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Abstract— Robots learn reward functions from user demon-
strations, but these rewards often fail to generalize to new
environments. This failure occurs because learned rewards
latch onto spurious correlations in training data rather than
the underlying human intent that demonstrations represent.
Existing methods leverage visual or semantic similarity to im-
prove robustness, yet these surface-level cues often diverge from
what humans actually care about. We present Generalizing
Intent for Flexible Test-Time rewards (GIFT), a framework
that grounds reward generalization in human intent rather than
surface cues. GIFT leverages language models to infer high-
level intent from user demonstrations by contrasting preferred
with non-preferred behaviors. At deployment, GIFT maps novel
test states to behaviorally equivalent training states via intent-
conditioned similarity, enabling learned rewards to generalize
across distribution shifts without retraining. We evaluate GIFT
on tabletop manipulation tasks with new objects and layouts.
Across four simulated tasks with over 50 unseen objects,
GIFT consistently outperforms visual and semantic similarity
baselines in test-time pairwise win rate and state-alignment
F1 score. Real-world experiments on a 7-DoF Franka Panda
robot demonstrate that GIFT reliably transfers to physical
settings. Further discussion can be found at https://mit-clear-
lab.github.io/GIFT/

I. INTRODUCTION

Imagine a human teaching a robot how to pack their bag
for an art class (Fig. 1). The human might demonstrate
placing a paintbrush and sketchbook in the bag, expecting the
robot to understand their goal of gathering art supplies. Later,
when preparing for a different art session, the human would
naturally trust the robot to assist them autonomously with
packing the right supplies—whether it’s the same paintbrush
and sketchbook, or instead molding clay, an easel, or any
other materials needed for the task.

Unfortunately, while robots can learn reward functions
from user demonstrations [1, 2], these reward functions rarely
generalize to new scenarios. Instead, learned rewards often
latch onto spurious correlations in the training data [3] (e.g.,
reward functions learn to “pack paintbrush”) rather than
capturing the underlying high-level intent (e.g., a reward
function to “pack art supplies”). As a result, when robots
encounter new scenarios at test time, the learned reward
may fail catastrophically, causing the robot to either ignore
important task aspects or fixate on irrelevant ones. Prior
work has attempted to improve robustness through data
augmentation based on visual [4] or language [5] similarity,
but these measures often diverge from what humans actually
care about when defining task success [6].

Our key insight is that state similarity is driven by people’s
high-level task intent, not by surface-level visual or language
cues. In our example in Fig. 1, a vision-based model might

Fig. 1. Top. During training, the robot gets task demonstrations (loading
a paintbrush) and uses them to infer the user’s high-level intent (“load art
supplies”). Bottom. At test time, the robot encounters three unseen objects.
GIFT uses the inferred intent to correctly identify that the molding clay is
relevant. In contrast, visual-similarity baselines incorrectly prefer the dish
scrubber due to its appearance, and language-similarity baselines make an
analogous mistake (“toothbrush” and “paintbrush.”)

judge a scrubber to be most similar to a paintbrush because
they look alike, while a language model might instead group
a paintbrush with a toothbrush due to lexical similarity.
Neither captures what actually matters for the task: under the
intent “pack art supplies,” a paintbrush is closer to molding
clay. In addition, different intents induce different notions
of similarity: if the intent were instead “set aside painting
supplies,” then paintbrush, watercolor, and easel would be
similar to the intention, while molding clay and sketchbook
would be dissimilar. Without conditioning on intent, the robot
cannot know which notion of similarity is appropriate, and
thus risks generalizing along the wrong notion of similarity.

To address this issue, we introduce Generalizing Intent
for Flexible Test-Time rewards (GIFT), a framework that
grounds reward generalization in high-level intent. We lever-
age language models’ (LMs) commonsense reasoning abil-
ities in two stages. First, we infer the human’s high-level
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Fig. 2. Generalizing Intent for Flexible Test-Time rewards. Left. GIFT infers the human’s intent given pairs of human-preferred demonstrations and
reference trajectories. Right. During inference, GIFT deduces which objects in the unseen states should behave as objects in the training states. Afterwards,
the unseen state components are aligned to training states so that the reward function learned before deployment can be used for planning.

intent by prompting LMs with contrasting pairs of user-
preferred trajectories and non-preferred trajectories. Second,
at test time, the inferred intent conditions another LM call
that aligns novel test states to semantically similar training
states. This lets the robot reuse its learned reward function
without retraining. In experiments with a 7-DoF Franka
Panda robot, both in simulation and the real world, we
show that GIFT substantially outperforms low-level visual
and language baselines on test-time reward generalization.

II. RELATED WORK

Learning Rewards from Humans. Robots commonly learn
human goals from demonstrations [1, 2, 7], preferences [8, 9],
or corrections [10–12]. Language has recently emerged as
a powerful medium for reward learning, enabling free-
form text or natural language critiques to refine reward
inference [13, 14]. Other methods leverage LMs as priors to
propose interpretable reward features or to ground abstract
task objectives directly into reward functions [15–18]. While
these approaches make it easier for non-experts to convey
their intent without hand-engineering reward functions, the
resulting models often overfit to surface correlations in
limited data, leading to reward misspecification—where the
learned reward captures proxies of success rather than the
user’s true objective [19, 20]. GIFT aims to avoid reward mis-
specification by interpreting demonstrations as expressions of
high-level intent that can be inferred and transferred across
domains to enable flexible test-time reward generalization.

Test-Time Adaptation in Robots. Reward learning ap-
proaches often require users to teach the robot again when it
encounters a new environment. Collecting data for every new
environment can be an onerous process for users [21–24], so
other techniques aim to transfer the robot’s understanding of
user preferences to unseen contexts at test time [4, 25–29].
Test-time adaptation is often achieved by using large pre-
trained models to directly map from test-time observations
to data seen during training by using textual correspondence
between objects [28, 30], visual correspondence between
videos [4], or by projecting test images to the training man-
ifold of images [29]. In contrast to previous approaches that
perform mappings that directly reflect the data distribution,

GIFT aims to leverage higher-order representations of user
intention that are robust to distribution shifts.

III. PROBLEM FORMULATION

We consider the problem of adapting a robot’s behavior to
align with human objectives under distribution shift. Our goal
is to enable a learned reward function to generalize across
distribution shifts by grounding it in the human’s high-level
intent, rather than correlations present in the training domain.
Markov Decision Processes. We model our setting as a
Markov Decision Process (MDP) [31] M = ⟨S,A, T ,R⟩,
where S is the state space (e.g., robot joint poses, object
poses), A the action space, T : S × A × S → [0, 1] the
transition dynamics, and R : S × A → R the reward
function. We denote trajectories as state-action sequences
ξ = (s0, a0, . . . , sT−1, aT−1, sT ). The robot aims to find
a policy π : S → A such that the trajectories induced by π∗

maximize cumulative rewards, π∗ = argmaxπ Eξ∼π[R(ξ)].
Reward Learning from Human Input. The reward is not
known a priori, as it reflects the human’s internal preference
over how the robot should behave. We model this preference
as a parameterized reward function Rθ(ξ) =

∑
st∈ξ Rθ(st),

where θ are learnable parameters. Because hand-specifying
Rθ is difficult, the robot can instead learn it from human
input such as demonstrations, preferences, or corrections.

The robot’s goal is to find parameters θ such that the
reward Rθ captures the human’s underlying intent. This can
be achieved through various approaches including inverse
reinforcement learning (IRL) [1, 32], preference learning [8],
learning from corrections [12], etc. Our method (Sec. IV) is
agnostic to the reward learning algorithm. For concreteness,
we focus our exposition on the IRL setting, where the
algorithm seeks θ such that human-demonstrated trajectories
DH = {ξi}Ni=1 are more likely under Rθ than alternative
trajectories ξ ∈ Ξ, where Ξ denotes the set of all possible
trajectories. In this formulation, demonstrations serve as
evidence of desired behavior, and reward learning amounts
to recovering the preference Rθ that best explains them.
Distribution Shift. Standard reward learning assumes that
training and test trajectories are drawn from the same dis-
tribution. In practice, however, robots are deployed in envi-
ronments where test-time states differ from those observed
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in training—due to new objects, layouts, or contexts. This
distribution shift leads to two major failure modes: reward
misspecification and out-of-distribution misgeneralization.

First, when demonstrations Dtrain cover only a subset of
the state space Strain ⊆ S , the robot may recover a reward
function Rθ that explains the specific training data but fails
to capture the human’s true high-level intent. For example,
demonstrations of keeping a coffee cup away from a laptop
may be misinterpreted as “avoid laptops” rather than the
intended “avoid liquids near water-sensitive objects.” In such
cases, the learned reward Rθ encodes spurious correlations
tied to Strain, diverging from the intended reward Rθ∗ .
This reflects a reward misspecification problem where partial
observability and limited coverage of the demonstrator’s
intent lead to learning proxy objectives rather than the true
underlying preference [19, 20].

Second, even when the intended preference is correctly
recovered within the training domain, applying Rθ to novel
test states Stest can produce unreliable behavior. The learned
reward function, having been optimized to explain demon-
strations involving specific objects and configurations, may
respond unpredictably to states containing unseen elements.
For instance, a reward function trained on demonstrations
involving a paintbrush may assign arbitrary values to states
containing molding clay, even when both objects serve the
same functional role in the task. This represents an out-of-
distribution misgeneralization failure where the learned re-
ward produces unreliable outputs on novel inputs, regardless
of the underlying parameterization [3, 33].

These two challenges illustrate why standard reward learn-
ing fails to generalize under distribution shift: directly apply-
ing Rθ to Stest may assign arbitrary or misleading values
to novel states not covered by Strain. Our goal is to enable
reward functions to adapt to such shifts without retraining
by grounding them in the human’s high-level intent.

IV. GENERALIZING INTENT FOR FLEXIBLE TEST-TIME
REWARDS (GIFT)

GIFT achieves test-time reward generalization by defining
a state similarity function conditioned on the human’s high-
level intent. This function allows us to map novel test states
into the training domain and reuse the reward function with-
out retraining. Fig. 2 presents an overview of our framework.

A. The GIFT Framework
Inferring High-Level Intent. To align states with an intent-
conditioned similarity function, we first infer the human’s un-
derlying intent. We leverage LMs’ reasoning capabilities and
provide it with: (i) human-preferred demonstrations DH and
(ii) reference trajectories D¬H := {ξi ∼ Ξ}Ni=1 (e.g., rollouts
from a nominal controller or other non-preferred behavior)
in the same scenes. By contrasting these behaviors [18], the
LM outputs a natural language summary of the high-level
intent that explains the difference between DH and D¬H

(Fig. 2 left). We denote this process as

ω∗ ≈ ω̂ ≜ J
(
DH, D¬H

)
,

where ω∗ is the human’s true high-level intent, ω̂ is our
estimate, and J is the intent estimator instantiated as an LM.

Intent-Conditioned State Similarity. Having recovered the
intent ω̂, we now describe how it guides our notion of state
similarity. Our key insight is that states should be treated
as similar based on the human’s high-level intent rather than
low-level visual or language features. We formalize this with
an intent-conditioned kernel:

K(s, s′ | ω) : S × S → [0, 1],

where higher values denote greater similarity and ω deter-
mines what “similar” means for the task. Existing methods
in the literature typically define similarity using unimodal
representations such as low-level visual [34] or language [35]
features. In contrast, we posit that high-level intent ω
inherently captures cross-modal semantic relationships—
functional goals that transcend specific visual or linguistic
instantiations—that better reflect task-relevant similarity.

For example, consider a training scene where a paintbrush
is packed into a backpack and a test scene with different
objects (Fig. 1). A vision-based kernel might show high
similarity between a scrubber and a paintbrush because
they are visually alike, while a language-based kernel might
instead show a high similarity between a toothbrush and a
paintbrush due to lexical similarity. In contrast, our intent-
conditioned kernel recognizes that molding clay and paint-
brush are similar when conditioned on the intent “pack art
supplies,” preserving the demonstrator’s high-level intent.

Different high-level intents induce different measures of
similarity over the same set of states. For example, under
the intent “pack art supplies,” states containing a paintbrush,
molding clay, or sketchbook are treated as equivalent, while
under “set aside painting supplies,” the relevant cluster shifts
to paintbrush, watercolor, and easel, with molding clay and
sketchbook now irrelevant. Without conditioning on intent,
a robot cannot distinguish which notion of similarity is
appropriate and may generalize incorrectly.

To operationalize the kernel K, we use LMs as implicit
similarity functions: given the estimated intent ω̂ and descrip-
tions of two states, the LM leverages common-sense priors to
decide how similar the states are (Fig. 2 right). This enables
us to align novel test states to behaviorally equivalent training
states in a way that preserves the underlying human intent,
rather than spurious correlations. While our implementation
uses binary relevance decisions for simplicity, the framework
could naturally extend to continuous similarity by querying
the LM to rate relevance on a continuous scale.

Aligning Test States. Once we infer the human’s intent ω̂,
we use it to align test states to their nearest intent-equivalent
training states. Let Strain be a dataset of states collected from
training scenes. For a novel state s′ ∈ Stest, we define an
intent-conditioned alignment operator fω̂:

fω̂(s
′) ≜ argmax

s∈Strain

K
(
s, s′ | ω̂

)
,
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which maps1 s′ to the nearest intent-equivalent training
state identified by the kernel K. We extend this operator
to trajectories ξ′ = (s′0, . . . , s

′
T ) by applying it state-wise,

aligning each state independently:

fω̂(ξ
′) ≜

(
fω̂(s

′
0), . . . , fω̂(s

′
T )

)
.

This produces an aligned trajectory fω̂(ξ
′) whose semantic

components correspond to training states in Strain. Intu-
itively, the alignment operator projects each novel test state
into the training domain along intent-relevant dimensions,
ensuring that subsequent reward evaluation depends on be-
haviorally equivalent states.

In our running example, suppose a test scenario involves
packing molding clay. Under the inferred high-level intent
ω̂ = “pack art supplies,” the alignment operator fω̂ maps
molding clay to its training equivalent paintbrush, yielding
an aligned trajectory in the training domain whose reward
evaluation reflects the intended goal.

Test-Time Reward Generalization. Let Rθ be the reward
learned once on training data. At test time, we evaluate
unseen trajectories by first aligning them into the training
domain and then applying Rθ:

R̃θ(ξ
′ | ω̂) ≜ Rθ

(
fω̂(ξ

′)
)
.

In this formulation, the alignment operator fω̂ carries the
“burden” of test-time generalization, while the learned re-
ward Rθ itself remains unchanged. At deployment, planning,
or policy selection is performed using the fixed reward on
aligned trajectories:

π⋆ = argmax
π

Eξ′∼π

[
R̃θ(ξ

′ | ω̂)
]
.

Because the alignment is intent-conditioned rather than
purely visual- or language-conditioned, optimization pro-
ceeds over states that are similar in meaningful, preference-
driven ways, not merely along surface cues.

B. GIFT Implementation Details

Parameterization of the Intent Estimator. We estimate the
human’s intent, ω̂, via a contrastive LM call,

ω̂ = JLM(DH,D¬H),

where DH are human-provided demonstrations and D¬H

are reference trajectories from a nominal controller (e.g.,
shortest-path planner) in the same scenes. To enable
language-based reasoning, we follow Peng et al. [18] and
represent trajectories in terms of human-interpretable feature
values (e.g., end-effector position, distance to objects, gripper
orientation) together with natural-language descriptions of
what each feature measures. The LM is thus given both (i)
structured numeric feature traces and (ii) semantic descrip-
tions of those features, allowing it to reason abstractly about
behavior rather than raw sensor values. We prompt the LM

1For simplicity, we write this as operating over full states, though in
practice the alignment applies to the semantic components of the state (e.g.,
object identity) while preserving continuous dimensions such as robot pose.
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Fig. 3. Similarity Between LM-Inferred and Ground Truth Intent. We
gave the LM 3 demonstration pairs from a virtual Jaco robot and a real-world
Franka robot, and tasked it with deducing the human’s intent. We found that
LMs produced an acceptable conditioning variable for alignment.

to identify the higher-level intent that distinguishes DH from
D¬H, producing abstract summaries such as “avoid liquids
near water-sensitive electronics” rather than instance-specific
descriptions like “avoid coffee above laptop.”

Intent-Guided Alignment. For each test state s′, we use
the inferred intent ω̂ to determine which training state (if
any) is behaviorally equivalent. We implement the alignment
operator fω̂ via an LM call that receives ω̂ as context and
is prompted to map the semantic components of s′ to their
intent-equivalent elements in the training set.

The LM performs a binary relevance judgment for each
semantic element of the state (e.g., object identity). If an
element is relevant under the intent ω̂, it is mapped to the
corresponding training element that fulfills the same intent-
relevant role (K(s, s′ | ω̂) = 1); otherwise, it is mapped to a
distractor class (K(s, s′ | ω̂) = 0). Formally, this produces
a mapping fω̂ : Stest → Strain ∪ {distractor} conditioned
on ω̂ and the scene context, which aligns only the semantic
components while preserving continuous ones such as robot
pose. Conceptually, this behaves as a target projection [29]:
at test time, we make new states look like appropriate training
states. We use GPT-4o [36] for all LM calls.

Implementation of Rθ. GIFT is agnostic to the reward
parameterization and learning algorithm. In our experiments,
we adopt Maximum Entropy IRL [32], which models trajec-
tory probabilities as pθ(ξ) ∝ exp(Rθ(ξ)) and seeks parame-
ters θ that maximize the likelihood of given demonstrations.
Following Finn et al. [1], we learn Rθ from a set of training
demonstrations collected in multiple object configurations.

We parameterize the reward as a linear function over
trajectory features: Rθ(ξ) = θ · ϕ(ξ), where ϕ : Ξ → Rd

extracts time-aggregated features (e.g. end-effector distance
to objects). This linear parameterization enables efficient
learning, though GIFT’s framework supports more expressive
function approximators such as neural networks. Crucially,
at deployment the learned reward Rθ and feature extractor
ϕ remain fixed. All test-time generalization to novel objects
and scenes occurs through the intent-conditioned alignment
operator fω̂ (Sec. IV), with no retraining required.
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Fig. 4. Test-Time Pairwise Win Rate. Across our tasks, the rewards
learned via GIFT achieved a higher win rate than all other baselines.
These results were aggregated over 250 trajectory pairs per scene, with
randomization of various state components along with random sampling
from a pool of over 50 unseen objects. Black bars denote standard errors.

V. EXPERIMENTS

GIFT is based on the idea that high-level intent enables
better test-time generalization compared to low-level vision
or language features. We explore the following research
question to quantify the benefits of GIFT:
RQ1. Does high-level intent similarity lead to better reward

performance at test-time compared to low-level visual
or language similarity?

RQ2. When do low-level visual or language features fail to
generalize at test-time?

RQ3. Does GIFT transfer to robots in the physical world?
We conduct experiments to evaluate these research ques-

tions using 7-DoF robot arms across four tabletop manipu-
lation tasks in simulation and the real world.
Tasks. Our simulated experiments used a 7DoF Jaco robot
arm in the PyBullet simulator [37], and our real-world
experiments used the 7-DoF Franka Research Robot. Each
task corresponds to a distinct ground-truth high-level intent.
The tasks in order of increasing complexity are: (1) Place
Mug. ω∗

1 : avoid carrying fluids near water-sensitive objects.
(2) Sweep Spill. ω∗

2 : sweep paper-based items away from
the spill (3) Pack Backpack⋆. ω∗

3a: pack art supplies; ω∗
3b:

pack reading material (4) Store Into Drawer⋆. ω∗
4a: store

valuables; ω∗
4b: store electronics. Tasks 3 and 4 have multiple

possible intents to showcase GIFT’s ability to recover diverse
intent-conditioned similarity functions.

Across our tasks, we used a dataset of over 50 objects in
total, which we split into a distinct training set and test set
for each task. The test environments contain different objects
from the training environments.
Sanity Check. Before evaluating the effectiveness of GIFT,
we first verify that GIFT’s LM-inferred intents are reasonable
estimates of ground-truth intents. We evaluate intent accuracy
for each task using the cosine similarity between ground truth
intent, ω∗, and the intent estimated by JLM. We perform the
intent estimation process ten times for each of the four tasks
to calculate the mean and standard error. A baseline intent of
predefined, task-relevant goals (e.g., “the human prefers to
move objects”) serves as a control. To demonstrate flexibility
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Fig. 5. Test-Time State Alignment F1 Score. GIFT achieves a superior
F1 score by aligning along intent, reducing confounds from superficial
language/visual similarity.

across human preferences, we also evaluated across the two
ground-truth intents for Pack Backpack (ω∗

3a and ω∗
3b) and

Store Into Drawer (ω∗
4a and ω∗

4b).
Fig. 3 shows cosine similarity between LM-inferred intent

and the ground-truth intent for both simulated (Jaco) and
physical (Franka) demonstrations. We found that across all
tasks, LM-inferred intents showed higher cosine similarity
with the ground truth intent than the generic intent baseline,
indicating that the intent-prediction step of GIFT generates
reasonable intents.

A. Effectiveness Compared to Baselines

Experimental Setup. RQ1 aims to investigate if GIFT’s
intent-based similarity leads to better test-time reward in-
ference compared to low-level visual or language similarity.
We compare GIFT to three baseline similarity methods:

1) Vision, K(·, ·|ωvis), by using the cosine similarity of
DINO embeddings [34] over images of scene objects.
To mitigate the impact of noise from object appearances,
we used Stable Diffusion [38] to generate three object
images and compute their average DINO embedding.

2) Language, K(·, ·|ωlang), by using the cosine similarity
of BERT embeddings over textual descriptions of the
objects in the scene.

3) LMNo Intent, K(·, ·|ωLM), parameterized by prompting
an LM to directly map components of the test state to
the training states as detailed in Sec. IV-B, but without
providing an intent learned from demonstrations. This
baseline is an ablation of the intention conditioning
mechanism of GIFT.

We use the same align-and-score procedure for each sim-
ilarity method, where ω denotes the alignment conditioning
signal (with GIFT using ωGIFT = ω̂). We compare ω ∈
{ωvis, ωlang, ωLM, ωGIFT} by aligning a test trajectory with
the training set using:

R̃θ(ξtest|ω) ≜ Rθ

(
fω(ξtest)

)
.

To mitigate the impact of noise from sampling LMs, we
computed ω = JLM, then performed the alignment procedure
fω(s

′) for s′ ∈ Stest ten times. The final aligned state, s′,
was set as the mode of these repeated runs.
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Fig. 6. FP/FN (%) on the Confounding States, Sconf . GIFT remains low across categories by using intent-relevance. On the other hand, the oracle
baselines merely retune thresholds and trade errors across confounds. Thresholding cannot correct a misaligned similarity signal, and therefore they show
high errors. GIFT’s ablation, LMNo Intent, is less performant due to not recognizing which test states are intent relevant; leading to a high FN a rate.

We evaluated RQ1 by generating a mixture of human-
preferred and non-preferred test trajectories, randomizing
across start locations, goal locations, object types, and object
placements. We report average win rate [39, 40] for pairs
of trajectories (ξi, ξj), defined as the accuracy of predicting
which trajectory the human prefers; a correct prediction
counts as +1 for a given pair, and ties count as +0.5. For
each scene, we average over 250 unique trajectories and three
random seeds. We formed the following hypothesis for RQ1:
H1. Intent-conditioned similarity achieves a higher win rate
than visual, language and LMNo Intent similarity methods.
Results. Fig. 4 shows pairwise win rate for each of the
algorithms that were evaluated across the four tasks. Unseen
trajectory pairs show increased win rates for GIFT across
all tasks. The largest margins appear in more complex
tasks. Pack Backpack and Store Into Drawer showed 20%
improvement over the next best baseline similarity methods.
Place Mug and Sweep Spill achieved 7% improvement over
the next best baselines. This result indicates that high-level
intent similarity leads to better generalization in unseen test-
time scenarios.

B. Failure Modes for Low-level Features

Experimental Setup. RQ2 examines where low-level vision
or language similarity methods fail to generalize at test time.
To inspect this in detail we compare the ability of different
similarity methods to correctly map a test-time object to a
ground-truth train-time object.

Each method maps a test state s′ to a training state
s ∈ Strain or flags it as distractor via a similarity threshold
for each of the four tasks. We evaluate the resulting state
alignment using three metrics: binary F1, false positives
(FP), and false negatives (FN) against a set of ground-truth
intent labels. We compare two variants for vision-based and
language-based similarities: oracle and non-oracle. The ora-
cle variant selected a threshold that maximize F1 on the test
set–requiring access to ground-truth labels–and represents an
upper bound. The non-oracle variant instead used a fixed
threshold selected by computing the average similarity of
Strain. A FP represents that a traning object aligned with an
irrelevant test object (e.g. toothbrush → paintbrush). A FN
represents that a relevant test object is aligned to a distractor
(e.g. molding clay → distractor).

To facilitate analysis, we define the following datasets of
test states S(·) ⊂ Stest. SR contains a mix of intent-relevant
states and straightforward negatives. We additionally define

confounding subsets for tasks 3 and 4, to test the robust-
ness of our approach to the following confounding factors:
language confounds Slang (i.e., items with similar names,
such as toothbrush and paintbrush), visual confounds Svis

(i.e., items with similar appearances, such as broomstick and
paintbrush), and unknown-intent confounds Sunk (i.e., sets
of items that may be grouped in multiple ways depending
on high-level intent, such as metal paintbrush, wooden
pencil, and screwdriver; two possible intent groupings are
metal items or art supplies). Items may belong to multiple
confounding subsets, and we define their union as Sconf =
Slang ∪ Svis ∪ Sunk. We report classification error metrics
for SR ∪ Sconf and S(·) for tasks 3 and 4 and SR for the
other two. This experiment was conducted in our simulated
environment. Our hypothesis for RQ2 is:
H2. GIFT will produce fewer false positives and false
negatives on the different types of confounds than language,
visual, or LMNo Intent baselines.
Results. Fig. 5 shows GIFT’s superior alignment perfor-
mance across tasks, which explains the uplift over baselines
in Fig. 4. On tasks 3 and 4, GIFT lowers both FP and FN
on the confounded subsets compared to visual/language base-
lines (Fig. 6). Overall, while the oracle baselines were some-
times robust to one form of confound, they were susceptible
to other types of confounds, reducing their generalizability.
To understand this behavior, we examined item similarity
based on low-level visual and language-based features for
the Pack Backpack with Art Supplies (ω∗

3a) intent and the
Store Valuables Into Drawer intent (ω∗

4a).
For ω∗

3a (Fig. 8), we observe that non art supplies like
toothbrush and broomstick show high language and vision
similarity with paintbrush, yet items that are art supplies, like
molding clay and tablet with stylus, show low similarity in
these low-level visual and language feature spaces. Similarly,
for ω∗

4a (Fig. 9), we observe that low-level visual and lan-
guage similarity places the unvaluable paper ring as highly
similar to the valuable diamond ring, whereas other valuable
items such as MacBook Pro and iPad Pro are dissimilar to
diamond ring. These results underscore the shortcomings of
measuring similarity based on low-level features.

C. Real World Experiments

Environmental Setup. Our simulated experiments generated
datasets of human-preferred trajectories given a ground truth
reward function, but real-world humans may provide sub-
optimal demonstrations. RQ3 investigates whether LMs can
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Fig. 7. Real World Behavior. By utilizing intent, GIFT planned behavior that was more aligned with the human preferring to pack art supplies and
store valuables. The x-axis labels correspond with test trajectories that have the Franka arm store/pack those unseen items. We randomly sampled sets of
four trajectories corresponding to the four items and computed the resulting Boltzmann distribution for each induced reward along with the standard error.
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Fig. 8. Language–Vision Similarity Plot for Pack Backpack with
Art Supplies. Similarities are measured relative to the training-time anchor
(paintbrushes) at (1.0, 1.0). Test objects such as the tablet with stylus and
molding clay fall closer to distractor, highlighting failure cases where rele-
vant art supplies are confused with unrelated objects. Items like broomstick
and toothbrush are incorrectly pulled toward paintbrushes, showing how
superficial visual or language similarity can lead to false positives.

infer intent from real-world demonstrations from the Franka
Emika Panda robot. We recreated two of the simulated tasks
using Franka with a set of held-out physical objects. We then
evaluated each method by repeatedly sampling a small candi-
date set of physically executable trajectories–each trajectory
manipulating a different held-out object–and converting the
resulting aligned-reward scores into a Boltzmann distribution
over the candidates. For GIFT, we used intents inferred from
Franka’s trajectories, JLM(DFranka

H ,DFranka
¬H ), to evaluate if

the intents inferred from real-world demonstrations could
facilitate robust reward learning. We developed the following
hypothesis for RQ3:

H3. Intents inferred from real-world demonstrations will
enable GIFT to plan behavior on physical robots that is better
aligned with human preferences.

Results. In the Franka domain, we see similar success as
in simulation. Planning with high-level intents produced
behavior that is more aligned with human preferences on
held-out objects than low-level visual features. In Fig. 7,
GIFT correctly identified that the human prefers packing the
molding clay (an art supply) and storing the valuable iPhone
Pro and correctly treats the confounding held-out objects as
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Fig. 9. Language–Vision Similarity Plot for Store Valuables. Similar-
ities are measured relative to the training-time anchor (diamond ring) at
(1.0, 1.0). Test objects such as the MacBook Pro and iPad Pro fall close
to the anchor, reflecting correct generalization to unseen valuable items. In
contrast, irrelevant objects like the paper ring cluster further away, indicating
proper separation between true valuables and distractors.

distractors. As discussed in RQ2, the baselines succumb to
spurious correlations in low-level features.

VI. CONCLUSION

GIFT reframes test-time reward reuse as an intent-
conditioned alignment problem: instead of comparing states
along low-level visual or language features, we align unseen
states to behaviorally equivalent training states using an
intent signal inferred from demonstrations. Across four table-
top tasks and more than 50 unseen objects, GIFT achieved
consistent gains in pairwise win rate and lower FP/FN on
confounded states versus DINO/BERT baselines and directly
using an LM without inferring intent. These improvements
were demonstrated in both a simulated JACO robot, aand on
a physical 7-DoF Franka robot. In conclusion, by shifting
comparisons from low-level visual or language features to
higher-level representations of intent, GIFT enables robots
to generalize reward functions to unseen test states.

Limitations and Future Work. Limitations point to several
next steps. First, performance depends on the quality of the
inferred intent; LMs may unpredictably vary the level of
abstraction of inferred intents leading to incorrect measures
of similarity, and we do not yet calibrate confidence or
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abstain when uncertain. Future work includes learning an
uncertainty-aware intent kernel, that can refine estimates of
ω through additional user queries. Second, our experiments
assumed symbolic descriptors for objects and scenes. In
practice, these descriptors might be noisy and cause unex-
plored failure modes. Finally, because LMs can hallucinate
and amplify training-set biases, deployment should include
guardrails to mitigate potential harms.
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