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Abstract. Although highly effective in vision and language domains,
applying in-context learning to robotics remains challenging. Existing
autoregressive in-context imitation methods discretize continuous ac-
tions and exacerbate the accumulation of early prediction errors through
next-token prediction, limiting their generalization on unseen task con-
figurations. Meanwhile, flow-matching policies have been explored for
continuous robot control and can help mitigate compounding errors;
however, in-context imitation learning within a flow-matching framework
remains underexplored. To address these limitations, we introduce Con-
textFlow, a conditional flow-matching model that learns continuous ac-
tion distributions for in-context imitation learning. ContextFlow condi-
tions flow-based action prediction on demonstrations and observations,
enabling robust generation from noisy action distributions. To better
encode multimodal in-context demonstrations, we adapt perceiver-style
multimodal context compressors that distill visual, proprioceptive, and
action sequences into compact, task-relevant latent representations. On
LIBERO, ContextFlow outperforms ICRT by 35 percentage points
in average success rate on unseen task configurations, while matching
the performance of the task-specific fine-tuned VLA model π0 with-
out any fine-tuning on unseen tasks. On real robots, it generalizes to
unseen configurations of both single-arm and bimanual tasks, achiev-
ing 40% success on a new pen-uncapping configuration. Project Page:
https://dingjiansw101.github.io/contextflow-page/.

Keywords: Robot Manipulation · In-Context Learning · Flow Matching

1 Introduction

A hallmark of human intelligence is the ability to solve a new task after observing
only a few demonstrations. In machine learning, this capability is often referred
to as in-context learning : a model is conditioned at test time on a small set
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Fig. 1: Autoregressive (a) vs. Flow Matching (b) for In-Context Imitation
Learning on action decoding and compounding errors. In-context imitation
learning refers to performing a task conditioned on in-context demonstrations without
updating model parameters. (a) In-context autoregressive models generate discretized
actions step by step, which leads to compounding errors, especially under task distri-
bution shift. (b) Our proposed in-context flow matching framework instead predicts
a chunk of continuous actions, alleviating error accumulation and improving general-
ization. (c) Comparison of compounding errors under seen task configuration between
autoregressive and flow-matching approaches. (d) Comparison of compounding errors
under unseen task configuration.

of input-output examples and adapts to a new task without gradient updates.
In-context learning has been prominently demonstrated in NLP: Large language
models (LLMs) such as GPT-3 [7], trained with autoregressive objectives on
massive text corpora, exhibit in-context learning as an emergent behavior [26,39].

Similar paradigms have been explored in robotics as in-context imitation
learning, where demonstrations are represented as sequences of observations
and expert actions. This promises to adapt a policy to a new task from only a
few demonstrations, avoiding fine-tuning that existing imitation learning meth-
ods [27, 30, 31] require. Yet generalization in robotic manipulation is hard, as
policies must produce continuous actions over long horizons from few demonstra-
tions. Consequently, prior in-context imitation work [11, 32], like ours, targets
unseen configurations within related primitives (e.g., unseen objects or spatial
arrangements) rather than arbitrary new tasks. Many existing in-context imita-
tion learning approaches [11, 32, 38] instantiate the policy as an autoregressive
model (ARM) [7, 36], a well-studied and scalable structure that can be directly
adapted from LLMs. However, ARM-based policies (Fig. 1 (a)) face two fun-
damental limitations in robotic control. First, they predict actions sequentially,
with each future token conditioned on previously predicted ones; as a result,
an early prediction error can propagate and compound over time. Although this
issue can be partially mitigated when training and evaluation are drawn from
the same task configurations (see Fig. 1 (c)), it becomes much more pronounced
in in-context imitation learning, where training and evaluation are drawn from
different task configurations (see Fig. 1 (d)). Under such a distribution shift,
early errors occur more frequently and are amplified throughout the autoregres-
sive rollout. Second, many ARM-based policies rely on action tokenizers [28,38]
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that discretize continuous actions, introducing reconstruction error [28, 38] and
further exacerbating execution failures.

In the broader imitation learning literature, action chunking [17, 45] or con-
tinuous action modeling, such as flow matching [4, 21, 22, 24], has been ex-
plored to alleviate reconstruction and compounding errors. Flow matching (see
Fig. 1 (b)) operates directly in continuous action space and predicts an action
chunk in parallel rather than token by token, which helps mitigate compound-
ing errors, especially under distribution shift. However, unlike autoregressive in-
context learning, whose architecture and training recipe are well-established in
LLMs, the incorporation of in-context learning into a flow-matching framework
remains underexplored. In this paper, we build on the architectural principles of a
vision–language–action flow model, π0 [4], and extend it to support multimodal
in-context imitation learning. Concretely, we begin by building ContextFlow-
Plain, which uses a context expert to encode the in-context demonstrations,
along with the current observation, into a set of context tokens. An action ex-
pert then takes the current proprioceptive state and noisy action tokens, and
refines them through a sequence of flow-matching updates while attending to
the context tokens, ultimately predicting a clean continuous action chunk. By
generating continuous action vectors in parallel and avoiding action discretiza-
tion, ContextFlow-Plain mitigates the compounding errors that are especially
harmful under unseen task configurations.

Although ContextFlow-Plain has already equipped a flow-matching frame-
work with in-context learning ability, its performance is further constrained
by the cost of encoding long, multimodal in-context demonstrations with a
large vision–language–action encoder. Robot trajectories often span hundreds
of timesteps and include camera observations, proprioception, and actions, all
of which exhibit substantial spatial and temporal redundancy; processing these
raw sequences directly with attention is prohibitively expensive. To address this
efficiency bottleneck, we propose ContextFlow, which augments ContextFlow-
Plain with multimodal context compressors adapted from perceiver-style archi-
tectures [14,15,19]. We tailor this structure to in-context demonstration encoding
by distilling visual, proprioceptive, and action streams into a compact, fixed-size
set of latent context tokens, preserving task-relevant information while substan-
tially reducing the cost of context encoding and cross-attention.

We demonstrate the effectiveness of ContextFlow on the LIBERO simula-
tion. To further evaluate ContextFlow on diverse and challenging real-world
robot tasks, we collect a new dataset of expert demonstrations on the ALOHA
platform. The dataset contains 1,318 multimodal trajectories across 25 task con-
figurations, spanning both single-arm skills and challenging bimanual tasks that
require high-frequency control and closed-loop feedback. Our contributions are
three-fold:

– We formulate in-context imitation learning for robotics within a conditional
flow matching framework, and empirically observe lower errors on unseen
configurations.
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– We curate a real-world ALOHA dataset for in-context imitation learning, fea-
turing both single-arm tasks and fine-grained bimanual manipulation tasks.

– We evaluate ContextFlow both in LIBERO simulation and on ALOHA real
robots. Across these settings, ContextFlow outperforms autoregressive in-
context imitation learning baselines in our evaluations, while matching the
performance of task-specific, fine-tuned large vision–language–action models
without requiring any fine-tuning on unseen configurations.

2 Related Work

In-Context Imitation Learning. In-context learning enables adaptation from
a few examples without weight updates, a capability popularized by autoregres-
sive LLMs trained with next-token prediction [1,2,7,35]. In robotics, KAT [8] and
RoboPrompt [42] perform few-shot imitation by tokenizing observations/actions
and querying external LLMs, while earlier work [10] and Prompt-DT [41] rely
on full-state observations. Instant Policy [37] and IMOP [44] use 3D structures,
requiring external segmentation or IK execution; the latter can fail near singular-
ities in fine manipulation. In contrast, ContextFlow uses only RGB and directly
outputs executable actions. Similar to ours, ICRT [11] and LipVQ-VAE [38]
train end-to-end on RGB observations using autoregressive action tokens, with
LipVQ-VAE improving tokenization, and RICL [34] extends autoregressive VLA
models with in-context adaptability. We instead formulate in-context imitation
learning via conditional flow matching, modeling continuous action chunks di-
rectly without action discretization. We further demonstrate real-world fine-
grained bimanual manipulation requiring high-frequency control and closed-loop
feedback, a setting still underexplored in prior work.
Vision Language Action Models. Vision language action (VLA) models ex-
tend vision language models (VLMs) to predict low-level robotic actions from
visual observations and language instructions. RT-1 [6], RT-2 [5], and Open-
VLA [18] adopt autoregressive architectures trained with a next-token predic-
tion objective over discrete action tokens. To improve token efficiency and re-
duce discretization artifacts, Fast Tokenizer [28] proposes more compact action
vocabularies, and OpenVLA-OFT [17] shows that adding a parallel continuous-
action prediction head can further boost performance. More recent VLA mod-
els [4,25,29,40] incorporate diffusion [20] or flow-matching [22] heads for contin-
uous control, with π0 [4,29] demonstrating strong instruction-following capabil-
ities. However, these models primarily rely on textual instructions, which limit
their generalization ability to new task configurations. In contrast, our approach
uses multimodal in-context demonstrations as the task prompt. VIMA [16] also
studies multimodal in-context prompting for robotics, but predicts only 2–5 high-
level actions (e.g., “pick and place” or “wipe”) per episode, whereas our model
predicts hundreds of low-level action sequences.
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Fig. 2: ContextFlow Model Architecture. We follow the mixture-of-experts de-
sign and employ two experts: the context expert and the action expert. The cur-
rent observation, text prompt, and in-context demonstrations are first encoded and
passed through multimodal context compressors, and the resulting compressed tokens
are routed to the context expert, while the current proprioceptive state and action
noise tokens are routed to the action expert. The context expert encodes the current
observation and contextual information, while the action expert performs flow match-
ing steps to predict the actions.

3 Method

3.1 Problem Formulation

Learning Objective. We assume a distribution of tasks τ ∼ T , where each task
τ corresponds to a specific goal the robot must achieve, described by a textual
instruction T (e.g., “put the bowl on top of the cabinet”). For each task τ , demon-
strations are drawn from D(d | τ), where each demonstration is represented as
d = [T,X,Q,A]: a task instruction T , an image sequence X = (I

′

1, . . . , I
′

Td
),

proprio states (e.g., joint angles, gripper states) Q = (q
′

1, . . . , q
′

Td
), and actions

A = (a
′

1, . . . , a
′

Td
). Each image I

′

t ∈ RH×W×3, proprio state q
′

t ∈ RDs , and ac-
tion a

′

t ∈ RDa are recorded at step t of a trajectory of length Td. Our goal is to
model the target data distribution: π(at | ot, d), where we define at = at:t+H−1

as the chunk of H future actions. ot = (It, qt) is the current observation and d
is the provided in-context demonstration. It is the current image and qt is the
current proprio state. π(at | ot, d) can be learned through any proper conditional
generative model.
Flow Matching Conditioned on Demonstration. While prior work [38]
used an autoregressive model to learn the distribution π(at | ot, d), it requires
tokenizing continuous actions into discrete tokens, which introduces quantiza-
tion error and reduces accuracy. To effectively model the conditional distribu-
tion π(at | ot, d), we leverage the Flow Matching (FM) framework, which learns
a deterministic, time-dependent vector field that smoothly transports samples
from a simple Gaussian prior to the target conditional distribution, allowing for
direct modeling in continuous action spaces without discretization. Given the
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current observation ot and the provided demonstration d, we construct a fam-
ily of intermediate distributions that smoothly interpolate between a standard
Gaussian prior at s = 0 and the target distribution π(at | ot, d) at s = 1:

ps(a
s
t | at) = N (ast | sat, (1− s)2I), s ∈ [0, 1]. (1)

To sample intermediate actions, we draw noise ϵ ∼ N (0, I) and linearly inter-
polate: ast = (1−s) ϵ+sat. For this linear interpolation path, the corresponding
conditional velocity field can be computed in closed form [22]: u(ast | at) =
at − ϵ, representing the direct displacement from the noisy action chunk to the
clean one. We parameterize our learnable vector field with a neural network:
uθ(a

s
t , ot, d, s), which conditions on the current noisy action chunk, observation,

demonstration, and interpolation time s (encoded with sinusoidal embeddings).
We train our model by minimizing the following Conditional Flow Matching

loss:
LCFM(θ) = Es, at, ϵ ∥uθ(a

s
t , ot, d, s)− u(ast | at)∥

2
, (2)

where s ∼ Beta(α, β), at ∼ π(at | ot, d), ϵ ∼ N (0, I).
During inference, we generate action sequences by integrating the learned

velocity field from 0 to 1:

as+δ
t = ast + δ uθ(a

s
t , ot, d, s), a0t ∼ N (0, I), (3)

using a simple forward Euler solver with step size δ = 1
K (K = 10 steps in

our implementation). The resulting action chunk a1t provides the policy’s next
predicted actions.

3.2 Model Architecture

Overview. To build the conditional flow matching model, we design the frame-
work illustrated in Fig. 2. We introduce a context expert and multimodal con-
text compressors to efficiently encode in-context demonstrations. Following the
mixture-of-experts design [4, 9, 33], the context expert encodes observation and
compressed demonstration tokens, while the action expert processes proprio
and action noise tokens, which interact with context tokens through attention.
The action expert predicts a clean action chunk of horizon H through K flow-
matching steps.
Multimodal Context Compressor. Encoding long multimodal demonstra-
tions is challenging due to the quadratic complexity of attention over long se-
quences. Even tasks like “put egg in box” may produce demonstrations of length
Td ≈ 800 steps, and multiple camera views introduce additional high-dimensional
visual inputs I

′

t ∈ RH×W×3 that further increase computational cost. To reduce
computational cost, we first perform temporal subsampling for each modality,
resulting in shorter sequences of lengths N1, N2, and N3 for images, states,
and actions, respectively. To further reduce the redundancy, we adopt perceiver-
style [14, 15] learnable context compressors that condense multimodal demon-
strations into compact latent representations while preserving task-relevant in-
formation. As shown in Fig. 2, the learnable context compressors then take the
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Fig. 3: Examples of our real-world in-context experimental setup using the ALOHA
robot platform. We evaluate three task suites. Each suite comprises multiple task con-
figurations that differ in manipulated objects or the required left–right hand motion.

input token sequences X ∈ RS×D from each modality and map them into fixed-
size latent representations using alternating cross-attention and self-attention
layers, where S denotes the input sequence length and D the embedding di-
mension. A set of Nq learnable query tokens Z0 ∈ RNq×D forms the initial la-
tent representation. The compressor then refines these latents through L layers
that alternate between cross-attention and self-attention, each sub-layer using
pre-normalization and a residual connection. The cross-attention layers let the
latents Z attend to the input tokens X to absorb information from the demon-
stration, while the self-attention layers let the latents attend to one another
and are followed by a token-wise feed-forward network. After the final layer, the
compressed representation is the latent set Zout ∈ RNq×D.

We design three separate compressors, Cimg, Cstate, and Caction, to encode
image, state, and action sequences respectively into compact latent sets of equal
length. The image compressor Cimg is applied to each image and shared across
camera views and time steps, producing per-view latent embeddings that capture
spatial information before temporal aggregation across frames. The outputs of
all compressors are concatenated to form a unified context representation:

Tcontext = [Zimg;Zstate;Zaction] ∈ RNcontext×D, (4)

where Ncontext is the total number of latent tokens after concatenation.
The task instruction is tokenized using a text tokenizer [3], and the cur-

rent observation images are encoded with the same ViT used for demonstration
frames. These tokens, together with the compressed demonstration context, are
concatenated and passed to the context expert. During training, the context ex-
pert receives tokens from the current observation of a task (e.g., task 1) along
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with randomly sampled demonstrations from the same task. At inference time,
demonstrations from a novel task (e.g., task 2) are supplied as in-context ex-
amples, allowing the model to perform previously unseen task configurations by
leveraging the demonstration-driven context without any fine-tuning.
Context-Conditioned Flow Matching. The current proprio state of the
robot arm and the noise action tokens are routed to the action expert, where they
attend to the context expert tokens. This attention mechanism allows the action
expert to aggregate relevant information from both the in-context demonstration
and the current observation, enabling action prediction on unseen task config-
urations. The noise action tokens are then updated through K flow-matching
steps, each involving attention interactions between the noise action tokens and
the context expert tokens. To enhance the efficiency of flow matching, we imple-
ment a block-wise causal attention mechanism that enforces a causal dependency
from context to action tokens: action tokens can attend to context tokens, but
context tokens cannot attend to action tokens. This causal design allows the
caching of context tokens during inference, eliminating the need to recompute
context tokens at each flow matching step.

4 Experimental Setup

4.1 Simulation Benchmark Setup

Simulation Benchmark. We compare ContextFlow with the baselines on the
LIBERO benchmark [23], a simulated environment featuring a Franka Emika
Panda robotic arm. The benchmark includes multimodal demonstrations con-
sisting of RGB images from the workspace and wrist cameras, robot propriocep-
tion, and text task instructions. Our evaluation focuses on two task suites: spatial
reasoning (LIBERO-Spatial) and object manipulation (LIBERO-Object). To in-
crease the diversity of training data, we additionally include demonstrations from
LIBERO-Goal and LIBERO-10 during training.
Training and Testing Split. Each suite comprises 10 unique tasks with a total
of 500 expert demonstrations per suite. We divide the 10 tasks of each evalu-
ated task suite into 8 seen tasks and 2 unseen task configurations. This split is
randomly predefined in the benchmark setup and consistent across all experi-
ments. Seen tasks are used during training, while unseen task configurations are
reserved for inference. We focus our evaluation on unseen configurations within
related primitives, which reflect the model’s generalization ability. We report the
average success rate over 50 inference trials per task.

4.2 Real-World Experiment Setup

We conducted real-world experiments on an ALOHA robot platform, as shown in
Fig. 3. The setup includes one high camera and two wrist cameras, and demon-
strations were collected through human teleoperation. We evaluated on three
task suites: (1) “pick up and place,” following the instruction template “Pick up
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the <object> and place it in the basket with <left/right> hand.” (2)
“uncap pen,” following the instruction template “Pick up <type of pen> with
<left/right>, grasp the cap with another hand and uncap it.” (3) “put
egg in box,” following the instruction template “Pick up <object> with right
hand and place it in box and close the box.” For each task suite, there
are different task configurations with different objects or left–right hand motion
trajectories. In total, these three task suites comprise 21 task configurations and
1,064 training demonstrations. The average episode lengths are 234, 534, and
736 timesteps, respectively. Notably, the latter two suites involve long-horizon,
fine-grained bimanual manipulation requiring precise closed-loop feedback. We
also included 4 extra bimanual tasks (handover, cup stack, stir, and water wipe)
with 254 demonstrations for training only. Examples of seen and unseen task
configurations are shown in Fig. 3. Detailed task names and stats are provided
in the Supplementary Material.

4.3 Implementation Details

We use SigLIP [43] as the vision encoder, processing observation images at a
resolution of 224×224. Observation images at each timestep consist of all camera
views. The transformer architectures of the context expert and the action expert
follow a structure similar to Gemma [12], but are significantly smaller. We use
a 300M model for the context expert. By default, the model weights for both
SigLIP and the action expert are initialized from π0 [4]. The weights of the
context expert are randomly initialized. We use LoRA [13] to fine-tune the action
expert, with a rank of 32 and an α of 32. The vision encoder and context expert
was fully fine-tuned. We train the models for 20K iterations with a batch size
of 32. We use a cosine learning rate schedule with a peak of 2.5 × 10−5 and a
minimum of 2.5 × 10−6, including a warm-up phase over the first 1,000 steps.
For in-context demonstrations, we sample N1 = 8 image frames and N2 = 128
proprioceptive states and N3 = 128 actions. Each compressor uses 32 learnable
query tokens per modality and is refined through stacked cross-attention and
self-attention layers: the image compressor has 4 layers, and the proprioceptive
state and action compressors each have 2 layers. For flow matching, we set the
Beta distribution parameters to α = 1.5 and β = 1.

4.4 Baselines

Autoregressive-Based In-context Imitation Learning Methods. We com-
pare with autoregressive baselines to show the advantage of flow matching in
the in-context imitation learning task setting. We compare with the ICRT [11],
which is a recently proposed in-context imitation learning model that formulates
the learning process as a next-token prediction task. Images and proprioceptive
states are encoded using attention pooling to obtain compact state represen-
tations. Demonstrations are structured as sequences of states and actions. A
causal Transformer (i.e., LLaMA2 [36]) takes as input the current state, the
history of past states and actions, and demonstration sequences to predict the
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Table 1: Comparison of models on LIBERO simulation. Models are trained on
seen tasks and evaluated on unseen task configurations. The two unseen task configu-
rations on LIBERO-Spatial are “pick up the black bowl on the cookie box and place
it on the plate” and “pick up the black bowl next to the plate and place it on the
plate.” The two unseen task configurations on LIBERO-Object task suite are “pick up
the milk and place it in the basket” and “pick up the tomato sauce and place it in the
basket.” FT means fine-tuning on unseen task configurations with 1 demonstration.
ContextAR is our improved in-context autoregressive baseline for fair comparison with
ContextFlow.

Model
LIBERO-Spatial LIBERO-Object Avg.

S1 ( on ) S2 ( next to ) Avg. O1 ( in ) O2 ( in ) Avg.

OpenVLA-OFT [17] 94.0 32.0 63.0 0.0 34.0 17.0 40.0
π0 [4] 52.0 0.0 26.0 46.0 80.0 63.0 44.5
π0 [4] FT 94.0 32.0 63.0 80.0 84.0 82.0 72.5

ICRT (AR baseline) [11] 54.0 0.0 27.0 4.0 96.0 50.0 38.5
ContextAR (AR baseline+) 94.0 12.0 53.0 16.0 92.0 54.0 53.5
ContextFlow-Plain (Ours) 90.0 20.0 55.0 92.0 54.0 73.0 64.0
ContextFlow (Ours) 86.0 42.0 64.0 76.0 90.0 83.0 73.5

next action within a specified horizon. Following the original ICRT implementa-
tion, we use LLaMA2-Base as the backbone LLM. During inference, an episode
from the corresponding task will be provided as the prompt. ICRT uses modal-
ities of images, and state/actions as in-context demonstration. In addition to
ICRT, we implemented an autoregressive baseline, the in-context autoregressive
model (ContextAR), which uses the same vision backbone as ContextFlow and
is initialized from π0 to ensure a fair comparison between autoregressive and
flow-matching approaches. ContextAR accepts all modalities: images, text, and
states/actions as context.
Large Scale Vision-Language-Action (VLA) Models. These VLA models
are pre-trained on large-scale robot data and fine-tuned on seen tasks of LIBERO
data. We provide text instructions of unseen task configurations to these VLA
models to prompt them to predict actions for unseen task configurations. We
compared with π0 and OpenVLA-OFT [17].
VLA Fine-tuned with 1-shot Demonstration from Unseen Task. VLA
models cannot accept in-context demonstrations as input. Therefore, we fur-
ther fine-tuned π0 with one demonstration from an unseen task. Although task-
specific fine-tuning methods are not as flexible as in-context learning methods
that do not require fine-tuning, they can serve as a reference.

5 Results

5.1 Comparison with Baselines

Autoregressive vs. Flow-Matching Models. As shown in Tab. 1, we com-
pare flow-matching policies against autoregressive (AR) baselines in a controlled
manner. We treat ICRT [11] as a representative autoregressive baseline, and
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introduce ContextAR as a stronger autoregressive baseline that incorporates
π0 [4, 28] pre-training. To isolate the effect of the modeling paradigm (autore-
gression vs. flow matching) from other architectural choices, our key comparison
is between ContextFlow-Plain (flow matching, without context compressors) and
ContextAR. Both models use the same vision backbone and are initialized from
π0, making this our most controlled comparison between autoregressive and flow-
matching action modeling. Under this setup, ContextFlow-Plain outperforms
ContextAR by 10.5 percentage points in success rate, providing evidence that
flow matching is beneficial for in-context imitation learning. ContextFlow also
achieves higher throughput than AR baselines, as shown in the Supplementary
Material.
Text vs. In-Context Demonstrations. We compared in-context imitation
learning models with VLA models. The results show that in-context imitation
learning models are usually better than VLA models. ContextAR outperforms
OpenVLA-OFT [17] by 13.5 percentage points (see Tab. 1), showing that a text
prompt alone is insufficient for the generalization to unseen tasks. Providing de-
tailed in-context demonstration (sequence of images, states, and actions) benefits
the generalization to unseen task configurations.
Parametric Fine-tuning vs. In-Context Learning. In our in-context learn-
ing setting, methods receive a single demonstration from each unseen task at
test time. To compare against parametric adaptation, we additionally fine-tune
the VLA model π0 with one demonstration from each unseen task at test time,
denoted π0 (FT). Our proposed ContextFlow performs comparably to π0 (FT)
in success rate (73.5% vs. 72.5%; see Tab. 1). Note that the in-context learning
paradigm does not require any fine-tuning on demonstrations from unseen task
configurations, enabling much faster adaptation. Moreover, aside from the addi-
tional computation cost, task-specific fine-tuning can also lead to catastrophic
forgetting of previously learned tasks. These results highlight the advantage of
our in-context learning model over baselines with task-specific fine-tuning.

5.2 Ablations

The Effectiveness of Context Compressor. As shown in Tab. 1, adding con-
text compressors further boosts performance, with ContextFlow outperforming
ContextFlow-Plain by 9.5 and ContextAR by 20 percentage points in average
success rate. We conduct an ablation to examine the contribution of the proposed
context compressors for different modalities in the in-context demonstrations.
As shown in Tab. 2, enabling only the image compressor improves the aver-
age success rate by 4 percentage points. Activating both compressors improves
overall performance over ContextFlow-Plain, with the largest gains in spatial
reasoning and average success rate, indicating that jointly compressing visual
and state/action contexts is important for effective in-context flow matching.
Influence of Context Modalities. The text prompting and in-context demon-
strations include three modalities: (1) text instruction, (2) images, and (3) pro-
prioceptive states and actions. To assess the contribution of each modality to
in-context imitation learning, we conducted ablation experiments by removing
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one modality at a time from our full model, as shown in Table 3. The results
show that all three modalities are important for both seen and unseen task con-
figurations, with a greater impact observed on unseen performance. Removing
the text modality leads to a 9.0 points drop in performance on average for unseen
task configurations. Among all modalities, proprioceptive states and actions are
the most critical: removing them causes a 44.5 points drop on average for unseen
task configurations.
Hyperparameter Analysis. We further study how the length of in-context
demonstrations influences model performance in Tab. 4. When we change the
number of frames from 4 to 8 while keeping the number of states/actions the
same, there is an improvement by 3.0 points in success rate on average, suggesting
more visual information would help in-context imitation learning. We then fix
the number of frames, and vary the number of states/actions, and find that 128
is the optimal number for states/actions in context.
Comparison with Other Action Heads. To further study the design choices
within continuous parallel action heads, we compare MLP L1 regression, diffu-
sion, and flow matching. The success rates on LIBERO are reported in Tab. 5.
MLP L1 regression achieves a success rate of 58%, outperforming ContextAR
by 4.5 points, which suggests that continuous parallel prediction is effective even
with a simple regression head. The diffusion head converges slowly in our set-
ting, achieving 16.5% success after 20k iterations and 33.5% after 100k itera-
tions. Among the continuous parallel action heads, flow matching achieves the
best overall performance with a success rate of 73.5%. We therefore adopt flow
matching as the default action head, which is also aligned with the π0 pre-
training objective.
Results on Expanded Training Data and Evaluation Tasks. In the pre-
vious models, we demonstrated generalization only on LIBERO-Spatial and
LIBERO-Object. We investigate whether generalization on these more challeng-
ing task suites can be improved by increasing the amount of training data. To
this end, we incorporate LIBERO-90 into ContextFlow’s training set and eval-
uate on additional unseen tasks from LIBERO-Goal and LIBERO-10, with two
unseen tasks from each suite. The results are reported in Tab. 7. With this more
diverse training data, ContextFlow achieves improved results on the previously
unsolved LIBERO-Goal and LIBERO-10 tasks, raising the overall average from
36.8 to 43.0 points.

5.3 Results on Real-World Experiments

We compared the proposed ContextFlow with ICRT [11] in real-world experi-
ments in Tab. 8. Each model was evaluated for 10 trials per task. ContextFlow
achieved reasonable performance on both single-arm pick-and-place configura-
tions and fine-grained bimanual configurations. In contrast, ICRT succeeded
in only 2/10 trials on the pear pick-and-place task and struggled with the
fine-grained bimanual tasks, which require high-frequency control and closed-
loop feedback. These results suggest that ContextFlow can reliably leverage
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Table 2: Ablation study on context compressors.

Model Cimg Cstate & Caction Spatial Object Avg.

ContextFlow-Plain ✗ ✗ 55.0 73.0 64.0
✓ ✗ 51.0 85.0 68.0

ContextFlow ✓ ✓ 64.0 83.0 73.5

Table 3: Ablation study on different
modalities in the demonstrations. *
indicates the default model.

State Image Text Spatial Object Avg.

✗ ✓ ✓ 30.0 28.0 29.0
✓ ✗ ✓ 42.0 48.0 45.0
✓ ✓ ✗ 59.0 70.0 64.5

∗ ✓ ✓ ✓ 64.0 83.0 73.5

Table 4: Ablation study on the num-
ber of images and states in in-
context demonstrations.

# Images # States Spatial Object Avg.

4 128 62.0 79.0 70.5
8 64 53.0 87.0 70.0

∗ 8 128 64.0 83.0 73.5
8 256 52.0 81.0 66.5

Table 5: Ablation of action heads.

Action Head Iterations Spatial Object Avg.

MLP L1 20k 26.0 90.0 58.0
Diffusion 100k 30.0 37.0 33.5
Flow Matching 20k 64.0 83.0 73.5

Table 6: Cumulative MSE.

Model MSE (m2)

ContextAR (baseline+) 4.7
ContextFlow-Plain 3.0
ContextFlow 2.2

Table 7: Results with Expanded Training Data and Evaluation Tasks

Training Data Spatial Object Goal 10 Avg

4 suites 64.0 83.0 0.0 0.0 36.8
4 suites + LIBERO-90 55.0 85.0 29.0 3.0 43.0

in-context demonstrations to solve unseen real-world manipulation task con-
figurations. More real-world experiments and rollout videos are provided in the
Supplementary Materials.

6 Analysis

Compounding Error. To quantify compounding error, we compute the mean
squared error (MSE) between the evaluation rollout and the reference expert
trajectory over time. We visualize the error on a two-stage pick-and-place task
(S2 in Tab. 1) using 50 test episodes, plotting the mean and the 20–80 percentile
band in Fig. 1 (d). We observe a mild decrease in MSE starting around step
60, aligning with the transition that marks the end of stage 1 (approximately
steps 50–65). ContextFlow and ContextAR exhibit similar errors during the first
30 steps; however, beyond this point, ContextAR’s error grows noticeably over
time. In this evaluated task, this suggests that autoregressive models tend to
accumulate larger compounding errors than flow-matching models in robot ma-
nipulation. The distribution shift between seen and unseen configurations further
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Table 8: Performance on unseen task configurations on a real-world robot.
See Sec. 4.2 for task instruction templates. Elements in different task configurations
are listed in the table.

Model
Single-arm Pick-and-place tasks Fine-grained bimanual tasks

Left hand Right hand Uncap (Left Hand) Put in box
Pear Orange Banana Kiwi Red Pen Red Egg

ICRT [11] 2/10 0/10 0/10 0/10 0/10 0/10
ContextFlow 2/10 5/10 4/10 4/10 4/10 6/10

Fig. 4: Visualization of in-context
demonstration, and success, failure of
ContextFlow and ContextAR. Left: Suc-
cess trajectories. Right: Failure trajectories.

Fig. 5: Failure mode analysis.
We analyze rollouts of ICRT and
ContextFlow and categorize failure
modes into three categories.

exacerbates this compounding effect and leads to lower success rates on unseen
configurations. We also visualize the expert in-context demonstration trajectory
and the rollout end-effector trajectories in 3D space. Further, we sum the per-
step errors over the trajectory as a metric. From Tab. 6, we can see that both
flow matching reduces MSE accumulation by 1.7, and compression can further
reduce MSE by 0.8. Successful rollout trajectories are shown in Fig. 4 left. Al-
though both ContextFlow and ContextAR succeed, the ContextFlow trajectory
aligns more closely with the expert demonstration. Failed trajectories are shown
in Fig. 4 right, where we observe clear detours in the pick-up and place stages,
respectively. See more detailed analyses on compounding error in Supplementary
Materials.
Failure Mode. We group failure modes into three categories at different stages:
pick-up: misidentification, pick-up: grasp fail, and place: fail. As shown in Fig. 5,
ICRT frequently fails in the first stage by reaching a location near, but not on,
the target object. This may stem from its state-token design: the visual latent
and proprioceptive latent are attention-pooled into a single token, potentially dis-
carding spatial detail needed for accurate object identification. For ContextFlow,
the failure cases are more evenly distributed across the three stages with more
examples on the last one. We provide visualization of different failure modes and
analysis in Supplementary Materials.
Attention in Image Compressor. To understand what the image compressor
learns, we visualize the attention of its learnable queries over frames in the in-
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Fig. 6: Context compressor selects task-relevant, compact information. Vi-
sualization of image-compressor attention on selected frames (3/6/8), showing that the
attended image regions vary across time. In-context demonstration frames and their
corresponding attention maps are shown interleaved.

context demonstration. For visualization, we average the attention weights over
all 32 queries. The subsampled in-context demonstration has length 8, and we
show selected frames (3/6/8) in Fig. 6. We observe that the learnable queries
attend to task-relevant regions according to task progress. Across time, the at-
tention pattern changes with the task phase: before grasping, it concentrates
on the gripper; after the object is grasped, it shifts to the object; and during
placing, it focuses on the plate at the target location.

7 Conclusion

In this paper, we propose ContextFlow, an in-context imitation learning frame-
work for robotics based on conditional flow matching. Unlike autoregressive
models that predict discrete action tokens sequentially, ContextFlow predicts
continuous actions in parallel conditioned on both the current observation and
in-context demonstrations. Our empirical results suggest that flow matching ap-
pears beneficial for generalizing to unseen task configurations, where continuous
parallel action prediction helps alleviate compounding error. We further find
that multimodal context compressors reduce spatial and temporal redundancy
in demonstrations and further improve performance. However, the generaliza-
tion demonstrated in this work is mainly limited to unseen objects and spatial
arrangements within tasks that share similar underlying primitives, rather than
to fundamentally different task types. Scaling up the diversity and quantity of
training data may further improve generalization to broader task distributions.
Overall, these empirical findings highlight flow-based continuous prediction and
compact context modeling as effective design choices for in-context imitation
learning in robotics.
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