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Abstract

Vision and Language Models (VLMs) recognize objects well but often
remain weak on spatial reasoning. In VLMs with a projector, spatial infor-
mation can reach the decoder either through the content of vision tokens or
through decoder positional encoding (RoPE), yet random permutation of
vision tokens often causes only minor performance change. To measure po-
sitional use more directly, we introduce the Position Sensitivity Index (PSI),
a RoPE sensitivity probe, and the 2D Synthetic Spatial (2DS) benchmark, a
controlled benchmark without semantic shortcuts. We trace the weak use
of RoPE to a large norm imbalance between vision and text at the projector
interface, and find that this imbalance suppresses positional effects in the
decoder. A broader survey of twelve models shows that this imbalance is
common across VLMs with a projector. Our targeted interventions then
reveal a dissociation: balancing norms increases positional reliance, while
enriching the content of vision tokens yields even higher spatial accuracy,
with lower PSI. These results show that RoPE in VLMs with a projector is
suppressed rather than totally absent, and that positional reliance and spa-
tial accuracy can be improved through independent mechanisms. Website
is at: user@74.github.io/respatialaware/.
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Figure 1: Permutation Test: Original (top) vs. randomly permuted vision tokens (bottom).
Despite losing spatial ordering, the LLM accurately responds to the prompt “Describe the
image,” demonstrating strong robustness and a notable “bag of tokens” tendency, losing
spatial relationships. Token embeddings are visualized using cosine similarity relative to a
reference token.

1 Introduction

Humans process visual content through two pathways: the ventral stream for object recog-
nition and the dorsal stream for spatial reasoning. Damage to the parietal lobe can preserve
recognition while impairing the ability to reason about where objects are and how they
relate to each other (Goodale & Milner, 1992).

VLMs with a projector show a similar asymmetry. They perform well on object focused
tasks such as recognition and captioning (Goyal et al., 2017; Antol et al., 2015; Gurari et al.,

*Equal contribution.


user074.github.io/respatialaware/

Published as a conference paper at COLM 2026

2018), yet remain weak on basic spatial queries such as left/right judgments (Kamath et al.,
2023; Tong et al., 2024b). This is surprising because such models have access to spatial
information through two distinct sources: The vision encoder can place spatial structure
inside the contents of vision tokens, giving a semantic form of spatial information. The
decoder can also use positional encoding (RoPE), which injects order information over the
sequence of vision tokens and lets the LLM reason over spatial arrangement.

A simple experiment we have designed reveals that one of these sources is only weakly
exploited. When we randomly permute vision tokens after the projector but before the
decoder, predictions on multiple standard benchmarks barely change (Figure 1). Each token
now receives a different positional encoding, yet the model’s answers remain almost the
same. This suggests an important distinction: positional information may be structurally
available to the decoder without being strongly used by the model’s final predictions. What
determines this gap?

To study this reliably, we need measurements that separate decoder positional use from
vision token content. We therefore introduce two tools and a controlled benchmark. First, the
Position Sensitivity Index (PSI) quantifies how much a model relies on the order of vision
tokens by comparing accuracy before and after a permutation. Second, the RoPE sensitivity
probe measures how strongly each decoder layer responds to positional encoding on vision
tokens, indicating whether this signal is available within the decoder. Finally, the 2D
Synthetic Spatial (2DS) benchmark uses synthetic scenes with controlled layouts where
every question requires spatial reasoning, eliminating semantic shortcuts.

Using these tools on LLaVA 1.5 7B, we trace the model’s weak positional sensitivity to a
norm imbalance between vision and text. After the projection layer, vision token norms are
substantially larger than text token norms. In LLaMA decoders, which apply RMSNorm be-
fore each sublayer, these large vision activations persist in the residual stream and suppress
the effect of positional encoding on attention (Section 4). A survey of twelve models shows
that large interface norm gaps are common across VLMs with a projector (Section 4.1). The
key distinction is between availability and usage.

We then test two targeted interventions. +Normalize applies RMS scaling to match the
scale of vision embeddings after the projector, directly reducing the norm gap. +Normal-
ize+Multilayer combines the same normalization with features from intermediate vision
encoder layers, enriching the spatial content of vision tokens. The results reveal a key
dissociation. Reducing the norm gap increases positional reliance, but enriching vision
token content achieves even higher spatial accuracy through the other spatial source, with
less dependence on token order. This indicates that positional sensitivity and spatial ac-
curacy are related but not identical, and can improve through different mechanisms. We
validate on both synthetic benchmarks and spatial benchmarks on real images. Our aim is
understanding and measurement, rather than chasing the best benchmark performance.

Contributions. (1) Norm imbalance between vision and text: We identify a large norm gap
between vision and text tokens at the projection interface, and show that it is common
across VLMs with a projector. (2) Diagnostic tools: The Position Sensitivity Index (PSI), the
RoPE sensitivity probe, and the 2DS benchmark provide complementary measurements of
positional use. (3) Targeted interventions: We show that balancing norms increases positional
use, while adding intermediate vision features improves spatial accuracy through the other
spatial source.

2 Related Work

Vision and Language Models. Recent Vision and Language Models (VLMs) combine
pretrained vision encoders and large language models (LLMSs) for image understanding
tasks such as captioning and visual question answering (Liu et al., 2023; 2024; Li et al,,
2023a; Alayrac et al., 2022; Zhu et al., 2024; Shao et al., 2023; Ding et al., 2022; Hu et al,,
2022). A common design uses a pretrained visual encoder, typically CLIP (Radford et al.,
2021), with a projection module that maps vision embeddings into a pretrained LLM such as
Vicuna (Chiang et al., 2023; Liu et al., 2023; Zhu et al., 2024). These models perform well on
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descriptive tasks but often struggle with spatial reasoning (Tong et al., 2024b; Yuksekgonul
et al., 2023). Most remedies augment training data with spatial annotations (Tong et al.,
2024a; Chen et al., 2024; Cheng et al., 2024; Trabelsi et al., 2025). Our approach instead
works at the representation level, addressing a structural cause of spatial weakness without
additional spatial labels or data.

VLM Interpretability. Interpretability research aims to explain the internal mechanisms
behind VLM successes and failures. Neo et al. (2025) show that vision tokens in LLaVA
(Liu et al., 2023) carry strong semantic properties, and they are highly redundant (Chai
et al., 2025). Multiple studies have documented consistent VLM failures on simple spatial
relations such as “above,” “below,” “left,” and “right” (Yuksekgonul et al., 2023; Kamath
et al., 2023; Tong et al., 2024b; Chen et al., 2025). These failures are well characterized at the
behavioral level, but the internal cause remains unclear. In pure vision models, Kutscher
et al. (2025) show that transformers are sensitive to patch order and that learning a better
order improves accuracy. This is complementary to our work: we also hypothesize that
token order matters, but we find that it is underutilized in VLMs with a projector. Our work
investigates why spatial information is suppressed inside the model, identifying embedding
norm imbalance as a concrete mechanism and offering targeted interventions.

Modality Imbalance in VLMs. Recent work has identified representation-level imbalances
in VLMs. Li et al. (2025a) observe a norm discrepancy between vision and text tokens at
the projector interface, attributing performance degradation to representational inertia in
Pre-Norm architectures. Li et al. (2025b) show that visual information becomes progressively
underutilized in deeper decoder layers. At the task level, IsoBench (Fu et al., 2024) reveals
systematic performance gaps when the same problem is presented visually versus textually.
Our work identifies a specific consequence of the norm gap that these studies do not address:
the imbalance suppresses positional encoding (RoPE) effectiveness at the residual stream
level, contributing to spatial reasoning failures. We further show that positional sensitivity
and spatial accuracy are dissociable, suggesting the norm gap affects distinct information
routes differently.

High Norm Tokens and Attention. Large norms have also been studied in the LLM
literature. A few tokens can develop massive activations and act as attention sinks, attracting
a disproportionate share of attention (Sun et al., 2024; de Llano et al., 2025), and a similar
sink behavior appears in VLMs (Zhang et al., 2026). In vision encoders, Darcet et al. (2024)
show that a small set of high norm outlier tokens carries little positional information but yet
acts as registers. These effects come from a few outlier tokens and concern where attention
is placed. The effect that we study in this work comes from the norm gap between two
groups: vision tokens and text tokens. It acts after the attention output is computed, and
its consequence is that the decoder under-utilizes token orders (Appendix B). These two
phenomena can be present at the same time.

3 Weak Positional Sensitivity in VLMs with a Projector

[ Dataset [ Type [ Original | Permutation | Difference | Prior work has documented that VLMs
VQAv2 General VQA 782 77.35 -0.85 : : : -
POPE Conerdl VOA | 873 o0 o struggle with spatial reasoning, but the in
GQA Spatial VQA | 6136 58.62 274 ternal reason remains unclear. In VLMs
CV-Bench 2D | Spatial VQA 56.59 56.26 -0.33

with a projector, spatial information can
reach the decoder through two sources: spa-
tial structure already encoded in vision to-
ken content, and the decoder’s positional
encoding (RoPE) over the sequence of vision tokens. The first source comes from content.
The second comes from token order. A direct way to test the second source is to permute
vision tokens after the projector. This changes the positional encoding each token receives
while leaving token content intact. If predictions barely change, the model is not using
positional encoding strongly.

To understand the positional sensitivity, we use LLaVA 1.5 7B (Liu et al., 2023; 2024) to
randomly permute vision token embeddings after processing by the vision encoder and the
MLP projection layers, but right before they are fed into the LLM (Figure 1). It effectively

Table 1: Impact of random vision token per-
mutation on accuracy (%).
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changes the position embedding for each token. The performance is then compared against
the original unpermuted baseline. We evaluate performance on benchmarks spanning
general VQA (VQAv2 (Goyal et al., 2017), POPE (Li et al., 2023b)), and spatial VQA (GQA
(Hudson & Manning, 2019), CV-Bench 2D (Tong et al., 2024a)). As shown in Table 1, random
token permutation leads only to minor performance drops (ranging from 0.2% to 2.74%).
This surprisingly small decline reveals that current VLMs evaluated with the corresponding
benchmarks are largely insensitive to positional information.

This result admits two interpretations. First, the vision encoder may already encode suffi-
cient spatial information within token features, making token order redundant for these
tasks. Second, these benchmarks may be solvable from vision token content alone, so a
model can score well without relying on token order. To distinguish between these expla-
nations, we need (a) a metric that quantifies how much a model relies on token order, and
(b) a benchmark where token order is necessary and semantic shortcuts are removed. We
introduce both below.

3.1 Position Sensitivity Index (PSI)

We formalize the permutation test as a general metric. The Position Sensitivity Index is
defined as:
Acc(original order) — Acc(permuted order)

PSI =
5 Acc(original order)

)

PSl is easy to interpret: PSI = 0 means complete order invariance, and larger values indicate
greater reliance on token order. We report PSI at both the model level and the dataset level,
since positional sensitivity is a joint property of both. Fixing one allows comparison across
the other.

Interpretation caveat. Low PSI can arise from genuine order invariance, where the model
does not need token order for the task. It can also arise from global model degradation,
where both original and permuted orders produce poor accuracy. PSI should therefore be
interpreted jointly with accuracy on the original order.

What the permutation controls for. PSI compares the same model before and after permut-
ing the vision embeddings across their positions. The permutation leaves the set of token
norms unchanged, so the norm gap is the same in both runs. The only thing that changes is
which content sits at which position, so the difference between the runs isolates the effect of
reordering. PSI therefore measures reliance on token order, not overall attention quality.

3.2 A 2D Synthetic Spatial Benchmark (2DS)

The permutation test on standard bench-
marks is ambiguous: low sensitivity could

A . A mean the model ignores RoPE, or it could

. . mean the benchmark can be solved through

semantic shortcuts. We construct a 2D Syn-

.. . A thetic Spatial (2DS) Benchmark to isolate

benchmark weakness from model weakness.
Figure 2: 2DS examples. Left: layouts with Tt is a controlled diagnostic, unlike standard
two objects; right: layouts with three or four benchmarks, which often admit shortcuts
ObjeCtS. Semantics are mlnlmal SO that an- gsuch as Object co-occurrence and language
swering requires spatial relations. priors, and can show reasonably high accu-

racy even when token order matters little.
Recent study (Asadi et al., 2026) shows that VLMs can even score surprisingly high on mul-
timodal benchmarks without any image input, which shows how easily they can be solved
from language priors alone. In 2DS, scenes contain colored shapes placed at controlled
locations. Queries require either absolute relations (e.g., “bottom”) or relative relations (e.g.,
“left of”). Color and shape serve only as identifiers for referring to objects, not as cues for
the answer. We generate several categories by number of objects (2-6), randomize posi-
tions within each, and enumerate questions across {color, shape, color+shape} x {absolute,
relative}, leaving no room for language priors. Full construction details are in Appendix C.
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3.3 Separating Benchmark Weakness from Model Weakness

Table 2 compares PSI for LLaVA 1.5 across [ Dataset [ Type [ PST (%) [ Original Acc. (%) |
five benchmarks. General VQA bench- | VQAv2 General VQA 1.09 78.20

POPE General VQA 0.34 87.30
marks (VQAv2, POPE) show near-zero PSI | coa Spatial VQA 447 61.36
because spatial reasoning is rarely the bot- | CV-Bench2D | Spatial VQA | 0.57 5659

2DS Controlled spatial | 41.07 56.63

tleneck. Spatial VQA benchmarks (GQA,
CV-Bench 2D) show slightly higher but still
low PSI, likely because models can exploit
semantic shortcuts to bypass token order.
Only 2DS, which removes these shortcuts by construction, reveals substantial positional
sensitivity (41.07%). This pattern reflects the two sources of spatial information. On standard
benchmarks, vision token content is usually enough, so permuting token order changes ac-
curacy only slightly. On 2DS, content alone cannot resolve the layout, so the model must use
token order. The size of the permutation drop measures how much a benchmark depends
on token order rather than on vision content. We use 2DS as the main controlled bench-
mark when asking whether later interventions actually improve positional use. Detailed
permutation results on 2DS are in Appendix C.2.

Table 2: Position Sensitivity Index (%) for
LLaVA 1.5 7B across benchmarks.

4 Norm Imbalance Suppresses Positional Encoding

The previous section showed a striking failure of positional encoding: permuting vision
tokens often leaves predictions nearly unchanged, producing an unintended “bag of words”
behavior despite the presence of positional encodings (Vaswani et al., 2017; Yuksekgonul
et al., 2023).

4.1 Norm Imbalance at the Interface

To probe why, we conduct an empirical norm analysis on the COCO validation set (5k
image—text pairs) (Lin et al., 2015). COCO is a standard, diverse image and text dataset, and
this analysis concerns internal representation statistics rather than spatial labels specific to a
benchmark. We extract vision embeddings after the MLP projector and before the language
model, compute their L, norms, and compare them to text token norms. Figure 3 shows
the distribution comparison. We also verified the same pattern on 2DS, indicating that the
finding does not depend on the choice of dataset.

In LLaVA 1.5, vision embeddings are typically 1-2 orders of magnitude larger than text em-
beddings, with an upper tail approaching 3 orders. While alignment work often emphasizes
direction (cosine similarity) because logits are inner products (Hessel et al., 2021; Huh et al.,
2024; Maniparambil et al., 2024), such large magnitude gaps can dominate the scaled dot
product and suppress positional signals.

Across models.

Overlayed Violin Plot of Token Norm Distributions

[0 Vision Token Norms
[0 Text Token Norms

100

10t
L2 Norm (Log Scale)

102 10°

Figure 3: Distribution of L, norms for tokens
in COCO validation dataset (log scale). Vision

token norms range between 10! and 10%, while
text token 3 x 101 and 10°.

To further verify whether
this norm imbalance is specific to LLaVA
or a broader phenomenon, we measure the
same interface statistics on twelve models
spanning five VLM families that use a pro-
jector, all on the COCO validation set. Fig-
ure 4 summarizes two norm statistics: panel
(a) compares interface norm gap with PSI,
and panel (b) shows the residual vision/text
norm ratio across layers. For Qwen mod-
els, which use M-RoPE, we keep the posi-
tion IDs unchanged and only shuffle the
vision embeddings into the same image to-
ken slots, the same procedure that we use
for the 1D RoPE models. We mainly com-

pare PSI within each family, because models from different families also differ in position
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(a) Norm Gap vs. PSI (b) Layer-wise Residual Vision/Text Norm Ratio
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Figure 4: Across models. (a) Interface norm gap versus PSI across twelve VLMs with a
projector. (b) Residual vision/text norm ratio across decoder depth.

encodings, training data, and architectures, so a cross-family PSI gap cannot be traced to
the norm gap alone. Eleven of twelve models exhibit a large interface gap. Most also show
the strongest residual imbalance in the early decoder layers, where positional encoding
sensitivity should be most suppressed. Only DeepSeek-VL2 Tiny, which jointly trains the
vision encoder with the decoder, is close to balanced at the interface and across depth. Exact
per-model values are listed in Appendix F. !

4.2 How Norms Suppress RoPE: Theoretical Mechanism

Our analysis focuses on the LLaVA architecture, which uses a LLaMA decoder (Grattafiori
et al., 2024). LLaMA uses a design that applies RMSNorm before each sublayer: each
sublayer first normalizes the state (Zhang & Sennrich, 2019), then computes the attention
or MLP update on that normalized state, and finally adds that update back to the orig-
inal residual stream. However, vision token inputs are unnormalized. RoPE is applied
inside attention to normalized queries and keys (Su et al., 2024). This means RoPE acts on
normalized activations, but its effect must still compete with the unnormalized residual
after the update is added back. Figure 4(b) shows the imbalance of vision and text hidden
states across layers, and without normalization vision token input ratio can be 2 orders of
magnitude larger than text norm.

Our hypothesis is that the large vision norms at the interface make this competition unfavor-
able to RoPE. Even if RoPE changes attention scores, the resulting update can remain small
relative to the large vision residual carried forward by early layers. In that case, positional
information is structurally present, but it is not fully available for downstream use. This
suppression acts on the attention output as a whole. A large vision norm reduces the effect
of the whole attention output on the token representation, whether that output is driven by
position or by content. Token order depends on this output more than content does, because
token order reaches the token state only through attention, while vision token content is also
carried forward in the residual stream. If this account is correct, the ratio between vision
and text norms should remain especially high in the early decoder layers, precisely where
RoPE sensitivity is weakest.

More detailed explanation is given in Appendix B. To connect the mechanism to a directly
measurable quantity, we analyze how attention changes with the RoPE phase. Let logits
be {; = (7, k;) /+/d and a; = Softmax(¢); be attention weights, and partition tokens into
vision (V) and text (T). Define the group masses ay = Y ,cy ®o, a7 = Y sc1 &, and the

1On 2DS we observe the same imbalance (vision mean =47.71, text mean = (0.74, ratio = 64 x),
confirming that the choice of analysis dataset does not affect the finding.
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average logit derivatives for each group

ay 9y a0l
v = ) —=>, 8T = ), — =
v;/ xy 0P teZT X O
Then (derivation in Appendix B) the change of total vision attention mass w.r.t. the positional
phase ¢ is
atXV

E ay ar (gv — &7)- ()

This derivation establishes a direct link between the shift in vision attention mass (a%/)

and the underlying positional sensitivity of the vision logits (gy). A very small attention
shift implies weak positional sensitivity, while a large shift indicates that RoPE is having a
meaningful effect. This provides the mathematical basis for the RoPE sensitivity probe used
later.

4.3 Connecting Norm Imbalance to Positional Underutilization

The PSI results from Section 3 provide behavioral evidence of the same problem. On
standard benchmarks, permuting vision tokens changes accuracy only slightly. The norm
analysis in this section gives a mechanism for that behavior: large vision norms make
updates driven by RoPE weak relative to the residual stream. Taken together, these results
suggest that positional information in VLMs with a projector is structurally present but
functionally suppressed.

Figure 4(a) provides supporting descriptive context for the same point when we plot PSI
against norm gaps. Within the LLaVA and InternVL families, we see that larger norm gaps
consistently coincide with lower PSI. Across families, the same norm gap can produce very
different PSI: Qwen models show uniformly low PSI despite norm gaps comparable to those
where LLaVA and InternVL models retain moderate positional reliance. DeepSeek-VL2 Tiny,
the only model with a nearly balanced interface, also shows low PSI. These differences across
families point to a distinction between availability and usage. The norm gap determines
whether positional encoding is available to the decoder, but availability alone does not
guarantee that the model will use it. Usage also depends on factors such as the quality of
vision features and training. The comparison across models suggests this distinction but
cannot confirm it, because families differ in many ways beyond the norm gap. In Section 5,
we test the link directly by reducing the norm gap on a single architecture and measuring
whether increased availability leads to increased usage.

5 Targeted Interventions: Restoring and Dissociating Spatial Sources

Section 4 showed that the norm gap controls the availability of positional encoding. Two
questions follow: does reducing the gap increase positional reliance? And can enriching vision
token content improve spatial accuracy through the other spatial source? We design two minimal
interventions to answer these questions

5.1 Hypotheses and Setup

We formulate two hypotheses, each paired with an intervention that targets one spatial
source.

H1 (RoPE contribution). If norm imbalance suppresses RoPE through the residual stream,
then reducing the vision/text norm gap should let the LLM use positional encoding more
strongly. This should increase positional sensitivity and RoPE probe responses.

H2 (Contribution of vision content). Spatial information already encoded in vision token
content can also support spatial reasoning. If intermediate vision features retain richer
geometry than final layer features (Wang et al., 2023; Jiang et al., 2024), then adding them
should improve spatial accuracy even if PSI does not increase further.
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We use LLaVA-1.5 (7B) (Liu et al., 2023) as the baseline and propose two interventions.
Both variants are trained from scratch using the standard LLaVA two stage pipeline (558K
pretrain pairs, then 665K instruction tuning examples). They are not applied after training
to a fully trained model. The intervention therefore requires a model with an open training
recipe and open training data, where LLaVA-1.5 provides both.

+Normalize (tests H1). RMS normalization (Zhang & Sennrich, 2019) of vision embeddings
after the linear projector and before feeding the LLM, calibrated to typical text token norms
(empirically: mean ~ 0.83, max ~ 1.22).

+Normalize+Multilayer (tests H1+H2). Concatenate intermediate vision features along
the token dimension (layers 12, 16, 20, 24) following (Jiang et al., 2024), then apply the
same normalization. This injects more detailed spatial signals while controlling scale. The
additional compute overhead is empirically negligible (Appendix E).

5.2 Results on 2DS: Prediction Confirmed and Dissociation Revealed

Both interventions improve overall accu-

racy, but that alone does not tell us whether [+ Normalize
. Dataset Type LLaVA 1.5 | + Normalize | + Multilayer
the gain comes from better use of RoPE or voan General VOA 109 208 208
from richer spatial content in vision tokens. | cgx SR Py 630 Ses
hil- CV-Bench 2D | Spatial VQA 0.57 11.31 9.72
ZDS and PSI let us separate these pOSSIbll 2DS o C%?\tljolled spatial 41.07 61.21 54.21
ities. Table 3 reports PSI across benchmarks.
+Normalize substantially increases PSI, con- Table 3: Position Sensitivity Index (%).

sistent with H1: reducing the norm gap re-

stores ROPE leverage and raises reliance on token order. The effect is strongest on the
controlled spatial benchmark, where PSI rises from 41.07% to 61.21% on 2DS. Spatial VQA
benchmarks also respond, with CV-Bench 2D jumping from 0.57% to 11.31%. General VQA
benchmarks (VQAv2, POPE) show minimal change, consistent with the benchmark hier-
archy in Section 3. Statistical tests on the underlying original versus permuted accuracies
support the same pattern (Appendix G): 2DS and GQA are highly significant, CV-Bench 2D
becomes significant after the interventions, and POPE remains not significant.

The striking result is that +Normalize+Multilayer does not continue this PSI trend. On
2DS it reaches 54.21%, below +Normalize, even though it achieves the highest accuracy in
Table 10. This means that adding more spatial information to vision tokens helps end-to-end
spatial reasoning, but it makes the model rely less on RoPE than the norm-only variant.

The dissociation. On 2DS, +Normalize achieves the highest PSI (61.21%) but not the
highest accuracy (59.30%). +Normalize+Multilayer achieves the highest accuracy (64.80%)
with a lower PSI (54.21%). Both variants apply the same normalization and differ only
in vision token content. Accuracy and PSI move in opposite directions between the two
treatments, which means that extra accuracy does not require extra reliance on token order.
Section 4 distinguished availability from usage of positional encoding. The intervention
data adds a third dimension, task outcome, which depends on both spatial sources together.
+Normalize mainly increases the availability and usage of positional encoding. +Nor-
malize+Multilayer strengthens vision-token content instead, so the model achieves better
accuracy while relying less on RoPE. The category breakdown (Appendix H.1) confirms
this: +Normalize+Multilayer gains most on relation-heavy 2DS categories, consistent with
stronger local geometry.

The same dissociation appears in a model we did not train. DeepSeek-VL2 Tiny (Section 4)
has a nearly balanced interface, the lowest PSI among the surveyed models (1.56%), and the
highest 2DS accuracy (85.73%). This matches +Normalize+Multilayer, where strong spatial
accuracy comes with low positional reliance. Note that DeepSeek-VL2 Tiny also differs from
the other surveyed models in joint training, backbone design, corpus size, and image tiling.
These factors are confounded, so the pattern cannot be traced to vision content alone.

The RoPE sensitivity probe confirms that the two interventions produce different internal
configurations: both increase early-layer Aay and Agy, but through different layer-wise
patterns (Figure 5). Attention analyses show the same split: +Normalize yields more bal-
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+ Normalize
Benchmark Type LLaVA 1.5 | + Normalize | + Multilayer
What'sUp Controlled A | Real spatial 58.66 76.94 72.82
What'sUp Controlled B | Real spatial 69.20 73.69 80.31
VQAv2 General VQA 78.20 78.76 79.17
POPE General VQA 87.30 87.30 87.70
GQA Spatial VQA 61.36 62.04 62.52
CV-Bench 2D Spatial VQA 56.59 59.91 58.69

Table 4: Accuracy (%) on real-image spatial and standard benchmarks. What’s Up results
are averages over three seeds.

anced vision/text allocation, while +Normalize+Multilayer shows selective, target-centered
attention (Appendices I and K).

5.3 Real-Image and Standard Benchmark Results

We next evaluate on real-image spatial benchmarks and standard VLM benchmarks to check
whether the 2DS findings generalize and whether general capabilities are preserved.

Table 4 shows that the 2DS findings transfer to real images. On What’s Up Controlled A/B,
both interventions yield large gains, but the best model differs by split, preserving the same
dissociation pattern. On the remaining four What’s Up splits, semantic cues lead to mixed
results, consistent with the benchmark hierarchy (Appendix H.3). On standard benchmarks,
both interventions preserve or modestly improve general capabilities. The interventions
target how much the decoder uses positional information, and VQAv2 and POPE rarely
depend on it (Section 3).

5.4 How Norm Balance Changes RoPE Sensitivity

We now examine the internal mechanism directly to confirm that the behavioral changes
reflect the RoPE suppression predicted in Section 4.

Norm ratio across layers. Section 4 predicted that vision token norms should dominate
the residual stream most strongly in early layers. Figure 4(b) confirms this across models.
The ratio is highest in early layers and decays through mid-depth, with DeepSeek-VL2 Tiny
showing a flat profile consistent with its balanced interface.

RoPE sensitivity probe. The derivation in Section 4.2 predicts that large vision norms
suppress the positional sensitivity of attention. To measure this directly, we perturb only
the RoPE phase of vision keys while keeping the query, text keys, and causal masking fixed.
We then compare attention before and after the perturbation. We report two finite difference

quantities: Aay, which approximates a(-;%’ and measures how much attention mass moves

over vision tokens, and Agy, which approximates the average logit derivative for the vision
group and measures intrinsic sensitivity to the RoPE angle.

Sensitivity across layers. Figure 5 shows that baseline LLaVA has the weakest RoPE
sensitivity in the first few layers, exactly where the norm ratio is largest. Both intervention
variants increase Aay and Agy in early layers, with the clearest gains in layers 0-5. This
is the layer range where balancing norms should matter most, and it matches the PSI
improvements in Table 3.

Dose response. The preceding analyses show that large vision norms co-occur with low
RoPE sensitivity, and that normalization restores sensitivity. A continuous scaling study
strengthens this link. We multiply the vision norms by a scalar « at the inference time and
measure the resulting Awy and Agy (Figure 5). As a decreases toward the text norm scale,
RoPE sensitivity rises smoothly and peaks around « = 0.02-0.05, close to the reciprocal of
the measured LLaVA-1.5 interface gap (1/49.2584 ~ 0.02). This is the matched scale regime
where the positional encoding becomes most effective.
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6 Limitations and Conclusion

Limitations. This study has the following limitations. First, interventions are validated only
on LLaVA-1.5 7B, although the descriptive survey suggests that interface norm imbalance
is more widespread. Since each ntervention variant is trained from scratch, extending the
comparison requires another model with an open training recipe and open training data.
However, unfortunately, few models release both. Second, the contribution of vision token
content is inferred indirectly from the PSI-accuracy dissociation rather than measured with
a dedicated probe. Third, our scope is limited to architectures with a projector. Models
that jointly optimize the vision encoder and the LLM, such as DeepSeek-VL2, may reduce
the norm gap through training alone. Additionally, models that tokenize images into the
language model’s own vocabulary, such as Chameleon (Team, 2025), have no projector
interface where a norm gap can form. How these models carry positional information is left
to future work. Fourth, 2DS is a synthetic diagnostic. It isolates positional use but does not
capture the full difficulty of real-world spatial reasoning.

Conclusion. Spatial evaluation of VLMs often conflates three questions. Is positional
encoding available? Does the model use it? And how does the final task outcome reflect
both spatial sources? This work separates these questions. The norm gap at the projector
interface suppresses positional encoding in the residual stream, limiting its availability.
Whether the model uses positional encoding, even when available, depends on additional
factors including vision feature quality and training. Task outcome reflects both sources
together, which is why the highest positional reliance and the highest spatial accuracy come
from different interventions.

For model design, norm balance at the projector interface deserves explicit attention. A
large scale gap is not just an alignment nuisance. It structurally limits what the decoder can
extract from positional encoding. The survey of twelve models shows that this imbalance
is widespread (eleven of twelve models), and only the jointly trained DeepSeek-VL2 Tiny
achieves a balanced interface. For evaluation, PSI should be interpreted as a diagnostic of
positional reliance rather than a full measure of spatial competence. A model can achieve
strong spatial accuracy with low PSI if its vision features carry sufficient spatial information.
The +Normalize+Multilayer results show this under controlled training, and DeepSeek-VL2
Tiny shows the same pattern in a model we did not train. Controlled benchmarks such as
2DS remain important because they isolate positional reliance from vision token content in
ways that standard benchmarks cannot.
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A Disclosure

A.1 LLM Usage Disclosure

We used large language models as research assistants throughout the project. Specifically,
LLMs were used to support code implementation, assist in refining hypotheses and experi-
mental design, aid in literature discovery, and help improve writing clarity and organization.

The core research ideas, problem formulation, and overall methodology were initiated and
guided by the authors. All generated code, experimental results, and analyses were carefully
reviewed, validated, and iterated upon by the authors. The authors take full responsibility
for the correctness, originality, and integrity of all content in this paper.

A.2 Reproducibility Disclosure

We include code, scripts, and instructions necessary to reproduce our results.

The codebase includes data processing pipelines, model loading, training and evaluation
scripts, and analysis code for reported metrics and figures. In particular, we provide
scripts to recompute all weight-space analyses, including SVD-based decompositions and
alignment measures, directly from model checkpoints.

B Theoretical Analysis of Large Norm Effects on Attention Updates and
RoPE

We consider a Transformer block that applies RMSNorm before each sublayer (as used in
the classic LLaVA decoder). For token state 7)) € R? at layer [,

a(”(gbl = Attn(RMSNorm(h(")),¢),  h0HD = & +aD(g),
attn out residual carry

where ¢ denotes the RoPE phase and r(!) =h(!) (the input to attention before the update).

Keys and queries are formed from per token RMS normalized inputs; RoPE applies a norm
preserving rotation to ¢, k (Su et al., 2024). We write ¢, k’ for the query and key after this
rotation. The residual is added back after each sublayer, so a large vision token norm keeps
passing forward through the layers.
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B.1 Suppression from residual scale.

We first state the result for a general attention update. Let 6 be any quantity that the attention
output depends on, so that h(+1) = (1) 41 (9), and let u(8) = h!+1) /||h(+1)|| be the unit
normalization. RMSNorm removes the global scale, so the next sublayer reads rescaled u

. . . . (+1) (IH+INT gp
rather than h(!*1) itself. With some quotient rule and replacing a”hae e (Hth “))H ahég !

can have
ou  (I—uu') 9a®

0 |nD| 26
When [|r)]| > [|a!)|| the magnitude of du/d6 is suppressed by ~ 1/]|r!)| in the vision
token part.

Thus, for a fixed attention-level sensitivity, a larger residual norm reduces the effect of the
attention update on the normalized representation presented to the next sublayer. The factor

1/|htD) suppression is independent of the particular choice of (8): it applies whether the
attention update is driven by positional information, token content, or another attention-
dependent quantity. A persistent vision—text norm imbalance may make high-norm vision
tokens less responsive to attention-mediated updates than lower-norm text tokens. This may
contribute to weaker visual integration and stronger reliance on textual priors, although this
result by itself does not imply that the underlying vision representations are intrinsically
lower quality.

The positional case. Setting 6 = ¢ gives the positional case, where a large vision token
norm means much less effective position sensitivity. The residual carries over the large
vision token norms through layers, and large norm reduce the position attention sensitivity.
The reduced attention sensitivity might explain why even nontrivial attention shifts may
yield small representational changes when the residual dominates.

B.2 Attention Level Phase Sensitivity (Group Form)

Within a given head, let logits be ¢; = (¢’, k;) /+/d, and define attention weights wj =

Softmax(); = Zf);lf‘](f(jgi) . Partition keys into vision V and text T, and define group masses

avzzav, ar =1—ay.

veV
Let the average logit derivatives for the groups be
oy 0y ar 0l
v = — =, T= ). 5"
§ U;/ axy 0 $ tGZT ar o

A standard calculation with some quotient rule from softmax yields the derivative for a
single vision key given a fixed query:

oy oty ol
a0 Ky <8¢ - 2“"84)) @)

k

We can use the above notation and get the group level sensitivity by aggregating all vision
attentions and then substituting ay, at, gv, g

d ol

ai(; =ay <gv—;0¢ka$> 4)
B at, 3t
=ay (gv—(z];/%va(l)-l-;“tagl))) @)
=ay (v — (avgv +argr)) (6)
= ayar (gv — 8T) )
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Eq. (7) is a statement about the attention level, and we can directly measure the change
without the residual scale entering.

Small phase probe. If we rotate only vision keys by a small phase A (queries fixed), then gt
is unchanged and to first order

Ay ~ ay(l—ay)Agy, (8)

This factorization underlies our probe: Aay grows when (i) the balance factor ay (1 — ay) is
large (less saturation) and/or (ii) the intrinsic phase response Agy is large.

Empirically we can capture g, k inside attention and conduct position perturbation, so we
can measure Axy and Agy at the attention level. The effective positional change is modulated

by the residual. Reducing the interface scale (our +Normalize) decreases ||r(!)|| for vision
tokens in early layers, mitigating suppression from residual scale and making phase shifts
at the attention level consequential for subsequent computation. It also agrees with our
observation that +Normalize increases position sensitivity in early layers in Section 5.4.

What each level measures. The factor 1/||h(*1)| scales the position-driven and the
content-driven parts of the attention update together. A sensitivity measurement inside
attention therefore cannot determine whether it is position or the content. However, PSI
provides a complementary behavioral measurement. It compares the same model on the
same set of vision embeddings before and after those embeddings are reassigned to different
visual positions. The visual content, the token norms, and all model parameters remain
unchanged; only the correspondence between token content and position is disrupted. PSI
therefore measures how much model performance depends on the original content—position
arrangement, rather than on a change in the available visual content itself. Eq. (7) measures
the local sensitivity of attention to positional perturbations, whereas PSI measures whether
disrupting positional organization degrade the performance. It measures how much model
rely on the vision token positions.

Relation to high norm outlier tokens. The residual effect studied here is distinct from
previously observed attention sinks. Massive activations can cause a small number of tokens
to receive or attract a disproportionate share of attention, thereby changing the attention
logits (Sun et al., 2024; de Llano et al., 2025; Zhang et al., 2026). Similarly in vision encoders,
a small set of high norm tokens acts as registers (Darcet et al., 2024). Those effects act inside
the softmax, and in contrast the factor derived in Section B.1 acts after the attention output
has been computed and added to the residual. Our empirical observation also concerns a
broad norm gap between vision and text tokens as groups, rather than only a few extreme
outlier tokens. These mechanisms operate at different stages and granularity and both can
coexist.
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C 2DS Dataset Details

We constructed a synthetic dataset that: (1) Ensures spatial cues are essential for correctly
answering queries. (2) Isolates and systematically controls semantic aspects, enabling
analysis of their contributions to spatial understanding. The dataset combines semantic
attributes (color, shape, or both) with spatial properties (relative or absolute positions). We
denote the 2D Synthetic Dataset as 2DS

Example Queries including;:

* “What color is at the bottom of the image?” (Color, absolute position)

* “Is the circle below the square?” (Shape, relative position)

These queries illustrate that object attributes (color, shape) serve primarily as identifiers,
with positional relationships being crucial for correct responses.

C.1 Dataset Construction Details

We created categories containing images with 2, 3, 4, 5, and 6 objects. Within each category,
we employed the same set of objects while randomly varying their spatial positions. Each
category comprises 100 images, resulting in a total of 500 images. For every image, we
systematically asked questions spanning combinations of semantic (color, shape, color and
shape) and spatial (absolute, relative) properties, yielding 3000 total questions. Note the
emphasis is on spatial relationship reasoning.

C.2 How effective can 2DS measure the position embedding sensitivity

As the preliminary experiments in Section 3 showed that most of the data retain the perfor-
mance even with random permutation, we can use the same experiments to understand the
2DS results.

Permutation Table 5 shows the 2DS results with permutation of the input tokens. We also
report the difference which is used to compute the PSI in Table 3. We can see the +Normalize
version is more susceptible to the token permutation. As the baseline, we also test with the
Vicuna-7B to show the model performance is well above the random guess.

2DS (%)
Orig. | Perm. | Diff.

Vicuna-7B | 15.97 - -
LLaVA 15 ]56.63 | 33.37 | -23.26
+ Norm 59.30 | 23.00 | -36.30
+ Norm
+ Multi 64.80 | 29.67 | -35.13

Model

Table 5: For 2DS, we report accuracy on original (Orig.) and permuted (Perm.) token
arrangements with difference (Diff.).

Compression Another way to test 2DS is through compression, which progressively
weakens the positional route together with spatial resolution. If the vision encoder alone
carried most of the needed spatial information, compression would not hurt performance
much. If positional encoding is important, performance should drop sharply. Figure 6
shows that 2DS behaves like the second case.

The sharper drop on 2DS contrasts with the much smaller degradation on standard bench-
marks and again suggests that positional encoding plays a much more important role for
this controlled benchmark.
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Impact of Image Token Compression on Model Performance
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Figure 6: Performance impact of vision token compression on 2DS. Accuracy drops sharply
as the vision sequence is compressed, indicating that 2DS depends much more strongly on
positional information than the standard benchmarks.

D Training Details

We follow the training recipe described in LLaVA 1.5 7B (Liu et al., 2023), consisting of two
stages: pretraining and instruction tuning. All experiments utilize 8 Nvidia A100 GPUs.
Learning rates for each training stage are detailed in Table 6, with all other hyperparameters
and datasets identical to (Liu et al., 2023).

[ Model | Pre-train | Finetune |
LLaVA157B le-3 2e-5
+Normalize le-3 2e-5
+Normalize+Multilayer le-3 2e-5

Table 6: Learning rate of training

E Analysis of Computational Cost and Inference Time

In this section, we analyze the computational overhead of our two proposed methods to
evaluate their practical efficiency.

Method 1: +Normalize. Our first method, which applies L2 normalization to the final layer
vision tokens, introduces zero additional parameters or floating point operations (FLOPs)
during inference. The normalization is a lightweight mathematical operation on the existing
embedding vector and its computational cost is negligible.

Method 2: +Normalize+Multilayer. Our second method enriches the visual representation
by concatenating features from the intermediate and final layers of the vision encoder.
This modification affects the initial visual projection layer. In the original LLaVA, the
projector is an MLP that maps a final 1024-dimensional feature vector to a 4096-dimensional
LLM embedding space. Our proposed method concatenates four 1024-dimensional feature
vectors and feeds them to the projector, producing a 4096-dimensional vector. Although
this moderately increases the number of parameters in this single projection layer, this
component still represents a very small fraction of the total parameters in the multibillion
parameter VLM.

Empirical Inference Time. To assess the real world impact on performance, we bench-
marked the inference speed of the baseline model against our two proposed methods. The
experiment was conducted on a single NVIDIA RTX 4090 GPU, measuring the average time
to process 500 samples from the GQA dataset validation split. All three models are within
the same inference time (0.137s & 0.002s) /sample, so the compute cost differences are trivial
in practice.
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[ Model [ Family | Size | Text Mean [ Vision Mean | Ratio
DeepSeek-VL2 Tiny DeepSeek-VL2 | Tiny 6.96 9.09 1.3x
InternVL2.5 8B InternVL 8B 0.82 21.02 25.8x
LLaVA-NeXT Vicuna 7B | LLaVA-NeXT 7B 0.79 21.49 27.3x
LLaVA-NeXT LLaMA3 8B | LLaVA-NeXT | 8B 0.45 16.96 37.4x
LLaVA-1.57B LLaVA 7B 0.79 38.86 49.3x
InternVL3 1B InternVL 1B 0.43 21.80 50.6 x
Qwen2.5-VL 7B Qwen-VL 7B 1.04 56.69 54.5x
InternVL2.5 1B InternVL 1B 0.45 30.71 68.6 ¥
TinyLLaVA 3.1B TinyLLaVA 3.1B 1.51 109.78 72.6 %
LLaVA-NeXT Mistral 7B | LLaVA-NeXT | 7B 0.13 11.26 83.7x
Qwen2.5-VL 3B Qwen-VL 3B 0.80 86.25 107.4 x
Qwen2-VL 2B Qwen-VL 2B 0.54 59.92 111.4x

Table 7: Vision—text interface norm gap across models. L, norms are measured on COCO
val (5k). Models are sorted by norm gap ratio. LLaVA-1.5, LLaVA-NeXT, and TinyLLaVA
follow the classic LLaVA projector design. Qwen-VL and InternVL share the same broad
paradigm but differ in connector architecture. DeepSeek-VL2 uses a distinct design with a
mixture of experts vision and language connector.

[ Model [ Family [ Size [ Norm Gap | Orig. Acc (%) [ Perm. Acc (%) [ PSI (%) |
DeepSeek-VL2 Tiny DeepSeek-VL2 | Tiny 1.3% 85.73 84.40 1.56
InternVL2.5 8B InternVL 8B 25.8x 76.60 50.23 34.42
LLaVA-NeXT Vicuna 7B | LLaVA-NeXT | 7B 27.3x 69.73 38.23 45.17
LLaVA-NeXT LLaMA3 8B | LLaVA-NeXT | 8B 37.4x 67.80 35.50 47.64
LLaVA-1.57B LLaVA 7B 49.3x 56.63 33.37 41.07
InternVL3 1B InternVL 1B 50.6 53.97 44.80 16.99
Qwen2.5-VL 7B Qwen-VL 7B 54.5% 84.07 82.07 2.38
InternVL2.5 1B InternVL 1B 68.6 79.03 68.20 13.71
TinyLLaVA 3.1B TinyLLaVA 3.1B 72.6x 67.37 47.07 30.13
LLaVA-NeXT Mistral 7B | LLaVA-NeXT | 7B 83.7x 55.73 36.03 35.35
Qwen2.5-VL 3B Qwen-VL 3B 107.4x 80.47 77.70 3.44
Qwen2-VL 2B Qwen-VL 2B 111.4x 66.47 63.23 4.86

Table 8: Position Sensitivity Index across models on 2DS. Models are sorted by norm gap
ratio. Original and permuted accuracies are reported alongside PSI (relative drop). All PSI
values use rule based scoring on the full 2DS benchmark.

F Norm and PSI Statistics Across Models

To assess whether the norm imbalance between vision and text is specific to LLaVA or a
broader phenomenon, we measure interface norm statistics on twelve models spanning five
VLM families that use a projector. For each model, we extract vision and text embeddings at
the interface between the projector and the LLM on the COCO validation set (5k images)
and compute their mean L, norms. Table 7 reports these values. Eleven of twelve models
show norm gap ratios between 25.8 x and 111.4x, confirming that large norm imbalances
are widespread across VLMs with a projector. The models span a range of projector designs,
model sizes (1B to 8B), and families. Only DeepSeek-VL2 Tiny, which jointly trains the
vision encoder with the decoder and uses a substantially larger training corpus, is close to
balanced (1.3 x).

Table 8 reports the corresponding Position Sensitivity Index (PSI) measured on 2DS for the
same twelve models. PSI is computed by comparing accuracy with original versus randomly
permuted vision tokens. Within the LLaVA and InternVL families, models with larger norm
gaps tend to show lower PSI. Qwen models show uniformly low PSI (2-5%) despite high
norm gaps (54-111x). DeepSeek-VL2 Tiny has the lowest PSI (1.56%) alongside the highest
original accuracy (85.73%), consistent with the dissociation discussed in Section 5. These
values underlie Figure 4(a) in the main text.
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+ Normalize
Dataset LLaVA 1.5 | + Normalize | + Multilayer
VQAv2 p <0.000I] p <0.000I | p <0.0001
POPE 0.61 0.40 0.23
GQA p <0.0001 | p<0.0001 | p<0.0001
CV-Bench 2D 0.66 p <0.0001 | p < 0.0001
2DS p <0.0001 | p <0.0001 | p<0.0001

Table 9: P-values for original order versus permuted order accuracy.

G Statistical Significance of PSI

PSl is computed from accuracy before and after vision token permutation, so significance
should be tested on the underlying accuracy changes rather than on the ratio itself. For
POPE, GQA, CV-Bench 2D, and 2DS, we have paired predictions at the example level and
therefore use McNemar tests. For VQAv2, only aggregate server scores are available, so we
use a two proportion Z-test.

The pattern matches the interpretation in the main text. POPE and baseline CV-Bench 2D
show no significant permutation effect, while the more spatially focused settings 2DS and
GQA do. On CV-Bench 2D, significance appears only after the interventions, consistent
with the increase in PSL
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H Benchmark Performance

H.1 2DS Performance

Model Performance Comparison
Overall Acc.

100%

Shape-color 80% Color

relative absolute
Model Accuracy by Number of Objects 40%
80
LLaVA 1.5 20%
75 + Normalize
+ Normalize + Multilayer
9
70 0%
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S 6
g Shape Shape
2 60 relative absolute
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55
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LlaVa 1.5 relative absolute

(a) Accuracy comparison across varying num-

bers of objects. Our targeted adjustments yield  (b) Accuracy comparison across different cate-
consistent improvements, especially as spatial ~ gories of 2DS dataset. We see consistent improve-
complexity increases. ments across categories.

Figure 7: Model performance as the number of objects increases across different subcate-
gories

Category breakdown. Table 10 reports the full 2DS breakdown by attribute and relation
type. +Normalize chiefly helps categories where cleaner positional use can work with
strong color cues, while +Normalize+Multilayer brings larger gains on relative categories,
consistent with richer local geometry and object detail.

+ Normalize

Category LLaVA 1.5 | + Normalize | + Multilayer
Color_abs. 7 79.60 88.00 (+8.40) | 87.80 (+8.20)
Color_rel. 1 37.00 42.40 (+5.40) | 47.20 (+10.20)
Shape_abs. 1 78.60 79.00 (+0.40) | 82.20 (+3.60)
Shape_rel. 1 34.40 32.80 (-1.60) | 40.80 (+6.40)

Shape_color_abs. 70.80 71.80 (+1.00) | 80.20 (+9.40)
Shape_color_rel. 1 39.40 41.80 (+2.40) | 50.60 (+11.20)
Overall Acc. T 56.63 59.30 (+2.67) | 64.80 (+8.17)

Table 10: 2DS accuracy (%) by attribute/relation. 1 higher is better. A vs. baseline in
parentheses.

Table 10 summarizes accuracy across distinct spatial query categories, and Figure 7b illus-
trates performance across varying numbers of objects, clearly highlighting the effectiveness
of our interventions.

Vision Embedding Normalization: Normalization alone improves overall accuracy from
56.63% to 59.30%, strongly supporting our interpretability insight that balancing embedding
norms significantly enhances spatial information utilization. Notably, improvements are
particularly pronounced in color-related spatial relationship queries.

Normalization + Intermediate Layer Features: This approach achieves the highest overall
accuracy (64.80%, +8.17% improvement over baseline), underscoring the importance of
explicitly incorporating local spatial details. This method substantially enhances accuracy,
especially in shape and color combined relative position queries.
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Both methods consistently outperform the original LLaVA 1.5 model, particularly as spatial
complexity (the number of objects) increases (Figure 7a), validating our hypothesis about
the critical roles of embedding normalization and local spatial detail preservation.

H.2 Results on Standard Benchmarks

+ Normalize
Category LLaVA 1.5 | + Normalize | + Multilayer
VQAvV2 1 78.20 78.76 (+0.56) | 79.17 (+0.97)
POPE 1 87.30 87.30 (0.00) | 87.70 (+0.40)
GQA 1 61.46 62.04 (+0.58) | 62.52 (+1.05)
CV-Bench2D 1 56.59 59.91 (+3.32) | 58.69 (+2.10)

Table 11: Performance (accuracy %) on standard vision-language benchmarks. 1 indicates
higher is better. Values in parentheses show difference from LLaVA 1.5 baseline.

To assess generalization, we evaluate our methods on established benchmarks (Table 11)
that are used in recent works (Liu et al., 2023; Tong et al., 2024a; Zhu et al., 2024; Liu et al.,
2024).

Both targeted interventions yield moderate yet consistent improvements. Normalization
and Multilayer Normalization consistently achieve small but meaningful gains (up to
3.32%), confirming that improved spatial representation benefits overall reasoning without
sacrificing semantic capabilities. Notably, normalization shows more pronounced gains on
CV-Bench 2D, particularly for spatial relationship tasks.

Specifically, we investigate the subcategories of the CV-Bench2D as shown in Table 12. We
are curious why the permutation drop was not significant. As shown in Table 12, we can
check the PSI index to see whether the model is sensitive to that task, and Count is not
really a spatial task since there are marginal effects when changing spatial information. In
comparison, we see the Relation task is more spatial, and the +Normalize has a much better
performance in that category.

H.3 What's Up Full Results

Table 4 in the main text reports What’sUp Controlled A/B results. Table 13 reports the full
results for all six splits.

What'sUp (Kamath et al., 2023) contains six splits that differ in image source and spatial
complexity. The Controlled splits (A and B) use synthetic images with simple objects placed
at controlled positions. Semantic cues are minimal, so answering requires genuine spatial
reasoning. The real image splits use images from COCO and GQA, each with one version
containing one object (ONE) and another containing two objects (TWO). These real images
carry rich semantic context, including object co-occurrence patterns and scene layout priors,
that can support spatial answers without relying on positional encoding.

The Controlled splits show the largest gains from both interventions (up to +18.28 on
Controlled A). This is expected because these splits isolate positional reasoning in the same
way that 2DS does. The real image splits show mixed results for two reasons. First, the ONE
splits already have near ceiling baseline accuracy (COCO-ONE 94.42%, GQA-ONE 96.44%),
leaving little room for improvement. Second, the TWO splits allow semantic shortcuts that
bypass positional encoding, so interventions targeting the positional source have weaker
or inconsistent effects. Notably, +Normalize+Multilayer shows a larger drop on COCO
Spatial-TWO (-7.88), which may reflect a training distribution shift when intermediate
features change the representation that the model learned to rely on for these natural image
queries.

These patterns are consistent with the main text findings. Interventions targeting positional
encoding show the strongest effects on tasks that genuinely require spatial reasoning and
cannot be solved through semantic cues.
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CV-Bench 2D (%)

Model Overall Count Relation

Orig. [Perm.| PSI [[Orig.|Perm.| PSI [[Orig. [Perm.| PSI
Vicuna-7B || 31.36 - - 12.31 - - 54.46 - —
LLaVA 1.5(]56.59| 56.26 | 0.58 || 52.07| 52.37 |-0.58 || 62.05| 60.97 | 1.74
+ Norm 5991 53.13 |11.32]|52.81 | 51.14 | 3.16 || 68.51 | 55.54 [18.93
+ Norm
+ Multi 58.69 | 52.99 | 9.71 ||52.08 | 49.49 | 4.97 || 66.72 | 57.23 [ 14.22

Table 12: Performance comparison on CV-Bench 2D benchmarks. We report accuracy on
original (Orig.) and permuted (Perm.) token arrangements and PSI for each of the three
tasks: overall 2D spatial reasoning, counting, and relation. We also report evaluation using
Vicuna-7B on top without image input but just text input as the random baseline.

+ Normalize
Split Type LLaVA 1.5 | + Normalize | + Multilayer
Controlled A Controlled 58.66 76.94 (+18.28) [ 72.82 (+14.16)
Controlled B Controlled 69.20 73.69 (+4.49) | 80.31 (+11.11)
COCO Spatial-ONE | Natural 94.42 92.81 (-1.61) | 92.66 (-1.76)
COCO Spatial-TWO | Natural 88.79 89.55 (+0.76) | 80.91 (-7.88)
GQA Spatial-ONE | Natural 96.44 97.01 (+0.57) | 96.81 (+0.37)
GQA Spatial-TWO | Natural 89.46 85.68 (-3.78) | 86.02 (-3.44)

Table 13: What'sUp accuracy (%) across all six splits. Results are averages over three seeds.
Controlled A/B appear in the main text. A vs. baseline in parentheses.

I Cross Modality Balance and System Prompt Effects

We retain the Cross Modality Balance (CMB) analysis in the appendix because it provides a
complementary view of how the three models use vision and text. For a decoding step and
attention head h, we define
Yoev Ay,

Yievur @ijy’

where V and T denote the vision and user text token sets, and a. j, is the attention weight of
head h. Larger CMB means that the head allocates more attention to vision tokens than to
user text. We use this quantity only as a descriptive appendix analysis, not as a main metric.

CMB, =

One important confound is the system prompt. Figure 8 shows the attention share with
and without the system prompt. The system prompt absorbs a large and mostly image
invariant portion of attention mass. If it is included, the apparent vision/text balance can be
misleadingly compressed. For this reason, the CMB analyses below focus on vision versus
user text, and we report the prompt inclusive case only to show the confound explicitly.

Figure 9 shows that the three models organize attention across modalities differently. The
baseline has many vision dominant heads scattered across layers, which is consistent with
the bias from large norms discussed in the main text: vision tokens attract attention strongly,
but not necessarily in a way conditioned on the question. +Normalize shows a more bal-
anced progression from vision dominant early layers toward more text conditioned later
layers, which matches the interpretation that balancing norms makes RoPE and question
conditioning more usable. +Normalize+Multilayer exhibits a different pattern again: atten-
tion becomes more selective and more clearly staged, which is consistent with a model that
receives stronger spatial content directly from vision tokens and therefore needs less broad
positional search.
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With System Prompt Without System Prompt

Average attention sharos (Systom vs Vision vs Input Toxt) Average attontion sharos (Vision vs User Toxt) Averago attontion sharos (Viston vs Usor Toxt)

LLaVA 1.5

Average allention shares (System vs Vision vs Luput Text) Average altention shares (Vision vs User Text)
Average attention shares (Vision vs User Text)

User toxt

User toxt

+Normalize

Average attention shares (Vision vs User Text)
Average attention shates (System vs Vision vs luput Text) Average atlention shares (Vision vs User Text)

+Normalize
+Mulitlayer

Figure 8: Visualization of system prompt, vision, and user input text attention shares. The
left two columns include the system prompt when computing attention shares. The right
column removes the system prompt and compares only vision and user text. The normalized
variants show a more balanced vision/text allocation once the prompt confound is removed.

J Attention Head Visualization

The head maps for individual images provide a more detailed version of the averaged CMB
heatmaps. The baseline often shows strong but diffuse vision preference. +Normalize tends
to redistribute attention more broadly across relevant spatial surroundings before settling,
which is consistent with a stronger use of positional information. +Normalize+Multilayer
tends to produce narrower, more tightly focused patterns, suggesting that the needed spatial
cue is already encoded in the vision token content and can be retrieved more directly.
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Figure 9: CMB heatmaps average (vision share) by layer xhead on COCO val. Top row:
inference with system prompt; bottom row: inference without system prompt. Columns:
LLaVA 1.5, +Normalize, and +Normalize+Multilayer. Green indicates stronger vision
preference; blue indicates stronger user text preference.

K Attention Visualization

We visualize self-attention from the LLM to interpret how the modifications change spatial
reasoning. Figure 12 provides representative attention maps across four illustrative queries.
Each query compares three scenarios: the baseline (Original LLaVA 1.5), normalized embed-
dings, and normalized embeddings combined with multilayer features. We visualize the
first text token of the target object in the answer, which is marked in bold italics in Figure 12.
More examples are in Appendix K.2.

Baseline (Original LLaVA 1.5): The baseline model shows diffuse and scattered attention
patterns, possibly influenced by large magnitude vision embeddings that overshadow
positional cues. This diffuseness makes it difficult for the model to clearly focus on relevant
spatial tokens, leading to suboptimal spatial reasoning.

Embedding Normalization: Embedding normalization leads to more structured attention
distributions over relevant spatial tokens. Compared to the multilayer variant, it often
attends to a broader set of surrounding regions around the target. We interpret this as
the model actively checking nearby spatial context through the positional channel: when
RoPE becomes more usable, the model does not only look at the target object itself, but also
explores neighboring regions needed to resolve relations.

Embedding Normalization + Multilayer Features: The multilayer feature variant produces
sparser and more selective attention distributions. In many cases it focuses on the target
region more directly, with less need to spread attention over the broader surroundings. This
is consistent with the interpretation in the main text: features from intermediate layers of
the vision encoder already carry more local spatial structure, reducing the need for the LLM
to recover that structure through search driven by RoPE.

K.1 Interpreting Attention Patterns and Performance

To quantitatively interpret these observations, we computed the normalized attention
entropy (Table 14). We average all text tokens’ attention over the vision tokens to compute
the entropy. Lower entropy indicates more targeted attention distributions, and high scores
mean more diffused attention distributions. More examples are in Appendix K.2.

The normalized embeddings exhibit higher entropy than the baseline, reflecting broader
exploration of spatial regions while still remaining tied to the relevant object. This is
consistent with a model that uses RoPE more actively: it reads more of the surrounding
layout before deciding. In contrast, the multilayer variant with normalization demonstrates
the lowest entropy, indicating a more concentrated focus on a few precise regions. This
supports the view that the two improvements come from different mechanisms: +Normalize
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Figure 10: Visualization of each image’s attention head over layers. We run inference
without the system prompt. CMB directly calculated from vision and text attention.

increases spatial use through the LLM positional channel, while +Normalize+Multilayer
benefits more from spatial information already encoded in the vision encoder outputs.
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LLaVA-1.5-78 LLaVA-1.5-78 + Normalize LLaVA-1.5-78 + Normalize + Multilayer
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Figure 11: Visualization of each image’s attention head over layers. We run inference with
the system prompt. CMB take values from vision and text attentions and normalize them
with the sum of two.
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Figure 12: Visualization of self-attention patterns. We overlay the attention map on top of
the image. The question for the model is under each row. We use the first target word of the
response for attention map, for example the attention map is based on "square’ and ’circle’
for top left rows. Entropy values are on top of each image. Red answers are wrong. Green
answers are correct. Each image has entropy on top. Lower means more concentrated, and
higher means more diffused.

Vision Token + Normalize
Attention Entropy | LLaVA 1.5 | + Normalize | + Multilayer
2DS | 0.76 0.90 0.72
COCO Val | 0.81 0.89 0.72
CV-Bench2D | 0.80 0.90 0.72

Table 14: Average attention entropy over different datasets. Lower entropy indicates more
selective attention.

Providing features from early layers of vision encoders potentially offers a shortcut for LLMs
to directly leverage spatial cues without extensive positional encoding training. Future
research should explore strategies to optimally balance spatial detail from intermediate
layers and positional encodings.

K.2 Attention Entropy

We adapt the visualization method from (Zhang, 2024) to analyze the LLM attention specifi-
cally on vision tokens. Attention maps correspond to particular, meaningful text tokens, as
labeled above each image in 13. This is a more refined version compared with average text
tokens. Notably, we observe consistently lower entropy in the models that use multilayer
normalization.
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Figure 13: More visualizations
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