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Abstract— Many Vision-Language-Action (VLA) models flat-
ten image patches into a 1D token sequence, weakening the
2D spatial cues needed for precise manipulation. We introduce
IVRA, a lightweight, training-free method that improves spa-
tial understanding by exploiting affinity hints already avail-
able in the model’s built-in vision encoder, without requiring
any external encoder or retraining. IVRA selectively injects
these affinity signals into a language-model layer in which
instance-level features reside. This inference-time intervention
realigns visual-token interactions and better preserves geomet-
ric structure while keeping all model parameters fixed. We
demonstrate the generality of IVRA by applying it to diverse
VLA architectures (LLaRA, OpenVLA, and FLOWER) across
simulated benchmarks spanning both 2D and 3D manipulation
(VIMA and LIBERO) and on various real-robot tasks. On
2D VIMA, IVRA improves average success by +4.2% over
the baseline LLaRA in a low-data regime. On 3D LIBERO,
it yields consistent gains over the OpenVLA and FLOWER
baselines, including improvements when baseline accuracy is
near saturation (96.3% — 97.1%). Code and visualizations are
available at: jongwoopark7978.github.io/IVRA

I. INTRODUCTION

Vision-Language-Action (VLA) models have rapidly
emerged as a promising approach for generating robot ac-
tions from images and natural-language instructions. Recent
systems such as LLaRA [1], OpenVLA [2], FLOWER [3],
and LLARVA [4] pair large-scale pretrained vision encoders
(e.g., CLIP or DINO [5], [6]) with language models by
flattening the 2D patch grid and appending the resulting
visual tokens to the text sequence in a single Transformer
pipeline. While this design leverages rich visual and lin-
guistic knowledge, it also discards the image’s native 2D
neighborhood structure by treating visual patches as a 1D
sequence of “words.”

Flattening the patch grid into a 1D token sequence weak-
ens local correlations and can blur object boundaries. This
effect is visualized in Figure 1-(a): affinity maps computed
from visual tokens inside the LLM are often diffuse and
may bleed across object boundaries, whereas affinity maps
from the vision encoder remain sharper and more instance-
aligned. This suggests that instance-level features are diluted
as flattened visual tokens repeatedly interact with text tokens
through the LLM. Consequently, key cues such as object
boundaries, attribute relations (e.g., color and shape), and
fine-grained spatial relationships become harder to recover,
hindering manipulation behaviors that require precise object
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interaction [7]-[10]. Additional examples of blurred object
boundaries in the baseline model’s LLM are shown in
Figure 1-(b).

To counteract this loss of spatial context, existing solutions
often resort to extensive retraining or specialized data. How-
ever, we propose a simpler and more lightweight method,
IVRA, that augments VLA pipelines without modifying their
main components. Our approach uses an affinity map, ex-
tracted from the model’s encoder, indicating local similarity
between patches. These affinity hints are then injected into
deeper layers of the language model at inference time, re-
weighting the flattened visual tokens based on their spatial
correlations. This design restores fine-grained structure oth-
erwise lost in the flattening step.

Experiments show that IVRA substantially improves
instance-level recognition and localization across both sim-
ulated and real-world tasks. On VIMA-style manipulation
benchmarks [11], IVRA-equipped policies lead to higher
success rates than methods that rely only on flattened embed-
dings. We further validate IVRA in real-world pick-and-place
settings, where the ability to discriminate precise boundaries
and attributes (e.g. color or shape) is critical for accurate
grasping and placement.

Overall, this work contributes three key insights: (/) it
highlights how flattening vision tokens erodes 2D spatial
cues in VLA architectures; (2) it shows how the model’s
built-in encoder can serve as a source of affinity hints that
recover local structure; and (3) we show that injecting affinity
hints into selected layers of the language model consistently
improves diverse VLA models across multiple benchmarks
and on both real and simulated robotic tasks, without large-
scale retraining or specialized data collection.

II. RELATED WORK

A. Vision-Language-Action Models and Spatial Understand-
ing

Several works combine language models with visual back-
bones to handle open-domain perception and reasoning [12]—
[14]. Many of these methods rely on globally pooled features
from high-level layers in encoders such as CLIP [5], which
can lose spatial detail. Some studies suggest fusing earlier-
layer or multi-level features to preserve finer object attributes
[6], [15]. Vision-language architectures extended to robot
policies often require robust spatial reasoning to manipulate
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objects effectively. One example, VIMA, uses multimodal
prompts for diverse manipulation tasks and benefits from
strengthened instance-level visual understanding [11].
Recently, open-vocabulary detection methods have been
integrated into vision-language pipelines to improve spatial
recognition [16]-[18]. Several techniques focus on grounding
language queries in specific regions, such as RegionCLIP
and RegionGPT, which enhance or fine-tune CLIP-based
backbones to detect arbitrary text-described objects [16],
[17]. These methods support fine-grained referencing across
diverse vocabularies but typically require large-scale train-
ing on curated region annotations. Other approaches like
Grounding DINO incorporate language conditioning directly
into the detection transformer to achieve open-set localization
[19], also relying on extensive data for robust grounding.

B. Affinity Hints and Instance-Level Feature Enhancement

Several approaches inject affinity signals extracted from
intermediate representations to enhance local structure in
multimodal models [20], [21]. Such methods often compute
patch-wise correlations and incorporate them into the token
sequence, thereby emphasizing object boundaries and spatial
configurations. Hints of Prompt applies a similar idea in
driving scenarios, where hint tokens highlight object re-
gions for more precise perception [20]. ViP-LLaVA explores
prompting methods that visually indicate key regions to
large vision-language models, improving object reference
resolution [22]. Similarly, [23]-[25] learn to cluster or mask
regions using language signals, enabling open-vocabulary
segmentation with finer object detail. Though effective, these
strategies often train adapters or decoders to fuse the spatial
hints back into the model.

In the robotics domain, CLIPort uses CLIP’s global em-
beddings alongside a spatial “where” stream for manipula-
tions, showing that bridging semantic and positional informa-
tion fosters more generalized policies [26]. PaLM-E further
demonstrates large-scale multimodal pretraining can yield
robust control policies once the model learns scene dynamics
and object interactions [27]. However, these frameworks
typically rely on extra task-specific training or specialized
architecture modifications.

C. Visual Affinity Maps in Multi-Modal Models

Some lines of work leverage internal correlation maps
from vision encoders to restore instance-level cues for
downstream tasks [15]. Techniques like CLIP-DIY pro-
duce denoised features by re-weighting coarse embeddings
with affinity matrices, thus revealing finer-grained object
representations [21]. Unlike prior approaches, our method
requires no external module to compute the affinity map
and linearly mixes the original features with the affinity-
pooled features, producing representations that preserve se-
mantics while enriching object-level detail. RegionCLIP-
like strategies facilitate region-level embeddings but rely
on additional finetuning [16]. Grounding DINO integrates
text-based object queries directly into its detection modules
[19], attaining strong open-world bounding box predictions

through end-to-end training. While these approaches yield
improved spatial understanding, they typically retrain entire
pipelines on large-scale datasets.

Our work shares the goal of preserving local structure but
adopts a training-free approach, injecting affinity hints into
mid-level LLM layers to rebalance object-specific features.
This lightweight integration reclaims fine-grained informa-
tion that standard global pooling discards, without extra
training. By exploiting existing correlations in the vision
encoder’s representations, IVRA retains strong semantic
alignment from the original backbone and achieves better
instance-level understanding in downstream action policies.
This strategy balances spatial fidelity and high-level context,
improving both recognition and manipulation tasks.

III. METHODOLOGY

Our goal is to restore 2D spatial structure within Vision-
Language-Action (VLA) models by injecting affinity hints
into selected layers of the LLM. The affinity hints are derived
from the affinity maps extracted from the VLA’s frozen
vision encoder. We describe (i) how to extract the affinity
map, (ii)) how to apply affinity-guided pooling on visual
tokens, and (iii) how we integrate this process into the VLA
architecture. We illustrate this architecture in Figure 1-(a).

A. Affinity Map Extraction

Let an input image be divided into N patches, and
let {f;}}¥, denote the corresponding d-dimensional patch
embeddings from a frozen vision encoder. To capture local
relationships more effectively, we extract patch features from
an intermediate layer (a few blocks before the final layer) of
the vision encoder. Given any new image at inference time,
we compute an affinity matrix A € RV*Y by
M7 (D)
el 11451
where f; - f; is the dot product between f; and f;, and || - ||
denotes the Euclidean norm. A higher value of A;; indicates
that patch ¢ and patch j are likely to belong to the same
object or share visual similarity. This affinity map serves as
a patchwise connectivity prior, retaining the 2D spatial layout
in a compact form.

Aij =

B. Affinity-Guided Visual Token Pooling

Most VLA models flatten the N patch embeddings into
a 1D sequence of visual tokens and append them to text
tokens in the LLM’s input stream. Let v; denote the feature
for the i-th visual token at the start of layer [ of the LLM.
Our approach injects the patchwise affinity information back
into these visual tokens.

Selecting Visual Tokens. In practice, a special token
<image> indicates where the visual tokens begin. Once
the actual patch embeddings replace <image>, they occupy
indices in the middle of the token sequence. We keep track
of these indices {i1,...,in} so we only update the visual
tokens, leaving text tokens untouched.
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Fig. 1: Main Overview of Our Method. (a) Left: A frozen vision encoder provides an affinity hint that guides token mixing
with weighted pooled tokens, preserving instance-level cues and improving manipulation policy quality. Brighter regions
indicate higher affinity relative to the reference point (red dot). (b) Right: Affinity maps after applying IVRA shows sharper
object boundaries and clearer object separation, aiding precise robot manipulation.

Weighted Average Pooling. Just before the layer’s self-
attention block, we apply an affinity-guided pooling oper-
ation. For each visual token v;, we compute a refined token
v by mixing its neighbors according to:

N
v = Zaij vj, where a;; = Nmax(AW 0) .
= > 1 max(A, 0)

)

Here, A;; is the affinity score between patches ¢ and j.

Intuitively, patches that correlate strongly reinforce each

other’s features, thereby preserving local spatial coherence.

By re-weighting v; with contributions from visually similar

patches, we restore some of the 2D structure that was lost in

the flattening step. This operation modifies only the visual

tokens; the textual tokens remain unchanged.

C. Integration into VLA Models

We integrate the above pooling step into a few selected
layers of the LLM, such as the 19th to 23rd layers. Con-
cretely, these are the steps:

1) Vision Encoding: An input image is split into N
patches and processed by the frozen vision backbone,
yielding patch embeddings {f;}.

2) Token Construction: The patch embeddings are flat-
tened into {v;} and inserted into the LLM token se-
quence at indices {ii,...,in}, replacing the single
<image> placeholder.

3) Affinity-Guided Pooling: Before the self-attention sub-
layer at each chosen layer [, we update each v; via the
weighted average:

N
=3 ayv, ay= max (A, 0)

A ] Y] 1) T N .
’ = > e max (A, 0)

4) Token Mixing: To preserve the semantics of the orig-
inal token while injecting object-aware evidence from
pooling, we linearly blend the pooled token with its
unpooled counterpart. We form the final visual token as
a convex combination:

v = (1= \) vy + A,

7

A€ [0,1].

5) Continuing the LLM: The updated visual tokens v/**
proceed through the layer normalization, self-attention,
and subsequent transformations as usual. Text tokens
are not modified.

6) Output Decoding: Finally, the LLM produces the next-
stage representations for generating policy actions or
textual responses, depending on the specific VLA setup.

IV. EXPERIMENTAL RESULTS
A. VIMA Simulated Environment

We incorporated the affinity hint into LLaRA [1] and
evaluated it on the four VIMA [11] tasks: Novel Task,
Novel Object, Object Combination (novel combination of
seen objects and textures), and Object Place (placement
generalization with seen objects). We ordered these partitions
by increasing ease of generalization, with Novel Task being
the most challenging.

VIMA is trained on 660k expert trajectories in total across
17 task templates. LLaRA uses 80k trajectories (approxi-
mately 12% of total trajectories) and evaluate each task using
20 randomized seeds, reporting mean success. As reported
in LLaRA, we de-emphasize VIMA’s Novel Task due to
missing data in the original dataset.

From Table I, LLaRA+IVRA surpasses LLaRA in both
without and with oracle detector. Without the oracle detector,
LLaRA+IVRA improves over LLaRA by +5.0% (Novel
Task), +4.2% (Novel Object), +3.9% (Object Combination),
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TABLE I: VIMA-Bench Results: Average success rate (%) on the four VIMA generalization tasks. LLaRA+IVRA
consistently improves over the LLaRA baseline and outperforms both LLaRA and VIMA across all tasks. It indicates
IVRA’s robust instance-level generalization. As reported in LLaRA, we

due to missing data in the original VIMA dataset.

Method | Ext. Module | Data | Novel Task(%) Novel Object(%) Obj. Comb.(%) Obj. Place.(%) Avg.(%)
LLaRA [1] N/A 12% | 22.5 57.1 66.5 69.6 53.9
LLaRA+IVRA (OUI‘S) 12% 27.5“5,0, 61.3(4.4‘7_) 70.4(+3,9; 73-1(+3A5) 58.1‘4,4,3)
VIMA [11] 100% 77.9 81.9 80.7 72.3
LLaRA [1] Oracle Det. 12% 33.8 79.2 88.1 90.0 72.8
LLaRA+IVRA (Ours) 12% 37.5u37) 80.8:1.6) 88.5.04) 90.4:0.4) 743 5

and +3.5% (Object Place). With the oracle detector, the gains
remain positive across all four tasks: +3.7%, +1.6%, +0.4%,
and +0.4%, respectively. Notably, using only 12% of the data,
our oracle-detector variant also exceeds VIMA (trained with
100% data) across all four tasks, underscoring the robustness
and generalizability.

B. LIBERO Simulated Environment

To assess whether IVRA extends beyond 2D image-based
manipulation (VIMA) to 3D embodied control, we evaluate
on the LIBERO benchmark. LIBERO is a suite of language-
conditioned 3D manipulation tasks that stresses different
forms of transfer and compositionality. The suites isolate
complementary skills: Spatial emphasizes spatial relations,
Object emphasizes object-centric manipulation, Goal varies
target goals, and Long requires multi-step temporal compo-
sition. By following OpenVLA [2] evaluation, we report
results on the standard task suites: Goal, Object, Spatial, as
well as Long. In addition, we also report LIBERO-90, a large
collection of 90 short-horizon tasks from the LIBERO-100
suite, when comparing against FLOWER [3]

We insert IVRA into OpenVLA at inference time only,
without retraining or modifying the base model. As sum-
marized in Table II, IVRA consistently boosts OpenVLA
across all LIBERO suites, increasing the overall average
from 76.5% to 77.6% (+1.1%). This confirms that inject-
ing affinity hints helps not only in 2D settings but also
for 3D spatial reasoning and long-horizon control. Beyond
improving OpenVLA itself, OpenVLA+IVRA also surpasses
other baselines evaluated under the same protocol, including
Diffusion Policy [28] and Octo [29], by +5.2% and +2.5%
in average success, respectively.

To further probe architectural generality, we apply IVRA
to FLOWER in a plug-and-play manner (again, no addi-
tional training). For a fair comparison, we keep hyperpa-
rameters identical to each baseline and only set the token-
mixing coefficient A to 0.2 for FLOWER+IVRA. Despite
FLOWER’s very strong baselines 94%-99% across LIBERO
categories—IVRA still yields consistent gains in every set-
ting, e.g., Task-90: 93.4% — 96.0% (+2.6%), Task-Object:
99.3% — 99.9% (+0.6%) and an overall lift from 96.3% to
97.1% (+0.8%). Improvements at such near-saturated accura-
cies indicate that IVRA contributes complementary structure
rather than merely compensating for weak baselines.

The results of 2D VIMA and 3D LIBERO highlight

TABLE II: LIBERO Benchmark Results: Average success
(%) on LIBERO tasks. IVRA yields consistent improvements
for both OpenVLA and FLOWER, even when baseline
accuracy is near saturation

Method 90 Goal Object  Long Spatial ~ Average
Diffusion Policy [28] 68.3 92.5 50.5 78.3 72.4
Octo [29] 84.6 85.7 51.1 78.9 75.1
OpenVLA [2] - 79.2 88.4 53.7 84.7 76.5
OpenVLA+IVRA (Ours) - 81.2000) 89.6(.12 54.20.05 855008 77.60:11)
FLOWER [3] 93.4 96.9 99.3 94.5 97.2 96.3

FLOWER+IVRA (Ours) 96.0.26 97.6407 99906 949.04 973u01 97.1u0s)

IVRA’s broad generalization: (i) across input dimensionality
(2D and 3D tasks), (ii) across VLA architectures (Open-
VLA and FLOWER), and (iii) across baseline accuracy
regimes—from challenging mid-50% ranges to high-90%
near-saturation. Importantly, all gains are achieved via a
lightweight inference-time modification with no retraining.

C. Real World Environment

We further conduct real-world experiments involving zero-
shot generalization on a novel robotic setup. Similar to the
setting in LLaRA [1], our environment consists of a robot
arm with a gripper, positioned under a fixed RGB camera
for collecting observations (see Figure 2). As the objects
are placed on a plain surface and the camera is stationary,
a simple linear mapping between the image coordinates and
the robot action space can be established by calibration. We
use a policy (inBC-8k model) that was trained purely on
synthetic data on four real-world tasks, T1-T4, defined as
follows:

o Target Object (T1): “Pick up {object} and drop
it into a pan.” Here, {object} is chosen from nine
toy items (duck, corn, pepper, lemon, eggplant, or-
ange, potato, broccoli, strawberry). Multiple objects are
sparsely placed on the table. This tests the model’s
capacity to choose the correct object (i.e., picking and
placing a specified object). See Figure 4a for visualiza-
tion.

e Color Match (T2): “Pick up the object the same
color as {object._ref} and drop it into a pan.”
Here, {object_ref} has three possible colors (yellow,
orange, green), prompting the robot to identify an item
by its color and then place it inside the pan. This
tests instance-level attribute understanding and more

22629



TABLE III: Real-world Results: LLaRA+IVRA’s zero-shot
performance across four tasks. IVRA substantially improves
the baseline LLaRA across all tasks T1 (Target Object),
T2 (Color Match), T3 (Cluttered Localization), T4 (Relative
Height).

Model | Trained Type | T1 T2 T3 T4
RT-2-Style VIMA-8k 0 0 0 0
RT-2-Style VIMA-660k | 0 0 0 0
LLaRA [1] InBC-8k 50 30 45 50
LLaRA+IVRA (Ours) InBC-8k 60(+1(]) 60(+3()) 75(+3()) 70(+2())

semantic scene comprehension. See Figure 4b for vi-
sualization.

« Cluttered Localization (T3): “Pick up the {object}
and drop it into a pan.” The object set and prompt
follow T1, but the target object is initialized very close
to other objects (distractors). Neighboring items are
randomly placed around the target, both horizontally
(left/right) and vertically (top/bottom). This tests the
model’s ability to localize the target object under clutter
conditions. See Figure 5a for visualization.

o Relative Height (T4): “Pick up the short (or long)
object and place it on the pan.” Here, multiple objects
of varying lengths from T1 are randomly placed in the
scene (e.g., one short and two long, or vice versa).
This tests comparative size/height understanding. See
Figure 5b for visualization.

All objects in each episode are placed randomly on a
tabletop, and none of these real-world toys appear in the
training set. A success in T1 is determined by whether the
specified object is placed fully inside the pan. A success
in T2 requires the robot to correctly identify an object of
the same color as the reference toy and place it in the pan.
T3 fails if the robot touches a neighboring object. Across
10 episodes, each episode is initialized randomly, yet within
a given episode the task setup is identical for all models.
We allow at most 5 retries per episode; a retry occurs when
the model fails to produce an action given the input (note
VIMA allows 7 retries per episode but we shorten in the
interest of time). We report the average success rate over 10
episodes. We present representative scenarios from our real-
world experiments in Figure 3: T1, T1 with obstacles, T2,
and T2 with obstacles.

a) Zero-shot Generalization.: To evaluate zero-shot
generalization, we use the LLaRA model pretrained on only
1.2% of the VIMA training data (inBC-8k), thereby creating
a more challenging environment for adaptation. We also
include RT-2-Style, a LLaRA variant, as shown in Table III.
RT-2 Style is the modification of RT-2 training recipe [30]
in such a way that VLM produces a discrete set of special
tokens directly mappable to quantized robot actions, instead
of continuous outputs. T1 (placing a specific object in the
pan) is relatively simpler, akin to the “Object Place” task in
VIMA. Meanwhile, T2, T3, T4 is more challenging, similar
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Fig. 2: Gripper-equipped arm and overhead RGB camera.

in spirit to the “Novel Task” scenario in VIMA.

In Table III, we observe that LLaRA+IVRA outperforms
vanilla LLaRA in all four tasks T1-T4 achieving a +10%
improvement for the simpler T1 and a notable up to +30%
boost for the more challenging T2-T4. This trend aligns
with the findings from Table I, where IVRA consistently
yields greater performance gains in more difficult tasks
(e.g., +5.0% on Novel Task vs. +3.5% on Object Place).
In T2, IVRA’s instance-level affinity hint appears crucial for
recognizing and localizing an object of the correct color,
thereby enhancing its zero-shot reasoning ability. For T3
LLaRA+IVRA obtains +30% gains underscores the benefits
of IVRA for precise object localization and accurate task
execution. For T4 LLaRA+IVRA achieves 70% accuracy
versus 50% with LLaRA, highlighting a 20% improvement.
This result further demonstrates the instance-level grounding
capability and generalization benefits conferred by IVRA.

D. Qualitative Results

Figure 1-(b) shows qualitative comparisons on both
real-world and simulated tasks, illustrating how IVRA re-
fines object-level recognition within a visual-language-action
model. Each column means (1) the input image, (2) affinity
maps before IVRA, and (3) affinity maps after IVRA.
Affinity map is drawn relative to the reference point (red dot)
and brighter areas denote stronger affinity with that reference
point.

a) Observations: Affinity maps of the visual tokens in
the baseline models are often noisy or incomplete, making
it difficult to delineate object boundaries—particularly when
objects share similar colors or when the reference point lies
on an edge. Once IVRA is applied, the affinity maps become
much more coherent, clearly highlighting individual objects
rather than scattering activations throughout the background.
This finer-grained delineation is consistent across both real
and simulated environments, aligning with the denoising
effects observed in related work [31].

b) Impact on Performance: These qualitative findings
corroborate IVRA’s strong quantitative gains in both real-
world and simulated scenarios (cf. Tables 1 to III). By
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T1 T1 w/Distractors

T2 T2 w/Distractors

Fig. 3: Visualization of Real-world Scenarios: The top row shows the initial scene and the bottom row the corresponding
successful end state for each of the three tasks. Additional columns include trials with distracting objects in the workspace.

supplying an instance-level affinity hint, IVRA helps the
model better understand the similarity and differences be-
tween objects, which is crucial for tasks demanding precise
physical interactions—Ilike grasping and placement. In real-
world T2, for example, locating and picking an item of the
correct color benefits significantly from sharper boundary
recognition, contributing to a +30% increase over LLaRA.
Similarly, in the VIMA tasks, the largest improvements
appear on the more difficult Novel Task, where object-
specific token features are most essential. Taken together,
these results illustrate how IVRA bolsters robust object lo-
calization and manipulation within a visual-language-action
framework, ultimately translating into high success rates in
real robot experiments and complex simulated benchmarks.

V. VISUALIZATION OF REAL WORLD EXPERIMENTS

Figures 4a, 4b, 5a, and 5b show the robot trajectories
for one moderate task (T1) and three challenging tasks
(T2-T4). In every figure, the top row depicts the behavior
under LLaRA+IVRA, while the bottom row illustrates the
performance of the original LLaRA approach. In Figure 4a
showing T1, both LLaRA and LLaRA+IVRA pick up the
correct object as this task is relatively moderate. Figure 4b
demonstrates the T2: LLaRA+IVRA correctly identifies and
picks up the green broccoli (matching the duck’s color),
whereas LLaRA fails to pick up the broccoli. Figure 5a
corresponds to localization task T3, showing LLaRA+IVRA
successfully grasps the specified target (the yellow duck),
whereas LLaRA incorrectly selects the eggplant instead. In
Figure 5b showing T4, LLaRA+IVRA correctly picks up the
corn (the long object), while LLaRA mistakenly chooses a
strawberry (the short object).

Overall, these four real-world tasks in addition to the sim-
ulation results show that IVRA provides stronger instance-
level understanding, allowing more accurate localization and
attribute-based object selection in novel, real-world contexts.
The significant performance gains on Localization, Object
Height, and Object Color Matching tasks suggest that [IVRA
helps the model to better interpret and resolve more intricate
scenes and instructions.

TABLE IV: Runtime and parameter overhead of IVRA.
IVRA introduces only a marginal runtime overhead and does
not introduce any additional parameters.

Model Latency (s)  Param. (GB)
LLaRA 2.00 15.8
LLaRA +IVRA 2.06 15.8

TABLE V: Ablation on Affinity-based Pooling in IVRA.
We explore different (a) single-layer placements, (b) numbers
of consecutive layers, (c) within-layer locations for our
affinity-based weighted average pooling when applied to
LLaRA, (d) token-mixing coefficient A. Tasks are NT =
Novel Task, NO = Novel Object, OC = Object Combination,
and OP = Object Placement from VIMA benchmark. The
row in blue is our final choice.

Layer Pos. | NT NO

31 225 583 677 69.6
23 238 57.9 669 712 # Layers| NT NO OC oOP
22 26.2 59.2 68.1 71.9 1 275 61.3 704 73.1
21 250 60.0 67.7 72.3 2 262 60.8 69.6 73.8
20 27.5 61.3 704 73.1 3 275 59.6 68.5 72.3
19 225 60.8 68.1 723 4 275 59.2 688 723
11 225 583 642 719 5 27.5 592 692 727
A. Pr . . . 5.
B. Prf)’j, 8,8 g_i g.g 6,3 (b) Multi-layer Performance

(a) Single-layer Performance

Pool. Loc. | NT NO OC OP

PO 275 613 704 73.1
P1 225 56.7 68.1 70.8
P2 22.5 56.7 66.5 70.8
P3 25.0 60.8 68.1 72.7
P4 238 57.1 66.5 70.4

A |NT NO OC OP

1|30 583 704 712
0.7] 30 58.8 68.8 742
03275 61.3 704 73.1
0 225 57.1 66.5 69.6

(d) Token-Mixing Coefficient \

(c) W.Avg Pooling Locations

VI. COMPLEXITY ANALYSIS & ABLATIONS

A. Runtime Analysis

Table IV shows the complexity analysis of the IVRA.
We tested it on LLaRA and with one NVIDIA RTX 6000
Ada GPU. IVRA only adds small latency (3%) and do not
introduce any parameters as it does not use external modules.
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Target Object (T1). “Pick up the orange and drop it into a pan.”

Color Match (T2). “Pick up object same color as the duck and
drop it into a pan.”

Localization (T3). ’‘Pick up the yellow duck and drop it into a

”»

pan

B. Ablation Study

Table V summarizes our ablation results on the VIMA
benchmark with an oracle detector. We report success rates
(%) for four tasks: NT (Novel Task), NO (Novel Object),
OC (Object Combination), and OP (Object Placement). In all
sub-tables, the row highlighted in blue indicates our chosen
setting.

(a) Single-layer Performance (Table Va). We apply the
affinity-based weighted average pooling and token mixing
either after/before the projection module (A. Proj., B.Proj.)
or at different layers of the LLM (11, 19-23, 31). Layer20
attains the highest success rates overall. The results show that
layers after/before the projection module (A. Proj., B.Proj.)
are not proper locations to apply IVRA. It is important that
IVRA is largely layer-agnostic as any layer above 19 yields
consistently strong gains.

(b) Multi-layer Performance (Table Vb). We evaluate
stacking the token mixing in consecutive layers starting from
layer 20. Using a single layer (# layers=1) improves the
most across all tasks relative to the baseline. Adding more
layers shows the similar performance but does not yield large
additional gains. Therefore, we select a single layer to strike
a balance between performance and additional complexity.
(c) Integration Locations in Transformer Block (Ta-
ble Vc). We compare five positions (P0-P4) within each
transformer block: PO (input to the block), P1 (after the
attention layernorm), P2 (output of the attention module),
P3 (after the attention residual), and P4 (after the MLP
layernorm). Performing pooling and mixing at PO yields
the strongest overall results, suggesting that early injection
of affinity cues preserves spatial detail more effectively
throughout the subsequent transformations.

(d) Token-Mixing Coefficient (\) (Table Vd). We sweep

Object Height (T4). “Pick up the long object and place it on the
pan

”»

A € {1,0.7,0.3, 0} to control the convex blend v"* =
(1 — X)v; + Ao} between original and affinity-pooled to-
kens. A moderate mix performs best: A\ = 0.3 attains
the highest overall average and the strongest NO (61.3%),
while remaining competitive on OP/OC (73.1%/70.4%).
Larger A (0.7-1.0) slightly benefits NT (30%) but degrades
NO/OC, whereas A = 0 (no affinity injection) is uniformly
worse (22.5-69.6%). We therefore choose A = 0.3 as a
balanced setting that avoids over-smoothing at high \ and
under-utilization at A = 0.

VII. CONCLUSION

In summary, we presented IVRA, a lightwegiht, training-
free inference-time technique for restoring spatial struc-
ture in visual-language-action (VLA) models. IVRA injects
encoder-derived affinity hints into a selected intermediate
layer of the language model, reweighting flattened visual
tokens using patchwise correlations. This preserves instance-
level cues such as object boundaries and attribute relations
that are critical for various robot tasks such as precise grasp-
ing, placement, and multi-step manipulation. Across both 2D
and 3D benchmarks (VIMA and LIBERO) and real-robot
tasks, IVRA consistently improves strong VLA baselines,
including LLaRA, OpenVLA, and FLOWER. The results
demonstrate the IVRA’s practical drop-in enhancement of
fine-grained grounding and action generation in multimodal
robot policies.

REPRODUCIBILITY

We will publicly release our code. All models used in our
paper are publicly available. Additionally, our paper provides
detailed descriptions of the methodology, experimental setup,
and evaluation protocols to support faithful replication of our
results.
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