IODA-TC: Imaginary Out-of-Distribution Actions with
Trajectory-Continuation Mapping

Isabella Bock
Tufts University
Medford USA
Isabella.Bock@tufts.edu

Abstract

To enable smoother human-robot interactions, a robot’s policy
must be predictable to users. A recent method, Imaginary Out-of-
Distribution Actions (IODA), preserves user expectation by map-
ping Out-of-Distribution (OOD) states to In-Distribution (ID) states
in shared-control settings. However, one limitation of this method
is that it uses Euclidean distance which may fail to capture seman-
tic similarity, especially in high-dimensional state spaces. In this
report, we analyze limitations of using Euclidean distance for the
state mapping and propose a Trajectory-Continuation (TC) map-
ping designed to preserve predictability by selecting ID states based
on local trends.
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1 Introduction

Predictable robot behavior is important for enabling successful col-
laboration between humans and robots [3]. One prior approach,
the Imagining Out-Of-Distribution Actions (IODA) algorithm, ad-
dresses erratic motion in shared-control tasks by mapping out-of-
distribution (OOD) states back to in-distribution (ID) states [11].
However, this approach relies on a Euclidean-distance mapping that
may fail to preserve human expectations for continuous motion.
In this work, we propose a Trajectory-Continuation (TC) mapping
from OOD to ID states that incorporates semantic similarity, which
we define as the extent to which the ID state produces actions
continuing a robot’s recent trajectory.
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Incorporating semantic similarity into the state-mapping ad-
dresses two key limitations of the Euclidean-distance mapping.
First, geometric distance doesn’t always align with how humans
predict motion. People often expect continuity rather than real
physical dynamics [7]. For example, many people expect an object
that exits a curved tube to continue curving, despite physics dic-
tating that it will travel straight [9]. Analogously, a robot motion
selected by Euclidean distance may produce motion that breaks
this intuitive sense of continuity. Second, Euclidean distance be-
comes unreliable in high dimensions [2], making it mathematically
unstable for selecting ID states.

We illustrate the TC and Euclidean-distance mappings in a 2D
navigation demonstration with a simulated policy failure. While
Euclidean distance maps the agent to an ID state that leads to a
discontinuous action, the TC mapping selects a state whose action
continues a prior motion trend. Although this illustrates prelimi-
nary evidence for our algorithm’s conceptual contribution, further
empirical validation of its effects on predictability, trust, and coor-
dination is required.

2 Background

Previous work has shown that predictable robot motion can be valu-
able for effective human-robot interaction. Predictability, defined
as the extent to which robot motion meets human expectations, al-
lows users to form models of a robot’s behavior [3]. Consistency in
robot behavior supports coordination [4], increases trust in robotic
systems [5], and supports the overall effectiveness of human-robot
collaboration [6].

In shared-control tasks, predictability is especially important as
users must harness their expectations for robot behavior to antici-
pate and adapt to robot responses. Shared control allows a user to
work alongside an automated robot to perform dynamic tasks [1].
Prior work highlights that user trust is essential in shared-control
settings where robots are completing novel tasks [5]. Unexpected
motion from a robot causes users to lose confidence and coordi-
nation, so a robot’s policy must reflect user expectation to enable
collaboration [10].

The IODA algorithm supports collaboration in shared-control
settings by leveraging a previously trained policy and simulating
“imagined states” to help users attempt new tasks [11]. Users har-
ness their predictions for how a robot will behave as they control
one axis of robot motion. When the robot is brought into an OOD
state s, IODA uses a distance mapping d(s, s”) to select the in dis-
tribution (ID) state s’ € D that will be used to select the robot
action.


https://orcid.org/0009-0000-9247-5094
https://orcid.org/0000-0002-4789-9979

   𝑠 


$s$


   𝑑  (  𝑠  ,    𝑠  ′   ) 


$d(s, s')$


     𝑠  ′   ∈  𝐷 


$s' \in D$


$s$


   𝐴 


$A$


   𝐵 


$B$


$A$


$B$


    30  


$30$


   1  ,   000  


$1,000$


   Δ  =  0  .  5 


$\Delta = 0.5$


$\Delta = 0.5$


   𝑞  (  𝑡  ) 


$q(t)$


   𝑄 


$Q$


$Q$


   𝑆 


$S$


   s 


$\textbf {s}$


   𝜏  ∶  [  0  ,  1  ]  →  𝑆 


$\tau :[0, 1] \rightarrow S$


   𝜏  (  0  )  =    𝑠    𝑖  𝑛  𝑖  𝑡   


$\tau (0) = s_{init}$


   𝜏  (  1  )  =    𝑠    𝑓  𝑖  𝑛  𝑎  𝑙   


$\tau (1) = s_{final}$


   𝑠  (  𝑡  ) 


$s(t)$


   𝑠  (    𝑡  0   )  =    𝑠    𝑖  𝑛  𝑖  𝑡   


$s(t_0) = s_{init}$


   𝑠  (    𝑡  𝑓   )  =    𝑠    𝑓  𝑖  𝑛  𝑎  𝑙   


$s(t_f) = s_{final}$


   𝑆  ⊂    ℝ  𝑛  


$S \subset \mathbb {R}^n$


$A$


   𝑟 


$r$


   𝑇 


$T$


     𝜋  ∗   ∶  𝑆  →  𝐴 


$\pi ^* : S \rightarrow A$


   𝐷 


$D$


     𝜋  ∗  


$\pi ^*$


    v’  


$\textbf {v'}$


   v 


$\textbf {v}$


        v  =    s  𝑡   −    s    𝑡  −  1   


\begin {equation}\textbf {v} = \textbf {s}_t - \textbf {s}_{t-1}\end {equation}


     s  𝑡  


$\textbf {s}_t$


     s    𝑡  −  1   


$\textbf {s}_{t-1}$


     s  ′   ∈  𝐷 


$\textbf {s}' \in D$


$\textbf {v'}$


        a  =    𝜋  ∗   (    s  ′   ) 


\begin {equation}\textbf {a} = \pi ^*(\textbf {s}')\end {equation}


         v’   =  𝑇  (    s  ′   ,  a  )  −    s  ′  


\begin {equation}\textbf {v'} = T(\textbf {s}', \textbf {a}) - \textbf {s}'\end {equation}


          𝑑   traj     =  1  −        v  ′   ⋅  v       ‖  v  ‖   ⋅    ‖    v  ′   ‖    


\begin {equation}d_{\text {traj }} = 1 - \frac {{\textbf {v}'} \cdot {\textbf {v}}}{{\lVert \textbf {v} \rVert } \cdot {\lVert \textbf {v}' \rVert }}\end {equation}


   𝐶 


$C$


     s  ′  


$\textbf {s}'$


   𝛼 


$\alpha $


     𝑑   euclid   


$d_{\text {euclid}}$


     𝑑   traj   


$d_{\text {traj}}$


              𝐶  =  𝛼  ⋅    𝑑   traj    +  (  1  −  𝛼  )  ⋅    𝑑   euclid      


\begin {equation}\begin {aligned} C = \alpha \cdot d_{\text {traj}} + (1 - \alpha ) \cdot d_{\text {euclid}} \end {aligned}\end {equation}


    s’   ∈  𝐷 


$\textbf {s'} \in D$


$C$


$d_{\text {traj}}$


$d_{\text {euclid}}$


$\textbf {s}_t$


$\textbf {s}_{t-1}$


$D$


   𝜋 


$\pi $


$T$


$\alpha $


$\textbf {v}$


   ← 


$\gets $


$\textbf {s}_t$


   − 


$-$


$\textbf {s}_{t-1}$


    min_cost  


$\text {min\_cost}$


$\gets $


   ∞ 


$\infty $


     s  𝑡  ∗   ←   None  


$\textbf {s}^{*}_{t} \gets \text {None}$


$\textbf {s}'$


   𝒟 


$\mathcal {D}$


     a  ′   ←  𝜋  (    s  ′   ) 


$\textbf {a}' \gets \pi (\textbf {s}')$


     s   next   


$\textbf {s}_{\text {next}}$


$\gets $


   𝑇  (    s  ′   , 


$T(\textbf {s}',$


     a  ′   ) 


$\textbf {a}')$


     v  ′  


$\textbf {v}'$


$\gets $


$\textbf {s}_{\text {next}}$


$-$


$\textbf {s}'$


$d_{\text {traj}}$


$\gets $


   1  −        v  ′   ⋅  v     ‖  v  ‖  ⋅  ‖    v  ′   ‖   


$1 - \frac {\textbf {v}' \cdot \textbf {v}}{\lVert \textbf {v}\rVert \cdot \lVert \textbf {v}'\rVert }$


$d_{\text {euclid}}$


$\gets $


    normalize   (  ‖    s  𝑡  


$\text {normalize}(\lVert \textbf {s}_t$


$-$


      s’   𝑡   ‖  ) 


$\textbf {s'}_t \rVert )$


    current_cost   ←  𝛼  ⋅    d   traj    +  (  1  −  𝛼  )  ⋅    d   euclid   


$\text {current\_cost} \gets \alpha \cdot \text {d}_{\text {traj}} + (1 - \alpha ) \cdot \text {d}_{\text {euclid}}$


    current_cost   <   min_cost  


$\text {current\_cost} < \text {min\_cost}$


    min_cost   ←   current_cost  


$\text {min\_cost} \gets \text {current\_cost}$


     s  𝑡  ∗  


$\textbf {s}^{*}_{t}$


$\gets $


$\textbf {s}'$


$\textbf {s}^{*}_{t}$


   5  ×   15  


$5 \times 15$


$\textbf {s}_t$


$C$


$d_{\text {euclid}}$


     𝑑    𝑒  𝑢  𝑐  𝑙  𝑖  𝑑   


$d_{euclid}$


$d_{\text {traj}}$


$d_{\text {traj}}$


   2 


$2$


   [  0  ,  2  ] 


$[0, 2]$


$d_{\text {euclid}}$


$d_{\text {traj}}$


   [  0  ,  1  ] 


$[0, 1]$


   𝛼  =  0  .  8 


$\alpha = 0.8$


$d_{\text {traj}}$


$d_{\text {euclid}}$


$\alpha $


   > 


$>$


   0  .  3 


$0.3$


    TC  


$\text {TC}$



https://doi.org/10.1145/3776734.3794449
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3776734.3794449

HRI Companion "26, March 16-19, 2026, Edinburgh, Scotland, UK

3 Limitations of Euclidean Mapping

The Euclidean-distance metric introduces limitations to the map-
ping of OOD states in high-dimensional robot state spaces. The
curse of dimensionality leads to mappings that may break human
expectations for continuous motion. As a result, the Euclidean dis-
tance fails to capture the semantic similarity of robot states and
leads to actions that may be unpredictable to users.

The Curse of Dimensionality In high-dimensional robot state
spaces that include features such as joint angles and sensor read-
ings, Euclidean distance becomes less reliable. As dimensionality
increases, the Euclidean distance to nearest and farthest neighbors
becomes less meaningful [2]. Thus, in high-dimensional robot state
spaces OOD states have many neighbors that tend to be equally
close, diminishing the ability of Euclidean distance to map OOD
states to reliable ID states.

For example, small amounts of noise may affect the selected
ID state leading to instability in the projection. If an OOD state s
has multiple ID neighbors that are geometrically close, a minimal
perturbation can cause the projection to flip from an ID region
associated with an action A to a region associated with action B.
In the case that actions A and B correspond to abruptly different
actions, this can break user predictability by disrupting continuous
movement.

To demonstrate this instability, we calculated nearest-neighbor
distance on a Mahalanobis OOD point (red x) in a 30-dimensional
multivariate-normal dataset with 1,000 samples [8]. After altering
the OOD point by A = 0.5, the nearest neighbor flipped from index
328 (purple o) to index 537 (blue o) [Figure 1]. The flip in the selec-
tion of the ID state translates to potential temporal instability in a
robot’s motion. For example, if one nearest neighbor corresponds
to an action that maintains a forward path, but the other equally
close neighbor corresponds to an action that leads the agent to veer
off course, the switch in selection of the ID state would break user
expectations for continuous motion.

Semantic Similarity The instability of OOD projections arising
from the curse of dimensionality leads to a breakdown of seman-
tic similarity. Since users rely on policies to continue patterns of
motion, the flip in behavior goes against predictability.

Since Euclidean distance only minimizes spatial differences, it
ignores functional or temporal characteristics that define a policy’s
action. To represent robot motion, trajectory representations [12]
take into account velocity and time when defining how a robot
should move along a path. These representations show that state
transitions and temporal smoothness are critical in defining robot
motions. Our TC mapping incorporates this idea by considering
trajectory continuity rather than relying solely on Euclidean dis-
tance.

4 Trajectory-Continuation Mapping

TC mapping prioritizes trajectory continuation by estimating the
local trajectory of the OOD state. Prior work has defined a trajectory
as a function of time ¢(¢) in a robot’s configuration space Q [12].
We extend this definition from the configuration space Q to the
state space S where state vectors s may contain features beyond
kinematics.
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Figure 1: Demonstration of Euclidean Mapping Instability.
Top: The nearest neighbor (purple o) at index 328 to an OOD
point (red x). Bottom: After altering the OOD point by A = 0.5,
the nearest neighbor (blue o) flips to index 537.

We define a path as a continuous map, 7 : [0,1] — S with
7(0) = sjpr and 7(1) = Sjpq. The trajectory is a function s(t) such
that s(ty) = Sjnis and s(tf) = s fjng. We estimate local trajectory from
finite differences in states.

As defined in prior work, the system is modeled as an MDP with
states S C R, actions A, reward function r, and transition function
T. The robot has learned an optimal policy 7* : S — A, and the
rollout history D is defined as the set of in-distribution states under
7" informing a user’s prediction [11].

To calculate the ID trajectory v’ that will most closely continue
the OOD trajectory v, we define the OOD velocity vector:

(1)

where s; and s,_; are consecutive OOD states. For a subset of can-
didate ID states s’ € D we calculate the policy’s velocity vector

v

V=8"8-

a=7m"(s")

@

v =T(s",a)—s’

®)
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In order to find the semantic similarity of the two state vectors,
we use cosine similarity and transform it to a positive measurable
distance:

viv
Qg = 1= 1ot @
ra} v - v
Next, we define a cost function C for s’ where « is a weight
to adjust the importance of Euclidean distance versus trajectory
similarity. We define d,j;q to be the normalized Euclidean distance
to match the scaling of di,;.

C=a- dtraj +(1—a) deyelia (5
Lastly, we select the ID state from a set of candidate states s’ €
D that minimizes C for IODA. By incorporating the trajectory-
alignment distance d,,,; alongside the geometric distance d,,clig, the
TC mapping reflects semantic similarity. This approach is designed
to prevent selection of ID states that result in abrupt change in robot

actions in order to reflect user prediction for smooth movement.

Algorithm 1 Trajectory-Continuation Mapping

Require: Current OOD state s;, Previous OOD state s;_;, ID
dataset D, Policy r, Transition function T, Weight c.

L Ve s — 8
2: min_cost « oo
3. s; < None
4: for each candidate state s’ in 2 do
5 a’ < x(s’)
6: Spext < 1(s”,a’)
7: vV~ Spexi — 8
’
8 o) < 1 R
9: deuclid « normalize(ust - S,t")
10: current_cost < & - dypj + (1 — @) - deyelia
11: if current_cost < min_cost then
12: min_cost < current_cost
13: s; <’
14: end if
15: end for

16: return s}

5 2D Navigation Demonstration

We illustrate the performance of the TC mapping compared to the
Euclidean-distance mapping in a 2D navigation demonstration [Fig-
ures 2a and 2b]. The environment shares a similar visual structure
to the demonstration in the original IODA work, but our agent
(circle) was trained with Q-learning in a discrete action space. The
environment contains a central ID region (gray) and a surround-
ing OOD region (white). To create OOD conditions, the agent was
trained for every discrete location within the 5x 15 gray workspace.
The white region was held out during training so that the agent
has no learned policy for those states. The agent’s goal position
(top, green rectangle) is set to be straight across from the starting
position (bottom, blue rectangle).

During the demonstration, the user controls the horizontal di-
rection of the policy to bring the agent from the ID region (gray) to
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the OOD region (white). When in the OOD region, IODA maps the
agent to actions based on the selected ID state. For this demonstra-
tion, when using TC mapping, the candidate set for any OOD state
s; was restricted to all ID states with the same vertical coordinate
as the agent. This set is used to minimize the cost function C and
select the ID state.

To illustrate the performance of the TC mapping compared to
Euclidean mapping, a policy failure was simulated at a specific ID
location (orange, left square), where an unpredictable action was
injected into the policy causing the agent to go down, away from
the goal. In response to the injected policy failure, the Euclidean-
distance mapping selects the ID state that leads to the downward
action (orange arrow) [Figure 2a]. However, the TC mapping selects
an ID state (pink, middle square) maintaining continuous, upward
motion (pink, arrow) [Figure 2b]. This demonstration shows prelim-
inary evidence that TC mapping creates the trajectory alignment
necessary to create continuous, predictable motions.

In the TC mapping for this demonstration, we used min-max
scaling to normalize d,,;q, ensuring comparable scales between
deyclig and dyr,j. Additionally, we divided dy,; by 2 because it is
bounded in [0, 2]. This produces values for deyjjq and dy,; that are
bounded in [0, 1]. In our demonstration we set & = 0.8, giving dyy,;
more importance over dp,.j;q- Sensitivity analysis indicated that
values of @ > 0.3 provided stable projections to candidate states.

1]

ol

(a) Euclidean-Distance Mapping

-

(b) TC Mapping

Figure 2: In a 2D navigation task with a simulated policy
failure point (orange, left square), a user controls the x-axis of
the agent (circle) while the policy controls the y-axis. The gray
region indicates ID states, and the white region indicates OOD
states. (a) Euclidean distance selects a nearby state (orange,
left square) leading to a downward action (orange arrow). (b)
TC mapping selects the state (pink, middle square) that leads
to an upward, continuous action (pink arrow).
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6 Discussion leading to unexpected behaviors. To address this, we introduced a
g p

Our work contributes a TC mapping from OOD to ID states that pri- Trajector y-pontinuation (TC) mapping."[he TC mapping asserts

oritizes state-change alignment. We hypothesized that the Euclidean- that the action at a s'elec'ted ID state. continues the trend of rTlotlon

distance mapping does not capture the semantic similarity required at an OOD state, which is hypothesized to create more predictable

to make robot actions predictable to users. We found behaviors
supportive to this hypothesis in a 2D navigation demonstration,

and continuous motions.

where the TC mapping selected an ID state leading to continuous ACkHOWledgments
forward motion, while the Euclidean-distance mapping selected This work was supported in part by the National Science Foundation
an ID state leading to discontinuous motion. Given that our anal- (I1S-2132887, 2417014).
ysis was limited to a simulation environment, further evidence is
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