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Abstract: Open-vocabulary mobile manipulation (OVMM) requires a robot to
carry out a natural-language instruction on a mobile platform, and the success
of learned manipulation policies hinges on placing the base within the policy’s
training distribution. We focus on policy mobilization, the problem of predict-
ing an SE(2) base pose from which a fixed pre-trained manipulation policy
will succeed, given a single ego-centric RGB-D frame and a language instruc-
tion. Prior work estimates a per-task, instruction-agnostic success likelihood over
base poses, which limits generalization across tasks and language-based disam-
biguation. To address these limitations, we propose MoFlo (Mobilization Flow),
a multi-task model that learns a language- and observation-conditioned transport
from the robot’s current base pose to a policy-compatible endpoint, trained by con-
ditional flow matching with x; prediction. On five RoboCasa kitchen tasks, MoFlo
achieves an 80% mean success rate, outperforming prior policy-mobilization base-
lines, and further extends to language-based disambiguation among multiple fix-
tures of the same category. In real-world experiments on a mobile manipulator,
MoFlo places the base for successful manipulation from a single ego-centric ob-
servation, including cases that require selecting a language-specified target in an
ambiguous scene, outperforming a representative baseline.

Keywords: Open-Vocabulary Mobile Manipulation, Flow Matching

1 Introduction

Service robots that work alongside humans are becoming increasingly important in homes, hospi-
tals, and warehouses, especially with rising labor shortages and an aging population. Based on a
free-form natural-language instruction, such robots must navigate to a target region in the scene and
manipulate the object the instruction names. This problem is studied as open-vocabulary mobile
manipulation (OVMM) [1]. Recent OVMM systems combine open-vocabulary semantic navigation
with modular manipulation [2, 3, 4, 5], but their manipulation step remains heuristic, relying on
analytic grasp detection [6] and scripted motion primitives. Learned manipulation policies, from
visuomotor policies [7, 8, 9] to vision-language-action models [10, 11, 12] and world-action mod-
els [13, 14, 15], have advanced general-purpose manipulation, but they have not yet been integrated
into OVMM pipelines at scale.

In this study, we focus on policy mobilization, the problem of placing the base of a mobile robot at a
pose from which a fixed pre-trained manipulation policy will succeed. Given a language instruction
and a single ego-centric RGB-D frame at the robot’s current pose, the model must predict an SFE(2)
target pose that lies within the policy’s training distribution, and the robot then navigates to this pose
before the manipulation policy executes.

The primary challenge is that the correct base pose depends jointly on the task, on which target object
the instruction names among visually-similar candidates, and on the manipulation policy’s own
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Figure 1: MoFlo in an OVMM pipeline. An upstream retrieval module parses a free-form natural-
language instruction (e.g. “turn on the stove next to the pot”) and grounds it to a target view in the
scene. MoFlo takes the parsed task instruction together with a single ego-centric RGB-D image and
predicts a target SF(2) base pose &1 in a single forward pass, and the robot navigates to &1 while a
fixed multi-task visuomotor policy executes the named manipulation.

viewpoint distribution. Existing systems navigate to the object centroid or pick a nearby pose from
task-agnostic reachability heuristics [2, 16], neither of which can express these joint dependencies,
and this gap is increasingly identified as a system-level bottleneck of OVMM pipelines [16].

Two recent methods study policy mobilization di-
rectly [17, 18]. These methods are policy-aware, in
the sense that the predicted pose is trained against
a downstream manipulation policy’s success signal,
but their awareness is limited to a single task. Each
method trains one pose distribution per task, and
the prediction conditions only on the visual scene
rather than on the instruction. As a result, the same
prediction is returned when two instructions name
two same-type fixtures in one scene (Figure 2b),
and a separate model must be trained for every task Figure 2: Motivation. (a) Task setup on
in deployment. These limitations suggest that pol- CLOSEDRAWERDISAMBIG, where the robot
icy mobilization should be reformulated as a direct 1S given the instruction “close the right

language-conditioned prediction that handles every ~drawer” in a scene with two open drawers.
task in a single multi-task model (b) A representative instruction-agnostic base-

line [17] assigns pose mass in front of both
In this paper, we propose MoFlo (Mobilization drawers and cannot resolve which one the
Flow), a multi-task policy-mobilization model that prompt refers to.

learns a language- and observation-conditioned

transport from the robot’s current base pose to a policy-compatible SE(2) endpoint in a single
forward pass (Figure 1). MoFlo is trained by conditional flow matching [19, 20] with z; predic-
tion [21], where the network predicts the endpoint z; and supervises the induced rectified-flow
velocity against the conditional flow-matching target. To evaluate the language-conditioned place-
ment that this enables, we further introduce language disambiguation (Figure 2a), where several
same-type fixtures are open and the instruction names one, instantiated by the CLOSEDRAWERDIS-
AMBIG and CLOSEDRAWERDISAMBIGTHREE tasks on which MoFlo reaches the named fixture
where instruction-agnostic methods cannot.

“close the right drawer” ; e ! iy

@ (b)

In summary, our contributions are:



68
69
70
71

72
73
74
75

76
77
78
79
80

82
83
84
85
86
87
88
89

90
91
92
93
94
95
%

97
98
99
100
101
102
103

104

105
106
107
108
109
110
111
112
113
114

* We revisit the instruction-agnostic distribution paradigm of prior policy-mobilization meth-
ods [17, 18] and reformulate base placement as a language- and observation-conditioned
transport from the robot’s current base pose to a policy-compatible endpoint, predicted in a
single forward pass.

* We propose MoFlo, a multi-task language-conditioned policy-mobilization model trained
by conditional flow matching with x; prediction. By conditioning on language, MoFlo
maps the same scene to different policy-compatible base poses for different instructions, a
capability prior policy-mobilization methods cannot express by construction.

* We conduct comprehensive experiments in simulation and on a real mobile manipulator.
On five RoboCasa kitchen tasks, MoFlo achieves an 80% mean success rate and outper-
forms prior policy-mobilization baselines, while real-world experiments demonstrate suc-
cessful base placement for language-specified manipulation and outperform a representa-
tive baseline.

2 Related Work

Base placement and policy mobilization. Base-pose selection for downstream manipulation fol-
lows two lines [17, 18, 22, 23, 24, 25, 26, 27, 28, 29]. Policy mobilization selects poses against a
downstream policy’s viewpoint or success distribution, while policy-blind feasibility methods use
kinematic [22, 23, 24] or VLM-grounded affordance criteria [25, 26, 27, 30, 28, 29]. The closest
works, Mobi-7 [17] and N2M [18], are both policy mobilization. Mobi-7 reconstructs the scene as a
3D Gaussian Splatting [31] field and scores candidate poses by DINO [32] similarity to the policy’s
training views, while N2M predicts a Gaussian mixture over poses from an ego-centric point cloud.
Both are per-task and instruction-agnostic, the limitations MoFlo removes.

Mobile manipulation systems. Open-vocabulary mobile manipulation was formalized by [1],
with pipelines combining semantic navigation, language grounding, and modular manipula-
tion [2, 3, 4, 5] that leave the manipulation base pose implicit or heuristic [16]. End-to-end policies
learn base-arm coordination jointly [33, 34, 11, 35, 36, 37] but do not expose base placement as a
reusable module, and MoManipVLA [38] couples base waypoints to a finetuned VLA. In contrast,
MoFlo is a standalone SE(2) base-placement model that pairs with any downstream policy and
composes with language-conditioned navigation [39, 40, 41, 3] at the navigation endpoint.

Visuomotor policy robustness and flow matching. Policy mobilization is needed because visuo-
motor policies degrade when the camera or base pose drifts from training [42, 43, 44, 45]. Rather
than modifying the policy, MoFlo moves the robot to where the policy was trained to operate. We
cast base-pose prediction as a conditional flow [19, 20], following work that applies flow matching
to manipulation [46, 47, 48, 49, 10, 50, 51, 52]. Unlike these, our source at t=0 is the robot’s current
base pose rather than Gaussian noise, an instance of transport between arbitrary distributions [20, 53]
also used in concurrent action-prediction work [54].

3 Problem Statement

We consider the policy-mobilization stage that bridges navigation and manipulation in an open-
vocabulary mobile-manipulation pipeline (Figure 1). Upstream of MoFlo, an image-based naviga-
tion module (e.g. [3, 2, 39]) retrieves and paraphrases the natural-language instruction ¢ against a
memory of egocentric views and brings the robot to a query pose xquery at which the target fixture is
visible. At this point the robot is already close to the target, but not necessarily within the success
basin of the fixed pre-trained manipulation policy 7, which acts on the robot’s observation under the
instruction ¢, and the residual placement error is what determines whether 7 will succeed. Given
a single ego-centric RGB-D observation o taken at Zqery and the instruction £, MoFlo predicts an
SE(2) target pose x* € R* encoded as (2, ¢, cos,sin ) with #,¢§ € [—1, 1] from which 7 will
succeed under ¢, after which the robot navigates from xquery to 2 and hands off to 7. The ideal target
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Figure 3: Overview of MoFlo. A single ego-centric RGB-D frame and a language instruction
are encoded by a Point-BERT visual encoder and a CLIP text encoder. The resulting embeddings,
together with the robot’s current base pose ¢ = (z,y,sin6, cosf), feed a transformer head that
predicts the target base pose &1 = (z,y,sin 6, cosf) € SE(2). The robot then navigates to &7 and
the fixed manipulation policy executes.

is the pose that maximizes the probability that 7 succeeds under ¢ from it given the observation o.
In practice we approximate this with the demonstration-induced distribution over policy-compatible
base poses from the corpus on which 7 was trained. MoFlo predicts * with no per-scene reconstruc-
tion and no pre-exploration phase, in contrast to reconstruction-based methods such as Mobi-7 [17]
that first build a 3D Gaussian Splatting [31] field of the scene.

4 Method

Prior policy-mobilization methods fit a per-task, instruction-agnostic pose distribution and return
its most likely pose. Mobi-m scores candidate poses inside a per-scene 3D reconstruction with
Bayesian optimization, and N2M predicts a Gaussian mixture over poses directly from an ego-
centric observation. Both formulations share a structural limitation, namely that the prediction is
conditioned only on the visual observation, so two prompts referring to two fixtures of the same
type in the same scene yield identical predictions (Figure 2b).

Rather than predicting a pose from scratch, MoFlo learns a language- and observation-conditioned
transport that moves the robot’s current base pose to a policy-compatible endpoint, trained by con-
ditional flow matching (Figure 3). Because the transport is conditioned on both the ego-centric
observation and the instruction, the same visual scene can be mapped to different endpoints depend-
ing on the prompt. A single multi-task model is shared across all tasks in the benchmark, and the
instruction is consumed as an input token rather than used to select a per-task model, so fixture
disambiguation within a scene (Section 5.4) is an intrinsic capability of the model.

Architecture. The model takes three inputs, an ego-centric RGB-D frame o, a natural-language
instruction ¢, and the robot’s current base pose zo € R* encoded as (x,y, cos §,sin ). It outputs a
target base pose 21 € R* in the same encoding.

The RGB-D frame is back-projected to a point cloud and encoded by a frozen Point-BERT en-
coder [55] into Ny visual embeddings ¢y (0) € RV >V The instruction is encoded by a frozen
CLIP ViT-B/16 text encoder [56] into Ny, language embeddings ¢, (¢) € RNzxdr A transformer
head gy, then predicts the target pose from the current pose x¢ conditioned on the visual and language
tokens,

&1 = gy (20, ¢v(0), b (£)). (1)

Flow-matching pose head. We train the transformer head as a conditional flow. Given the current
pose xo and an oracle target pose x1, conditional flow matching [19, 20] fits a velocity field v, that
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transports xg to x; along the straight-line interpolant
2y =(1—t)xog+tay, te]0,1], (2)

by regressing vy, (4, t) against the rectified-flow target v* = x1 — x¢. Following recent robotics
work that replaces the Gaussian source of flow matching with a task-relevant prior [54, 53], we
take the source at t=0 to be a Dirac at the robot’s current base pose rather than a Gaussian, so that
the flow learns a goal-directed transport from the current pose to the target rather than a generic
noise-to-data map.

We parameterize the model to predict the endpoint [21]

i1 = gy (4, t, dv(0), o (0)) 3)

directly, and define the induced velocity as 0, = (£1 — x¢)/(1 — t). The endpoint prediction is
supervised through the velocity loss

2

] ) “4)

with per-sample success weight w. This objective encourages the endpoint prediction to induce a
rectified-flow velocity that matches the conditional flow-matching target. The flow time ¢ is sampled
from a Beta distribution rather than uniformly on [0, 1], concentrating supervision near t=0.

il—xt
1-t¢

— (z1 — z0)

'C(d}) = E(O,Z,xg,xl),t lw

Training. We construct supervision from the same fixed manipulation policy that MoFlo hands off
to at deployment, so that the target poses reflect where the deployed policy is expected to succeed.
For each (task, layout, instruction paraphrase) triple, we identify an oracle base pose x; from the
demonstrations used to train the downstream policy. We then sample a query pose x near x, render
the ego-centric RGB-D observation o at x, and pair it with the instruction ¢ and target endpoint ;.
Each (o, ¢, xg, 21 ) tuple becomes one training example, with per-sample success weight w in Eq. (4).
Instruction paraphrases are drawn from a per-task pool, and we hold out a disjoint set of paraphrases,
never used in training, to evaluate instruction generalization in Section 5.3.

Inference. At deployment, the robot captures a single ego-centric RGB-D frame at its current base
pose x( and encodes the observation together with the instruction. We evaluate the model once at
t=0, where z; = x(, to obtain the target pose ;. The robot then navigates to £; and executes the
fixed manipulation policy. Inference therefore requires one model evaluation and does not require
per-scene reconstruction, candidate-pose sampling, or iterative pose search.

5 Experiments

5.1 Simulation Setup

We evaluated MoFlo on five RoboCasa [57] kitchen tasks, following the policy-mobilization
setup of [17, 18]: TURNONMICROWAVE, CLOSEDRAWER, CLOSESINGLEDOOR, TURNONSINK-
FAUCET, and TURNONSTOVE. Each task has 5 training layouts and 5 held-out layouts. The
downstream manipulation policy is a single multi-task bc-transformer [9] trained on MimicGen [58]
demonstrations from the 5 training layouts of all five tasks. We keep this manipulation policy fixed
for all base-placement methods and evaluate each method by handing its predicted pose to the pol-
icy under the corresponding task instruction. Task success rate (SR) is measured by the downstream
policy’s success from the predicted pose, on matched episodes with the same object placements and
start poses.

Baselines. MoFlo is a single multi-task base-placement model trained jointly on all five tasks and
conditioned on a language instruction. In contrast, the baselines follow the single-task, instruction-
agnostic protocol of prior policy-mobilization work: a separate base-placement model or pose-
selection procedure is used for each task, while the same fixed multi-task manipulation policy
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Figure 4: Quantitative results on RoboCasa kitchen tasks. Task success rate of the fixed
downstream manipulation policy after navigation to the base pose predicted by each method.
MoFlo achieves the highest mean success rate across the five tasks and outperforms prior policy-
mobilization baselines while using a single language-conditioned multi-task model. All methods
are evaluated on the same layouts and object-placement distribution.

is used for execution. We compare against four base-placement baselines: (1) Random, a pose
drawn uniformly around the oracle pose; (2) Reachability, an analytic inverse-reachability stand-
in [24]; (3) Mobi-7 [17], per-scene 3DGS [31] reconstruction with DINO [32] novel-view scoring
and Bayesian optimization; (4) N2M [18], a Gaussian-mixture-over-poses head trained by NLL on
rollout poses. Implementation details and the matched-corpus protocol for the learned baselines are
in Appendix B.

5.2 RoboCasa Kitchen Tasks

Figure 4 summarizes the quantitative results. MoFlo achieves an 80% mean success rate across the
five tasks, outperforming all prior policy-mobilization baselines. Compared with N2M, the strongest
learned baseline with a 63% mean success rate, MoFlo improves the mean by 17 percentage points
and achieves the highest success rate on four of the five tasks, while the two methods are comparable
on TURNONSTOVE. The improvement over instruction-agnostic baselines reflects the combination
of language-conditioned pose prediction, which allows the output to vary with the task instruction,
and the z;-prediction flow head, which improves endpoint precision on tight-tolerance tasks.

5.3 Zero-Shot Generalization

We test MoFlo’s zero-shot generalization along two axes while holding the trained model fixed,
namely unseen instruction phrasings on the training layouts and novel scene appearance under data
scaling.

Replacing every training instruction with a held-out paraphrase 100

never seen during training (e.g. “slide the drawer in” for “close 80
the drawer””), MoFlo retains a 70% mean success rate against 7
80% under trained phrasings (Figure 5), so the model acts on
instruction content rather than memorizing trained phrasings.

50

Mean SR (%)

25

We further measure how training-data coverage shapes ro- 0 Taned Held-out
bustness to scene appearance by retraining MoFlo on N €

{2,3,4,5} training layouts and evaluating each model on the Figure 5 !nstructlon-phrasmg
same novel-style scene pairs (Figure 6). Novel-style success generalization. The 5-task mean
improves overall as the number of training layouts grows, sucgelss rezlte if Fhe dsgmc: Mt(?Flo
though not strictly monotonically on every task, indicating that model under trained nstructions

. and held-out paraphrases.

appearance robustness is bound by data coverage rather than by
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Figure 7: Language disambiguation. (a) Top-down views of the CLOSEDRAWERDISAMBIG
scenes (two open drawers) and (b) the CLOSEDRAWERDISAMBIGTHREE scenes (three open draw-
ers) across held-out layouts. (c) Navigation success rate and manipulation success rate for MoFlo
and Mobi-7 on the two tasks.

the architecture and that adding training kitchens directly buys
robustness to appearance shift.

5.4 Language Disambiguation

Real OVMM scenes often contain multiple fix-

.. . Q- Microwave =@- Faucet =@= Stove 4l Mean
tures of the same type, requiring the instruc-

tion to identify the target fixture. We eval- 80

uate this ability on CLOSEDRAWERDISAM- o
BIG (Figure 7a), where the instruction spec- £

ifies either the left or right open drawer, %

and CLOSEDRAWERDISAMBIGTHREE (Fig- %,

ure 7b), which extends the choice to three g

drawers. MoFlo is trained only on the left/right = ,,

contrast and evaluated on held-out layouts us-

ing navigation success rate, which measures 0

2 3 4 5

whether the named drawer is visible at the Number of training layouts

reached pose, and manipulation success rate,
which measures whether the downstream pol- Figure 6: Decor robustness scales with the num-
icy closes it from that pose. ber of training layouts. MoFlo novel-style SR per

. o task and 3-task mean on a common set of (seen
Figure 7c shows the quantitative results.' On layout x novel style) scene pairs across models
CLOSEDRAWERDISAMBIG, MoFlo achieves trained on N € {2,3,4,5} layouts.

62.5% navigation success rate and 37.5% ma-

nipulation success rate, exceeding Mobi-m by

50.0 and 37.5 points, respectively. On CLOSEDRAWERDISAMBIGTHREE, MoFlo is applied zero-
shot and achieves 55.6% navigation success rate and 24.4% manipulation success rate, remain-
ing 46.7 and 20.0 points above Mobi-m. These results indicate that language conditioning enables
MokFlo to select the correct fixture among same-category candidates, while the lower manipulation
success rate mainly reflects the placement precision required by the downstream policy.

5.5 Ablation Studies

Figure 8 compares the x;-prediction head against four
alternatives that share the encoders, backbone, and lan-
guage conditioning, namely N2M’s GMM-NLL head,

80
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Mean success rate (%)

x1-flow

GMM-NLL  Regression CFM-flow  Score-only
(ours) head

head (velocity)
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Figure 9: Real-world deployment on a Toyota HSR. Representative successful MoFlo rollouts for
(a) PICK, (b) CLOSEDRAWER, and (c) PUSHSHELF, each shown as a left-to-right filmstrip from the
predicted base pose through manipulation. (d) Navigation and manipulation success rate for each
task and method (Human, Mobi-7, and MoFlo; out of 10 trials per task).

a regression head, a velocity-parameterized flow head,
and a score-only variant. The x;-prediction head gives
the best 5-task mean, the GMM-NLL, regression, and
velocity-parameterized heads fall within 8 points, and
the score-only variant trails well behind. Predicting
the endpoint rather than the velocity is the decisive
choice, sharpening the placement precision that the
tight-tolerance tasks require. We further ablate the vi-
sual and text encoders in Appendix F.

5.6 Real-World Experiments

We deploy MoFlo on a Toyota Human Support Robot (HSR) with a head-mounted RGB-D camera
and evaluate three mobile-manipulation tasks, PICK, CLOSEDRAWER, and PUSHSHELF, of which
P1ck and CLOSEDRAWER require disambiguation among same-type candidates from the instruc-
tion. As in simulation, an upstream image-based retrieval module brings the robot to a query pose
before MoFlo predicts the base pose and a fixed manipulation policy executes. We report navigation
success rate (the robot reaches a pose from which the target is manipulable) and manipulation suc-
cess rate (the policy then completes the task) against a Human upper bound and Mobi-r. Task and
protocol details are in Appendix G.

Figure 9d presents the real-world success rates. MoFlo reaches the correct base pose and completes
the manipulation on all three tasks, outperforming Mobi-7 on every task in both navigation and
manipulation (on PICK, 80 versus 60 and 50 versus 30), while the human upper bound confirms the
manipulation policy is reliable once the base is well placed.

6 Limitations and Future Work

MoFlo is an in-distribution method. Like the policy it places, it is trained and evaluated on kitchens
from a single distribution, and broad cross-layout transfer, likely through a stronger visual repre-
sentation or fixture-relative pose reasoning rather than the flow head, remains open. It also assumes
upstream grounding of a parsed instruction, and integrating a vision-language model directly would
ground free-form language and resolve referents within one model while supplying visual priors
that the cross-layout setting needs. End-to-end success is further bounded by the fixed downstream
policy, since a pose within MoFlo’s prediction error still fails when it falls outside the policy’s suc-
cess basin (the TURNONSTOVE case in Section 5.2), which co-training or placement augmentation
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could relax. Finally, disambiguation precision is capped by a small training set, and we address only
single-step placement, leaving multi-step OVMM and system-level evaluation of the full pipeline to
future work.

7 Conclusion

We introduced MoFlo, a language-conditioned policy-mobilization model that bridges naviga-
tion and manipulation in OVMM pipelines by replacing the instruction-agnostic pose-distribution
paradigm of prior methods with a single conditional flow mapping one ego-centric RGB-D frame
and a natural-language instruction directly to an S E(2) base pose, with no per-scene 3D reconstruc-
tion. The flow head uses x1 prediction with a velocity loss, recovering the tight-tolerance tasks on
which the velocity parameterization underfits. On five RoboCasa kitchen tasks (n=20/cell), MoFlo
reaches 80% mean success rate, 29 points above the reconstruction-based Mobi-7 and 17 points
above N2M, while running in a single forward pass with no per-scene reconstruction. A single
multi-task model handles every task in the benchmark, and given multi-fixture training data the same
architecture learns to disambiguate fixtures of the same type in a scene from a language instruction,
generalizing to held-out layouts, a capability the per-task scoring heads of prior policy-mobilization
methods cannot express by construction. Cross-layout visual generalization remains the principal
limitation, and direct VLM integration is a natural route toward addressing it.
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A Disambiguation Data Collection

Environment. CLOSEDRAWERDISAMBIG modifies the RoboCasa CLOSEDRAWER task: at ev-
ery reset both the leftmost and rightmost top drawer of the counter are opened (lateral separation
> 1m) and both are within the field of view from the start pose. The instruction is “close the left
drawer” or “close the right drawer”; the success criterion checks only the named drawer, so a place-
ment that closes the wrong drawer is a failure. An instruction-agnostic placement method commits
to one pose regardless of the prompt and so rarely brings the prompted drawer into view.

Disambiguation training data. We collect data on the four training layouts of CLOSEDRAW-
ERDISAMBIG. For each layout we obtain both drawers’ oracle base poses and form training tuples
(0, €, Teur, Tig) paired with each side’s prompt and the corresponding drawer oracle. Both prompts
are emitted for every scene with different targets. This contrast within a scene is the signal that
forces the language-conditioned model to act on the left/right token. Current poses ., are sampled
with a mixed scheme: 65% are uniform perturbations (+20 cm box, +15°) around the two-drawer
midpoint, where both drawers are equidistant, so only language resolves the target, and 35% are uni-
form perturbations around the target drawer’s oracle, supplying within-drawer transport precision.
Ego RGB-D is rendered at 224 x 224 and encoded with the frozen Point-BERT encoder.

Disambiguation training. The same architecture (Section 4) is trained on the disambiguation
corpus, warm-started from the main MoFlo model, with no architectural change. Training uses
AdamW (Ir 10~* — 107" cosine), batch 128, 200 epochs, bf16.

Evaluation. We evaluate on held-out layouts never seen during disambiguation training, reporting
the four that admit a solvable target on both sides. Navigation success rate measures whether the
prompted drawer is within the robot’s head-camera view at the reached pose. Manipulation success
rate runs the fixed be-transformer policy from the produced pose and checks the CLOSEDRAW-
ERDISAMBIG success criterion. Layout 9 is excluded for both methods because its right-drawer
oracle is itself unsolvable by the policy, so it cannot form a balanced left/right pair, leaving four
layouts (eight cells, 80 rollouts at ten episodes per cell).
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Mobi-7 baseline. Mobi-7 cannot condition on the instruction and predicts a single base pose per
scene regardless of the prompt, so we measure its manipulation success rate without handing it the
two drawer oracles. For each held-out layout we take the pose that Mobi-7’s own pipeline selects
on CLOSEDRAWER, the candidate that maximizes its DINO-similarity score, and navigate to that
pose in CLOSEDRAWERDISAMBIG under both prompts. Because this single pose targets at most
one drawer and is imprecise on these held-out layouts, the prompted drawer is in the robot’s camera
view only 12.5% of the time, and the policy never closes it (0% manipulation success rate).

B Implementation Details

Transformer architecture. The pose scorer and the conditional flow head are 8-block cross-
attention transformers with dpoqe = 384, 8 attention heads, FFN multiplier 4, dropout 0.1. The
pose x; = (&, 9, cos ,sin §) is mapped to a single query token by a two-layer MLP. The query to-
ken cross-attends, in each block, to the concatenation of the visual token sequence and the language
token sequence. The flow head additionally injects time conditioning at each block via AdaLN
scale/shift parameters derived from a sinusoidal embedding of ¢ € [0,1]. The scorer outputs a
scalar logit; the flow head predicts a 4-D data point 1 (27 prediction), from which the velocity
(1 — x¢)/(1 — t) is derived.

Encoders. The visual tower is a frozen Point-BERT encoder, applied to the point cloud back-
projected from a single ego-centric RGB-D frame rendered at 224 x 224 from the RoboCasa robot’s
wrist-mounted camera; it emits 65 tokens of dimension 256, projected to 384d. The text tower
is the frozen CLIP ViT-B/16 text encoder [56] (hidden dimension 512); we use the per-token last
hidden state rather than the pooled CLS embedding, projected to 384 d. Point-BERT and CLIP are
not jointly contrastively pre-trained; the cross-attention pose head learns the alignment between the
two projected token streams. Both encoders are frozen; only the scorer and flow head are trained.

Scorer training. The scorer is trained with BCE-with-logits on ~31k training tuples (one per
rollout, labeled by binary task success), a 90/10 train/val split, 100 epochs, batch 256, AdamW (Ir
10~* — 10~° cosine), weight decay 0.01, gradient clip 1.0, bf16. Paraphrases are sampled round-
robin per task; positive and negative poses are both present in the corpus, so pairs are not constructed
explicitly.

Flow training. The flow head is trained by conditional flow matching with z; prediction (Sec-
tion 4). For each training query the source is the current (uniformly perturbed) pose xy and the
target 1 is the oracle pose; the straight-line path is x; = (1 — t)xg + tx1 with ¢ ~ Beta(1,4)
(density 4(1 — ¢)3, mean 0.2), which puts most of the supervision mass on the small-t re-
gion where the deployment-time ODE integrator starts. The head predicts the endpoint £; =
fu(xe, t, dv(0), o (£)) from which the velocity 0 = (&1 — ¢)/(1 — t) is recovered analytically;
the loss is the per-sample weighted velocity error w||d — (z1 — 2)||?, with w = 1 for tuples drawn
from successful demonstrations and w = 0.3 otherwise. To avoid the 1/(1 — t) singularity in Eq. 4
at t—1, we clip 1 — ¢ to > 1073 during training. Training uses AdamW (Ir 10=* — 10~° cosine),
batch 128, 150 epochs, gradient clip 1.0, bf16, seed 42. Checkpoints are selected by the integrated
end-pose error on the validation split.

Layout-aware candidate sampler. Following N2M, the scorer ranks candidates sampled condi-
tioned on per-layout fixture and floor polygons (provided by RoboCasa) and the robot footprint.
Heading is sampled within +60° of the oracle heading; candidates outside the reachable polygon
are rejected and resampled.

Inference. At runtime the flow source xq is the robot’s current base pose; the derived velocity
is Euler-integrated from ¢=0 to t=1 to obtain the target pose. Because the x;-prediction flow is
near-straight, a single Euler step matches 10 steps to within 0.02 cm validation error (Section 5.5);
MoFlo therefore deploys as a single forward pass of the encoder plus one of the flow head.
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Table 1: Success rate (%) on five RoboCasa kitchen tasks (n=20 per cell). The block above the
rule is MoFlo’s pose-head ablation (encoder, backbone, and language conditioning held fixed); the
block below is baselines. MoFlo is a single multi-task model conditioned on the instruction; all
baselines are per-task and do not use the language instruction. All methods, including Mobi-7 [17],
are re-evaluated by us on the same five training layouts with the same object-placement distribution
under a single protocol.

Method | Microwave Drawer Door Faucet Stove | Mean
MoFlo (ours) 65 100 100 85 50 80
MoFlo GMM-NLL head 60 95 85 70 55 73
MokFlo regression head 55 100 95 65 45 72
MoFlo CEM-flow (velocity param) 65 100 85 70 40 72
MokFlo score-only 25 65 50 30 20 38
N2M [18] 40 90 85 40 60 63
Mobi-7 [17] 50 20 60 70 55 51
Reachability 35 80 65 30 30 48
Random 20 40 65 15 10 30

Table 2: Decomposition of the gap from N2M to MoFlo (5-task mean SR, %, n=20 per cell). Each
row adds one design change. Language conditioning is the largest single contribution.

Configuration Mean SR A
N2M baseline 63 —
+ multi-task training 66 +3
+ language conditioning 73 +7

+ x1-prediction flow head 80 +7

Baselines. Random draws a pose uniformly from a £20cm box around the oracle pose with
heading in +60° of the oracle heading. Reachability [24] places the robot in front of the manipu-
lation site at 0.30-0.85 m, heading constrained to £60°, and is instruction-agnostic. Mobi-7 [17]
runs a per-scene 3DGS [31] reconstruction, scores candidate poses by DINO [32] feature similarity
to the policy’s training views, and searches with Bayesian optimization. N2M [18] is a per-task
Gaussian-mixture head trained by NLL on rollout poses, with no instruction conditioning; to isolate
the modeling choice from corpus and capacity, N2M is trained on the same Point-BERT encoder and
the same training tuples as MoFlo. For the head ablations (regression, velocity-CFM, GMM-NLL,
score-only) the encoders, backbone, and language conditioning are held fixed and only the head
differs.

C Full Main-Result Numbers

Table 1 lists the exact per-task success rates summarized in Figure 4 and Figure 8.

D Decomposition of the Gap to N2M

To attribute the gap from N2M to MoFlo, we add N2M’s design changes one at a time (Table 2).
Language conditioning and the z;-prediction flow head are the two largest contributions, +7 points
each, while multi-task training adds a smaller 4+-3. Language conditioning resolves the task identity
that the multi-task instruction-agnostic setting alone leaves ambiguous, and the z-prediction head
supplies the endpoint precision that the tight-tolerance tasks require.

E Timestep-Schedule Sweep

We sweep the Beta concentration parameter b € {1,2,3,4,5, 8} at fixed seed (Table 3). The mean
prefers small-¢ concentration over uniform sampling, because uniform sampling lets the late- resid-
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Table 3: Timestep-schedule ablation. Sweeping the Beta concentration parameter b on the x1-
prediction + velocity-loss recipe (Eq. 4) at fixed seed 42, identical data and architecture. Under x
prediction the velocity-loss residual is (&1 — x1)/(1 — t), so the implicit per-sample pose-space
loss weight at ¢ ~ Beta(1,b) is b(1 — )*~3: b=1 (uniform) gives the broken 1/(1 — t)? that
upweights deployment-irrelevant late-¢ samples and corrupts training; b=4 gives the deployment-
aligned 4(1—t) that emphasizes small-¢ exactly where the ODE integrator starts; larger b undertrains
the integrator endpoint. Success rate % on the five Seen-layout tasks at fixed seed, n=20 per cell.

b | Effective weight | MW  Drawer Door Faucet Stove | Mean
1 (uniform) | 1/(1 —t)? 50 100 100 65 50 | 73
2 2/(1-1) 50 100 90 75 45 72
3 3 55 100 90 75 55 75
4 (Ours) 4(1—1¢) 65 100 100 85 50 80
5 5(1 —t)? 55 100 95 70 45 73
8 8(1—t)° 65 100 100 75 60 80

[ Point-BERT (ours) [ DINO RGB [EH CLIP RGB

100

75

50

Success rate (%)

25

Microwave Drawer Door Faucet Stove Mean

Figure 10: Visual-encoder ablation. MoFlo trained with a Point-BERT RGB-D point cloud, DI-
NOv2 RGB, and CLIP RGB encoder.

ual dominate and corrupts small-¢ accuracy where the deployment ODE integrator starts. Within the
small-¢-concentrated range the 5-task mean is stable, and we adopt b=4 as our default. An ODE
step-count sweep further confirms that the learned flow is well rectified at b=4, with 1-step and
10-step integration agreeing to 0.02 cm.

F Encoder Ablations

Visual encoder. We replace the Point-BERT RGB-D encoder with two 2D RGB encoders,
DINOv2-base [59] and CLIP ViT-B/16, and retrain the pose head on the same augmented rollouts
with identical hyperparameters (Figure 10). Removing the point cloud costs a modest, single-digit
drop on the 5-task mean, concentrated on the tight-tolerance tasks where depth geometry matters
most. MoFlo is therefore not point-cloud-dependent, and a 2D RGB backbone is a viable substitute.

Text encoder. We replace the default CLIP ViT-B/16 text encoder with three alternatives and re-
train the pose head on a corpus whose language tokens are re-encoded by the new encoder, leaving
the visual side unchanged (Figure 11, Table 4). The default CLIP ViT-B/16 gives the best 5-task
mean and the larger CLIP ViT-L/14 stays comparable to it, while T5-base and the much larger
Qwen3-Embedding both trail. Contrastive alignment to the visual stream is the dominant factor, and
scaling text-side capacity alone does not transfer to base-pose prediction.
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Figure 11: Text-encoder ablation. MoFlo trained on a corpus whose language tokens are re-
encoded by each text encoder, with the visual side held fixed.

Table 4: Text-encoder ablation. MoFlo trained on a corpus whose language tokens are re-encoded
by the listed text encoder; visual side (Point-BERT RGB-D), backbone, and all training hyperpa-
rameters are held fixed. Cells are success rate (%), n=20 per cell. The default CLIP ViT-B/16
(contrastively aligned to the Point-BERT visual features) gives the best mean; the larger CLIP ViT-
L/14 trades —2 pp, while T5-base (—8 pp) and Qwen3-Embedding (—17 pp) trail further. Contrastive
alignment to the visual stream is the dominant factor, not encoder scale.

Text encoder | dim | Microwave Drawer Door Faucet Stove | Mean
CLIP ViT-B/16 (default) 512 65 100 100 85 50 80
CLIP ViT-L/14 768 55 100 95 75 65 78
T5-base (encoder, language-only) | 768 60 100 90 75 35 72
Qwen3-Embedding 0.6B 1024 45 100 90 45 35 63

G Real-World Experiment Details

Tasks. PICK asks the robot to pick a named object from a table; MoFlo and the multi-task visuo-
motor policy are both given “pick (object)”, and MoFlo must select the correct object and reach a
pose in front of it before the policy executes. CLOSEDRAWER asks the robot to close a specified
drawer under instructions such as “close the left drawer” or “close the orange drawer”, requiring
navigation to the correct drawer and to a pose from which closing is likely to succeed. PUSHSHELF
asks the robot to push a caster-mounted shelf toward a seated person under the instruction “push the
shelf to the person”, requiring it to infer the person’s position and approach from the side consistent
with the manipulation policy, which is trained to push from the front.

Protocol. A trial is a navigation success when the robot reaches a pose from which the target is
manipulable, that is, visible in the robot’s camera, and a manipulation success when the downstream
policy then completes the task. We compare three base-placement methods. Human drives the base
to where a person judges manipulation will succeed, Mobi-7 reconstructs the scene and searches
for a pose, and MoFlo predicts the pose from a single ego-centric frame.
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