time control are often at
odds with the design of VLMs: the most powerful VLMs have tens or hundreds of
billions of parameters, presenting an obstacle to real-time inference, and operate
on discrete tokens rather than the continuous-valued outputs that are required
for controlling robots. To address this challenge, recent VLA models have used
specialized modules for efficient continuous control, such as action experts or
continuous output heads, which typically require adding new untrained parameters
to the pretrained VLM backbone. While these modules improve real-time and
control capabilities, it remains an open question whether they preserve or degrade
the semantic knowledge contained in the pretrained VLM, and what effect they
have on the VLA training dynamics. In this paper, we study this question in the
context of VLAS that include a continuous diffusion or flow matching action expert,
showing that naively including such experts significantly harms both training speed
and knowledge transfer. We provide an extensive analysis of various design choices,
their impact on performance and knowledge transfer, and propose a technique for
insulating the VLM backbone during VLA training that mitigates this issue. Videos
are available at https://pi.website/research/knowledge_insulation and open-source
model weights are available at https://github.com/Physical-Intelligence/openpi.

1 Introduction

The success of large language models (LLMs) can be attributed to the availability of large-scale
datasets combined with powerful model architectures such as transformers that are trained with a
next-token prediction objective on trillions of tokens. LLMs can be prompted to solve all sorts of
tasks, from writing poems and code to solving competition-level math problems, and can further be
adapted to solve visual reasoning problems when extended with multi-modal encoders to produce
vision-language models (VLMs). A natural next step to bring the power of LLMs to the physical world
is to further extend them to take physical actions, resulting in vision-language action (VLA) models
that can control robots to follow language commands, combining the power of end-to-end robotic
learning with the semantic knowledge distilled from web-scale vision-language pretraining [62} 24 [7].
However, adapting LLMs and VLMs to real-world control requires addressing a number of new
challenges. Most physical systems (e.g., robots) require continuous and precise commands, such as
joint angles or target poses, that must be produced in real time at a high frequency. Autoregressive
decoding of discrete tokens is poorly suited to this kind of high-frequency continuous control, both
because of the limited resolution of discretized actions and because of the computational cost of
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Figure 1:The key idea of our approach is to train the VLM backbone with a next-token prediction loss on
discretized actions and general VLM data to learn good representations, while the action expert is trained with
ow-matching on continuous actions. Gradients do not ow from the action expert to the backbone, insulating
the knowledge of the backbone. At inference time, generating continuous actions with the smaller action expert
is desirable for fast and precise control, while representation learning with discrete actions and general VLM
data makes the model train fast and leads to better generalization by transferring knowledge from VLM data into
robot actions. As experiments show, having both action representations at training time is crucial.

autoregressive decoding with large models, a challenge only exacerbated by ever larger models.
Furthermore, physical systems typically produce more complex observations than VLMs are trained
for, such as multi-view images and proprioceptive states. These differences necessitate modi cations
to the original VLM architecture to accommodate robotic control.

Consequently, the robotics community has developed architectures that are particularly well-suited to
the demands of real-time continuous cont&®8,[11, 46, 56, 7, 33, 6, 8, 25, 22]. While a number of
different designs have been successful, a common theme is that models adapted for effective dexterous
control typically augment a transformer or VLM backbone with some sort of adapter for continuous
inputs and outputs, with the latter most often utilizing, for example, diffusion or ow matching with
action chunks (short sequences of future actiobS]) [This enables the model to represent complex
continuous action distributions, select very precise actions, and capture dexterous high-frequency
skills. However, when these additional modules are added to a pre-trained VLM to create VLASs, they
typically need to be initialized from scratch, and the VLA training process must “graft’” them onto
the VLM backbone. This raises an important questioow much do VLAs augmented with these
continuous state and action adapters actually inherit and bene t from web-scale pre-training?

In this work, we observe that prior approaches for netuning VLMs with continuous outputs can,
perhaps unsurprisingly, lead to signi cantly worse training dynamics, as they rely on gradients
from continuous adapters (e.g. diffusion heads) for the training signal. This can degrade both their
ability to interpret language commands and the overall performance of the resulting VLA policy. To
address this challenge, we propose a training recipe that addresses these issues, which we refer to as
knowledge insulationThe key idea behind knowledge insulation is to ne-tune the VLM backbone
with discretized actions whilsimultaneousladapting an action expert to produce continuous actions
(e.g., via ow matching or diffusionjvithout propagating its gradients back into the VLM backbone.

We illustrate this in Figure 1. In effect, the discrete action tokens provide a substitute learning signal
that is unaffected by the uninitialized weights of the action expert, such that the VLM still learns
appropriate representations for robotic control, but without the disruption that would stem from
gradients from the action expert. This approach has additional advantages: rst, using next-token
prediction makes the model learn much faster and more stably. Second, using an action expert still
enables fast inference. Third, our recipe enables us to co-train a model on general vision-language
data, bringing the advantages of VLAs back into our model. Our experimental evaluation provides an
extensive analysis of the various modeling choices in continuous-action VLAs, building og the
model architecture7]. We evaluate on complex, long-horizon robotic manipulation tasks, including
mobile bimanual robots, as well as open-source benchmarks such as DROID and LIBERO.

2 Related work

Multi-modal large language models.In this work, we investigate how to integratebot actionsas

a new modality into pre-trained VLMSs. In the literature, a common technique is to embed new input
modalities into discrete or continuous (“soft”) tokeld2,[26, 9, 43]. Following earlier works on
multi-modal cross-attentior?], recent work showed that for multi-modgénerativenodeling, e.g.,



interleaved image, text and speech prediction, separating modalities into modality-speci ¢ “expert”
networks that cross-attend to each other can prevent interference and lead to higher quality predictions
[28, 41, 50]. While these works trained vision-language-speech models, we are interested in using
similar architectures for fusing a new modality, robot actions, into pre-trained VLMs.

Vision-language-action models (VLAS) Vision-language-action models have recently been pro-
posed as a promising approach for generalizable robot coritdpl6R, 24, 7, 51, 57, 35, 27,

3, 42, 38, 44, 52, 6, 21, 61, 60]. The core idea of VLAs is to ne-tune pre-trained vision-
language models (VLMs) for action prediction. Such VLAs scale favorably to large-scale robot
datasets12, 15, 49, 37, 23, 5, 17, 40, 1], and have been shown to transfer knowledge from web-scale
VLM pre-training to improve policy generalizatio®?, 24, 61, 60]. To enable VLM ne-tuning

on action data, VLA training pipelines typically map continuous actions to a sequence of discrete
actiontokens either through simple binning discretizatid®®[ 24], or more advanced, compression-
based tokenization approach88§][ The VLA is then trained via standard autoregressive next-token
prediction. While this strategy is effective on simpler, low-frequency control tasks, it has two draw-
backs: (1) the mapping from continuous to discrete action tokens can be lossy, and (2) decoding
actions autoregressively leads to slow policy inferel3& 3]. As a result, modern autoregressive
VLAs typically run at control frequencies lower than 28], making them impractical for many
high-frequency tasks.

Fast and continuous action decoding mechanisms in VLASIo address these concerns, multiple
prior works have explored alternative action decoding mechanisms for VLAs that retain continuous
action outputs and fast inference. These approaches typically introduce new weights and losses during
VLA action ne-tuning, often via diffusion prediction head34, 52, 33, 6] or ow-matching based
“action experts” ¥, 8] that attend to features in the VLM backbone. While these approaches enable
fast inference, simply adding new weights and training losses during ne-tuning comes with its own
issues: such VLAs are often signi cantly slower to train than their autoregressive counter-parts, and
suffer from reduced web data transf@f]. Liu et al.[33] introduce ahybrid autoregressive-diffusion
training approach but still require slow autoregressive action decoding at inference time. Several
works, including OpenVLA-OFTZ5] and o5 [22], employ a two-stage procedure, where the
model is rst trained with autoregressive discretization, and then ne-tuned to a target domain with
continuous outputs.

o and .5 models.We build on the ¢ [7] and ¢-FAST[38] VLAs.  introduced a continuous
action expert, which can capture complex continuous distributions over action chunks, allows for
ef cient inference, and enables continuous control of dexterous tasks, such as folding laundry.
However, the ¢ recipe by itself, as we show in our experiments, leads to degradation in terms of both
language following and training speed, as the gradients from the action expert degrade the pre-trained
VLM backbone. ¢-FAST addresses this by using tokenized actions, using a DCT-based tokenizer
that allows for ef cient discretization of complex action chunks, but at the cost of requiring expensive
autoregressive inference and degrading the ability to perform delicate and dynamic tasks, as we also
illustrate in our experiments.g.5 [22] rst trains with only FAST tokenized actions, and then adds a
randomly initialized action expert in post-training for ne-tuning on mobile manipulation data (by
joint-training). Our work formalizes the approach qfs and extends it to develop a single-stage
training recipe, where the VLM backbone is adapted for robotic control with discrete tokens while
the action expert isimultaneouslyrained to produce continuous actions, providing the best of both
worlds. We rigorously ablate different mechanisms for knowledge preservation and co-training in our
experiments. We thus propose the rst VLA recipe that trains quickly, retains VLM knowledge, and
supports high-frequency control with continuous action outputs.

3 Standard vision-language-action (VLA) model training recipes

We describe standard recipes for building and training vision-language-action models (VLAS). The
idea of most VLASs is to adapt a vision-language model (VLM) to output robot actioRsRY
conditioned on image observatiohsy , the robot's proprioceptive statg2 RS, and a natural
language instructioh as input, i.ea (jl1:v;Qq;’). The promise of VLAs is to inherit knowledge

of the underlying VLM pre-trained on internet-scale data when netuning it to robot actions.

Action representations.Robot actions 2 RY are, in most cases, real-valued vectors that typically
represent robot joint angles or end-effector coordinates. A common strategy is to employ so-called



action chunking$5], i.e. to predict a trajectory of robot actioag relative to the current robot
state. To adapt a VLM to a VLA, there are multiple choices of how to represent those action chunks.

Naive discretization.In the simplest case, each dimension of each action in a chunk is discretized,
and then each discretization bin is associated with a special text t6Rehis way, a chunla;.y is
mapped intdd  d tokens. Robot action prediction then is framed as a next-token prediction problem
and the model can be trained as if it was a non-robot speci ¢ VLM with a cross-entropy loss.

Temporal action abstractions. The disadvantage of naive discretization is that for high-frequency
and high-dim. systems the number of tokens to represent actions grows quickly, which greatly
increases the computational cost and leads to slow training convergence. Recent work, e.g. PRISE
[58], FAST [38], mitigate this effect by applying a transformation that compresses information in
time. We use FAST for encoding actions, which applies a discrete cosine transform to each dimension
in the action chunk, followed by quantization and byte-pair encoding [18] to produce action tokens.

Diffusion and ow matching. A number of recently proposed VLA models have used diffusion
or ow matching [29, 36] to generate continuous actions, and our own experiments follow the
design of ¢ in using a ow matching “action expert”q], as shown in Figure 1. For the ow
m_gtching time index 2 [0; 1], the input to the model is a noised version of the action chunk
a, = awn +(1 )1, N (0;1), and the model is trained to predict the dw aj. . At
inference time, this ow eld is integrated to denoiseto the nal action chunk.

State representations.We consider three different representations for the robot's proprioceptive
state, namely to represent it as text (“text state”) after discretization, to use special tokens (“special
token state”) also with discretization, and by directly mapping the continuous state into the backbone
with a learned projection (“continuous state”). We refer to Sec. C for more details and discussion.

VLA architectures, training, & mixture of experts. Most VLAs are built from a multimodal
transformer, usually initialized with pre-trained VLM weights. Here, we describe a general form of
transformer-based VLA architectures. Our model

(Yil1v;a;) = P (YeniXzn) = P Y f i) (Xi) in:l;A QO) =R Q) 1= 1)

maps a sequence nfmultimodal input tokeng; to probabilities over a sequenceromultimodal out-

put tokensy. For VLAs, typicallyy = y? corresponds to action targets. Previous work has considered
training one model jointly for action prediction and VLM tasks (for whick y is a tokenized text
output) [L4, 62]. As indicated by its modality type : i 7! f image word, action state::::::g, each

token can be a text tokem,(2 N), an image patchx{ 2 RP P 3), or a continuous input 2 RY)

such as robot states or actions. The tokens are embedded with different engod&s R,
whereT; is the space of all multimodal tokens of typgandd, the embedding dimension of the
model. Image patches are encoded with a vision-transformer, text tokens with an embedding matrix,
and continuous inputs via an af ne projection. The attention mfask (i)).;, 2f1 ;0g" "
indicates which tokens can attend to each other.

A transformer £8] is a functionf : R d I R" de that mapsh input embeddings ta output
embeddings. It is built by stacking multiple blocks that themselves are composed of an attention
layer, a feedforward layer, and normalization layers. Xet= x;.,, 2 R" %. The attention

layer in a standard transformer is computedatia( X) = E(X)Wy, Wy 2 RY% & where

E(X) = P(X)V(X), P(X) = softmax( Q(X )K (X)T), andQ( ), K (), V() are the so-called
query, key, and value projections, e@(X) = XQm, Qm 2 R% 9 with dq being the dimension

of the projection. Compared to a standard transformer, our model processes different tokens with
separate weights, as proposedafl][ As ¢ [7], we initialize the VLM from PaliGemma4] and use a
smaller set of weights for action tokens which signi cantly reduces the inference time when generating
actions. The backbone and action tokens have their own query, key and value projections, but the
dimensionsly, dx, d, of those projections are the same such that experts can interact with each other.

Most VLAs are trained on large robot behavior cloning datasets. For autoregressive architectures, the
standard training procedure is to minimize the negative log-likelihood of target tokens
K1

Larvia( )= Exyyo [ 109p (YuniX1n)l = Exy)p M; logp (yj+1iX1j);  (2)
i=1

whereM is a loss mask indicating which tokens should be predictedamsla dataset (and we
typically assumex = y). In cases where ow-matching is used for action prediction the loss is
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4 Problems with standard VLA recipes

In Fig. 2, we visualize problems with current recipes for training VLASs.

Autoregressive VLAs are slow.Autoregressive VLAs cast the problem of predicting real-valued
actions as a discrete next-token prediction problem, which both limits the resolution of values the
model can represent and results in slow, sequential inference. The inference tigrREAST for
predicting a 1-second action chunk i§50 ms on an RTX4090 GP\3§], which, as we show in the
experiments, can lead to dynamics mismatches and slow overall trajectories.

Robotic speci ¢ architectures and modality adapters don't bene t as much from VLM pre-
training. Architectures like o [7] or GROOT [g] contain robotics speci ¢ modules that enable
faster inference. For example, the action expert in tharchitecture has fewer parameters than the
VLM backbone, and hence, can achieve a control frequency of 10 Hz, which is much faster than
autoregressive VLAs (1.3 Hz). While parts of these models are initialized from pre-trained VLMs
(e.g. the vision encoder or language model backbone), the robotics-speci ¢ modules are initialized
from scratch. We show that naive training with such a randomly initialized action expert harms the
models' ability to follow language commands (presumably due to gradient interference).

VLM pretraining does not have suf-

cient representations for robotics—

freezing doesn't work. Intuitively,

the easiest way of maintaining the

knowledge from VLM pretraining,

and thus avoiding the problem men-

tioned above, would be to freeze the

pre-trained weights and only trainFigure 2: Problems with standard VLA recipes. The robot is
the newly added, robotics-speci cinstructed to bus the spoon into the biry [7] (left) ignores the

weights. However, current VLMs arecommand and grasps a piece of trash instegaeFAST [38] (mid-
not pre-trained with robotics data. Aglle) will eventually succeed but its inference time is very slow. Our
a result, their representations whelgcipe (right) solves the task, has fast inference, and the model

frozen, are insuf cient for training converges very quickly to good performance (cf. Fig. 6b).
highly performant policies, as we show in our experiments, cf. Fig. 4a and Fig. 8 (0% performance).

5 Improving VLAs with co-training, joint-training & knowledge insulation

We consider a number of measures in order to overcome the limitations of prior VLA approaches
outlined in Sec. 4. In particular, we propose:

1. to train the model on both autoregressive and ow-matching action prediction jointly at the
same time (joint-training). The model uses the (smaller) action expert to produce continuous
actions for fast inference at test time. The autoregressive objective is only used at training time
as a representation learning objective, which enables the model to train much faster.

2. to co-train the model on non-action datasets such as general vision-language data, and robot
planning data (VLM data co-training). Training on these data sources ensure that the model
loses less of its knowledge when adapting it to a VLA.

3. to stop the gradient ow between the action expert and the backbone weights. This way, when
adapting the pre-trained VLM to a VLA, the newly initialized weights of the action expert
don't interfere with the pre-trained weights.

5.1 Co-training & representation learning with joint discrete/continous action prediction

To enable effective co-training with VLM data, enhance knowledge transfer from language to policies,
and allow for fast training, we consider combining autoregressive language and discrete action
predictions as well as ow-matching modeling of continuous actionsalhe modelin particular,

we propose to learn a model from which we can sample both, real-valued action aunks

a 2 RY and text’, i.e. the output space of our modelis= (az.y ;y\?a), wherea;.y are continuous



Figure 3:Evaluation setups. The left three tasks are evaluated in completely unseen environments.

actions and/ @ denotes both language tokens as well as discretized action tokens. We use the FAST
[38] tokenizer to convert continuous actions to discrete tokens. We can then jointly sample actions

and text from our model(a; *) (;jlv;9;), and train the model with a combination of token
prediction (cf.L ar-via inh(2)) and ow matching losses (ct. rLow-via in (3)), simultaneously, i.e.

X 1 |

Leowvia( ) = Ep;s M; logp (Gerixe)+ M 2K apy  fRaly)K ; (4)

j=1
where is aloss multiplier, trading off action prediction via ow-matching with the standard language
modeling lossM is a language loss mask (indicating locations in the token stream at which the
language loss should be applied) avid®tis an action mask indicator specifying whether or not
actions should be predicted for the given example. This loss construction allows us to exibly
mix-and-match co-training with data from different modalities. In particular, we comirié
data (which has only images and text annotations) aitiion-onlydata (where the task is action
prediction conditioned on images and text) as weltasbined language and action prediction
tasks(where we take action only data and additionally annotate it with a language description of
what the robot should do nex$4]. As we will see, mixing data of different modalities in this way

enhances knowledge transfer in the resulting vl&ontains both text (language) tokens and FAST
tokenized action tokens. Crucially, we set the attention ndaskch that no discrete FAST action

token can attend to continuous action tokens and vice-versa. We observe in our experiments that this
joint training objective lets us combine the best of both worlds: we obtain fast convergence during
training from using FAST action tokens to learn good representations, and still obtain fast inference
of continuous actions via a few steps of ow-integration.

5.2 Knowledge insulation & gradient ow

Gradients from the action expert that is trained with ow matching can unfavorably in uence the
training dynamics of the image encoder and language model backbone; especially when adding
a new, randomly initialized, action expert to a pre-trained backbone. Therefore, we propose to
stop the gradient ow from the action expert to the pre-trained weights in the model. This is a
sensible restriction if and only if the backbone is additionally trained to predict actions directly as
part of its language outputs. Since we propose to train the model on discrete actions jointly, we
can ensure that the combined activations of the transformer layers contain enough information to
infer the actions. The pre-trained model backbone and action expert only interact via the attention
layers. To stop the gradient ow from the action expert into the backbone, we need to modify the
attention layers as follows. For the single head attention case, we can write the attention operation
asP = softmax Q(X)K(X)T + A = Eb:)’ PO where X are the inputs to the attention layer,

a aa
Q, K are the attention query and key projections, respectively, A is the attention mask as described
above, angoftmax is the row-wise softmax. The result are attention probabilities over token features
which decompose into probabilities where features from the VLM backbone attend to features from
the backbonéy, probabilities for action expert features attending to backbone fea®ygemnd
probabilties for action expert features attending other action expert fe@yresiven this we can
restrict information ow as desired by implementing the softmax computation as

T
Pob 0 _  fmax Qb(Xp)Kp(Xp) 0 YA (B

Pab  Paa Qa(Xa)sg Kp(X b)T Qa(xa)Ka(Xa)T
wheresg denotes the stop-gradient operator that restricts gradient- ow through this part of the
computation. X, corresponds to alk; processed with the backbone weights, to the tokens
processed with the action expert weights. The value embeddings are then computed by

Ev _ PobVo(X b)

E= Ea  PapsSg Vu(Xp) + PaaVa(Xa) ! ©
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