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Abstract

Over the past year, spatial intelligence has
drawn increasing attention. Many prior works
study it from the perspective of visual-spatial
intelligence, where models have access to visu-
ospatial information from visual inputs. How-
ever, in the absence of visual information,
whether linguistic intelligence alone is suffi-
cient to endow models with spatial intelligence,
and how models perform relevant tasks with
text-only inputs still remain unexplored. There-
fore, in this paper, we focus on a fundamental
and critical capability in spatial intelligence
from a linguistic perspective: viewpoint rota-
tion understanding (VRU). Specifically, LLMs
and VLMs are asked to infer their final view-
point and predict the corresponding observa-
tion in an environment given textual descrip-
tion of viewpoint rotation and observation over
multiple steps. We find that both LLMs and
VLMs perform poorly on our proposed dataset
while human can easily achieve 100% accu-
racy, indicating a substantial gap between cur-
rent model capabilities and the requirements
of spatial intelligence. To uncover the under-
lying mechanisms, we conduct a layer-wise
probing analysis and head-wise causal inter-
vention. Our findings reveal that although mod-
els encode viewpoint information in the hid-
den states, they appear to struggle to bind the
viewpoint position with corresponding obser-
vation, resulting in a hallucination in final lay-
ers. Finally, we selectively fine-tune the key
attention heads identified by causal interven-
tion to improve VRU performance. Exper-
imental results demonstrate that such selec-
tive fine-tuning achieves improved VRU perfor-
mance while avoiding catastrophic forgetting
of generic abilities !.

*Corresponding author.
'Our dataset and code will be released at https://
github.com/Young-Zhen/VRU_Interpret
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Action: Turn to the right by 90 degrees
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Figure 1: For textual viewpoint rotation understand-
ing, human can easily imagine the spatial scenario and
achieve 100% accuracy, while LLMs and VLMs strug-
gle to output the correct answer.

1 Introduction

With the rapid development of large language mod-
els (LLMs) and vision-language models (VLMs),
spatial intelligence has attracted increasing atten-
tion (Feng et al., 2025). Spatial intelligence gener-
ally involves perceiving and mentally manipulating
spatial relationships (Yang et al., 2025b), and re-
quires myriad capabilities such as relational reason-
ing (Wang et al., 2024), distance estimation (Zhang
et al., 2025b), viewpoint transformation between
egocentric and allocentric perspectives (Li et al.,
2025b; Xue et al., 2025), etc. In this work, we focus
on a fundamental and critical capability in spatial
intelligence: viewpoint rotation understanding
(VRU) (Zhang et al., 2025a). Specifically, we in-
vestigate whether models can accurately infer the
final position and the corresponding observation
in an environment, after undergoing a sequence of
viewpoint rotations and receiving observations.
Many prior studies (Yang et al., 2025b; Li et al.,
2025b; Zhang et al., 2025¢; Ma et al., 2024) have
taken efforts on benchmarking and improving the
spatial intelligence using visual data. However, it
is noteworthy that spatial intelligence exists irre-
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spective of sensory modality, even a blind person
can perceive space through other senses (Gardner,
1983). Regrettably, whether VLMs and LLMs can
comprehend viewpoint rotation (i.e., VRU) with-
out visual information still remains underexplored.
To address this gap, we first propose a simple
textual viewpoint rotation understanding dataset
VRUBench, in which models are provided only
with textual descriptions of multi-step viewpoint
rotations and their associated observations, and are
required to predict the observation after the final
rotation (as illustrated in Figure 1.). Results show
that human can easily achieve 100% accuracy on
VRUBench while the majority of current LLMs
and VLMs perform poorly. Even state-of-the-art
(SOTA) models such as Qwen3-VL (Bai et al.,
2025a), which demonstrates remarkable perfor-
mance across numerous challenging tasks, achieves
only =~ 60% accuracy, highlighting a substantial
gap between current model capability and the re-
quirements of spatial intelligence.

Despite the poor performance of both LLMs
and VLMs, we still obtain the following valuable
findings: i) Firstly, VLMs consistently outper-
form LLMs (e.g., Qwen3-VL-8B vs Qwen3-8B),
indicating that training with visual data enhances
models’ spatial perception ability, even when no
visual input is available at inference time. ii) Sec-
ondly, for both VLMs and LLMs, enabling mod-
els to “think-then-answer” achieves better per-
formance than the no-reasoning setting. This
observation complements the conclusion of prior
work (Yang et al., 2025b), which reports that elicit-
ing model’s reasoning capability through chain-of-
thought (CoT) (Wei et al., 2022) does not improve
the performance on their visual-spatial dataset VSI-
Bench. In contrast, our results indicate that under
a text-only setting, reasoning-based methods can
somewhat enhance model performance, suggest-
ing an inherent difference between text-only and
vision-based spatial perception.

To uncover the intrinsic mechanisms underly-
ing the poor VRU performance, which could pro-
vide insights for building advanced models with
stronger spatial intelligence, we conduct compre-
hensive interpretability studies including layer-
wise and head-wise analysis. Concretely, to evalu-
ate the capabilities of LLMs and VLMs for encod-
ing the information of viewpoint rotation, we con-
duct a layer-wise probing analysis on VRUBench.
We find that models have a strong capability to
encode the direction and angle of the viewpoint ro-

tation at each step, while the capability of encoding
absolute orientation gradually emerges in early-to-
middle layers and diminishes in later layers.

To figure out what happens in the later lay-
ers, a causal intervention method, known as path
patching (Wang et al., 2023) is utilized to con-
duct head-wise interpretation. Through path patch-
ing, a small fraction of attention heads located in
middle-to-late layers are identified as responsible
for VRU performance (i.e., key heads), where the
attention patterns are also interpreted in a human-
understandable manner. Our findings reveal that
after the model acquires the viewpoint information
through early-to-middle layers, the proposal head
extracts all possible candidate answers then the fi-
nal answer is selected by answer decision head.
We also find a special head, unknown head, which
reflects a cautious behavior in answer prediction
and may be induced by alignment training (Bai
et al., 2025b; Zhu et al., 2025). In other words,
in the later layers, the model gradually transitions
from orientation perception to the decision-making
stage, which explains aforementioned decline in
orientation-probing accuracy. However, the poor
performance in VRU demonstrates that these heads
fail to effectively bind the perceived viewpoint ori-
entation from the preceding layers with the corre-
sponding observation at that orientation, resulting
in hallucinated answer decisions.

As aforementioned, since the key heads do not
function effectively to choose correct answers, it
motivates us to selectively fine-tune these heads
to improve the VRU performance. Experimen-
tal results demonstrates that selective fine-tuning
can achieve enhanced VRU performance with only
50% of the GPU hours required for full fine-tuning,
while preserving the general capabilities.

2 Related Work

Spatial Intelligence Spatial intelligence exists ir-
respective of sensory modality, even a blind person
can perceive space through other senses (Gardner,
1983). Regrettably, researches on spatial intelli-
gence primarily focus on visual-spatial intelligence
(Yang et al., 2025b; Ramakrishnan et al., 2025;
Guo et al., 2025; Tang et al., 2024) while textual-
spatial intelligence still lacks a sufficient study. The
most relevant existing studies have largely con-
centrated on benchmarking and enhancing LLM
performance in understanding the spatial relations
within static, single-viewpoint scenarios (Shi et al.,
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2022; Li et al., 2024; Yamada et al., 2024), leaving
dynamic and viewpoint-shifting scenarios underex-
plored. This motivates our study of the proposed
VRUBench, where spatial understanding must in-
corporate changes over time and viewpoint. Impor-
tantly, so far, no systematic research has analyzed
the mechanisms underlying spatial intelligence.

Mechanistic Interpretability Interpreting the in-
ner mechanisms of LLMs and VLMs has attracted
increasing attention in recent years (Madsen et al.,
2023). Despite treating models as black box, these
works tend to uncover the intrinsic cause of mod-
els behaviors, such as hallucination (Gao et al.,
2025a; Wang et al., 2025), mathematical ability
(Zhang et al., 2024b; Yu and Ananiadou, 2024; Li
et al., 2025a), safety (Huang et al., 2025; Qi et al.,
2025; Zhou et al., 2025) etc. However, the underly-
ing mechanisms about how models achieve fextual-
spatial intelligence in dynamic, viewpoint-shifting
scenarios still remain mysterious, motivating the
interpretability analysis in this work. Furthermore,
a deeper understanding of model mechanisms has
also shed light on model improvement, including
better architectural design (Fu et al., 2023), to-
ken/weight pruning (Jiang et al., 2025; Gao et al.,
2025b) and post hoc enhancement (Li et al., 2023;
Chuang et al., 2024; Ju et al., 2024a). Benefit-
ing from advances in interpretability, some studies
have attempted to perform targeted interventions
on the behavior of specific attention heads based
on interpretability results. For example, Inference-
Time Intervention (ITI) (Li et al., 2023) proposes
that adding steering vectors to certain attention
heads can improve the faithfulness of model out-
puts, while Yin et al. (2024) propses to train the
steering vectors on downstream task and add them
to the hidden representations at selected heads. Our
work generally follows the “interpret-then-improve”
paradigm (Zhang et al., 2024b), where models are
not only being interpreted but also improved based
on the interpretability findings.

3 Task Definition and Dataset

3.1 Task Definition

For text-only VRU, the prompt P for LLMs and
VLMs can be formalized as:

n steps

P=1®0)®A1 00,0 A&---+A4,, (1)

where @ denotes the string concatenation operation,
I is the task instruction, Og, A; and O; describe

the initial observation, direction and angle of -th
viewpoint rotation, and the observation after ¢-th
rotation in the environment, respectively. Examples
are provided in Figure 1 and Appendix A. After the
final rotation A,,, models M are tasked to predict
the corresponding observation:

On = M(-| P). 2)

In Sec.4, we test 2 evaluation settings: directly
outputting the answer and think-then-answer.
For the former, we extract the first token gener-
ated by models as 5n For the latter, models are
asked to output the answers between <ans></ans>
tags after chain-of-thought (CoT), and the O,, is
extracted from the tags, detailed in Appendix B.2.

We adopt the accuracy of observation prediction
as the evaluation metric:

iend (03 0%)
o

Acc = 3)
where d(z, y) is an indicator function that equals 1
for z = y and 0 otherwise, |D| is the dataset size.

3.2 Dataset Details

For dataset synthesis, we construct a simu-
lated environment containing 100 objects that
may appear in real indoor rooms. The view-
point rotation angle 6 here is restricted to 6 €
{0°,90°,180°, 270°, 360° }, which ensures that, af-
ter rotating to the nearest adjacent viewpoint, ob-
jects observed in the previous view do not simulta-
neously appear in the rotated view, thereby avoid-
ing ambiguity in observation prediction. At ev-
ery step, model randomly rotates its viewpoint by
0 degrees to the left or right. If the model has
never visited the resulting viewpoint before, we
randomly sample one object from the 100 candi-
dates and present it as the observation. Otherwise,
we replay the previously observed object. After the
final action, the ground-truth of observation is set
as the object corresponding to the final viewpoint
orientation if the viewpoint is visited before other-
wise “unknown”. Finally, the constructed dataset
VRUBench consists of 19,591 instances, includ-
ing 4,614 samples with 2-step rotations, 4,977 with
3-step rotations, 5,000 each with 4-step and 5-step.

4 Evaluation

4.1 Experimental Settings

Since research on specialized spatial intelligence
models is still in its early stages, this paper pri-
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Models 2-step (%) 3-step (%) 4-step (%) 5-step (%) Avg. (%)
L2-7B-chat 5.44 17.22 26.24 25.64 18.90
L3.1-8b-Instruct 35.39 37.71 38.66 34.74 36.65
Q2.5-7B 58.00 41.33 36.18 33.28 41.89

LLMs Q2.5-14B 61.77 60.64 59.42 58.00 59.92
Q2.5-32B 88.56 74.20 67.54 62.28 72.84
Q3-4B (-thinking) 35.37 (43.84) 31.75 (45.69) 33.24 (45.66) 34.40 (43.84) 33.66 (44.77)
Q3-8B (-thinking) 41.66 (72.02) 38.22 (52.82) 40.66 (44.64) 43.56 (40.42) 41.02 (52.09)
Q3-32B (-thinking) 50.04 (81.32) 51.94 (63.69) 53.92 (49.44) 56.18 (39.32) 53.08 (57.99)
Q2.5-VL-3B 52.73 40.00 33.42 25.50 37.62
Q2.5-VL-7B 53.32 49.11 48.38 44.22 48.67

VILMs Q2.5-VL-32B 68.14 61.94 55.62 54.30 59.84
Q3-VL-4B (-thinking) 47.83 (50.65) 48.60 (45.11) 49.06 (40.30) 48.20 (36.98) 48.44 (43.11)
Q3-VL-8B (-thinking) 64.33 (85.57) 61.28 (62.38) 57.04 (55.48) 54.58 (50.94) 59.21 (63.16)
Q3-VL-32B (-thinking) 77.50 (97.90) 71.03 (96.44) 67.54 (96.16) 64.42 (95.82) 69.98 (96.55)
G3-Flash (-thinking)  84.15 (93.15) 77.22 (90.32) 73.17 (85.71) 69.73 (76.65) 75.91 (86.32)

Human Performance 100

100

100 100 100

Table 1: The accuracy of various LLMs and VLMs in ¢-step (¢ = 2, 3,4, 5) viewpoint rotation tasks. We also
compute the average accuracy (Avg.) to evaluate the overall performance. Due to table length constraints, we use L.
to denote LLaMA, Q to denote Qwen, and G to denote Gemini.

marily focuses on generic LLMs and VLMs. For
LLMs, we experiment with LLaMA2-7B-chat
(Touvron et al., 2023), LLaMA3.1-8B-Instruct
(Team, 2024), Qwen?2.5 series (Yang et al., 2024),
Qwen3 series (Yang et al., 2025a). For VLMs,
we test Qwen2.5-VL series (Bai et al., 2025b),
Qwen3-VL series (Bai et al., 2025a) and the lat-
est frontier model Gemini3-Flash (Google, 2025).
Besides, for Qwen3 and Qwen3-VL, which sup-
port reasoning mode, the results with the thinking
mode enabled are reported as “-thinking”, which
allows us to assess the impact of explicit rea-
soning on VRUBench. Further details are pro-
vided in Appendix B. To ensure fairness and con-
sistency, we strictly maintained uniform hyper-
parameter settings across all evaluated models.
Specifically, we adopted a greedy decoding strat-
egy for text generation, setting the temperature
to 0.0 and do_sample to False. Furthermore,
the generation length and thinking budget con-
straints are set as: when thinking was enabled,
the thinking_budget was set to 1024 (see Ap-
pendix B.2), and the max_new_tokens was capped
at 2048. In contrast, when thinking was dis-
abled, the thinking_budget was set to 0, and
max_new_tokens was strictly limited to 5. All
other hyperparameters not explicitly mentioned
were kept at their default configurations.

4.2 Results and Discussion

LLMs/VLMs vs. Human As shown in Table 1,
human can easily achieve 100% accuracy in VRU
while both LLMs and VLMs perform poorly. Con-
sidering that the VRU task represents only one of
the capabilities required for spatial intelligence, the
overall unsatisfactory performance in VRU indi-
cates that current models are still far from possess-
ing genuine spatial intelligence.

LLMs vs. VLMs Apart from the human evalua-
tion results, we also observe systematic differences
across model types, that is, VLMs generally outper-
form LLMs. This advantage is observed not only
across different model families (e.g., Qwen2.5-VL-
7B vs. LLaMA2-7B), but also consistently between
VLMs and their corresponding LLM backbones
sharing the same architecture (e.g., Qwen2.5-VL-
7B vs. Qwen2.5-7B). It demonstrates that although
no visual information is available at inference time,
VLMs trained with visual data still exhibit stronger
VRU ability than LLMs that have never been ex-
posed to visual data.

Takeaway I: Training with visual data
can benefit the performance in textual
spatial task.

10845



Notably, a very recent study(Guo et al., 2026)
has compared text-only vs. visual training on
more complex visual datasets. They converted 17
complex subtasks within visual-spatial intelligence,
e.g., navigation, embodied perception, into text de-
scriptions and compared the performance of LLMs
and VLMSs. The final results align perfectly with
our observations, that is, VLMs consistently out-
perform LLMs on these complex text-only spatial
tasks, which further demonstrates Takewaway I.

Reasoning vs. Non-reasoning Despite the
marginal improvement in some cases (e.g., Qwen3-
VL-8B-thinking outperforms Qwen3-VL-8B by
only 3.95), enabling the models to reason before
outputting answers generally leads to better per-
formance compared to directly outputting answers.
Appendix B.3 presents the model outputs when
enabling the reasoning mode. It can be observed
that, in this mode, models do try to reason based on
the viewpoint rotation description rather than just
follow templates in the data, which confirms the
genuine boost to VRU task performance provided
by the reasoning mechanism. Combining with the
findings in Yang et al. (2025b), which shows that
reasoning methods such as CoT are not effective
to improve the performance on visual-spatial in-
telligence, it further demonstrates the inherent dif-
ference between text-only and visual-based spatial
intelligence.

Effect of Scaling Law It can be observed that
the overall performance improves as the model
size increases, demonstrating that the scaling law
(Kaplan et al., 2020; Hoffmann et al., 2022) still
holds in the VRU task.

5 How Do VLMs and LLMs Simulate
Viewpoint Rotation?

The generally poor performance of both VLMs and
LLMs on the VRU task motivates us to investigate
how they internally simulate viewpoint rotation,
with the goal of identifying the underlying causes
of their limitations. Here, we primarily focus on the
mechanisms of intrinsic, implicit reasoning (i.e.,
under the “directly outputting answers” setting),
which has yielded a variety of valuable findings for
understanding model behaviors (Hanna et al., 2023;
Zhang et al., 2024b; Yu and Ananiadou, 2025).
Interpretability studies of the explicit reasoning
process such as CoT follow another line of research,
therefore fall outside the scope of this work. We

leave it as a future work.

5.1 Layer-wise Probing Analysis
5.1.1 Probing Method

We first adopt the probing method to investigate
whether models encode i) the direction and angle
at every rotation step, and ii) the absolute orien-
tation after each rotation. Specifically, we feed
each sample in the proposed dataset into LLMs
and VLMs, and extract the hidden representation
associated with the last token at each action A; (the
token is “\n”") from all layers, as illustrated in Fig-
ure 2(a). Subsequently, for the probing target i) and
ii), we annotate each representation with different
label respectively. For instance, when probing for
i), the label is the direction and angle described
in A;. As for ii), the label is the absolute orienta-
tion after A;. Data-label pairs for different probing
targets can be found in Appendix C.1.

Finally, we obtain the representations, denoted
as Ry where [ € {1,2, ..., L} indexes the layer, and
their corresponding direction/angle/orientation la-
bels Y. Then a linear 2 probing classifier F; is
trained to map each R; to labels Y. By measur-
ing the test set performance of F;, we can infer
the extent to which the hidden layer encodes the
direction/angle/orientation (Ju et al., 2024b, 2025).

5.1.2 Do Models Encode Direction & Angle?

As shown in Figure 2(b) and (c), the probing ac-
curacy for both direction and angle exceeds 99%
in most layers. It is not surprising since the infor-
mation of rotation direction and angle is explicitly
provided in A;, the models could aggregate the in-
formation by self-attention mechanism (Vaswani
et al., 2017) even when the texts about direction
(left/right) or angle (0/90/180/270/360) are tok-
enized into separate tokens (Yu and Ananiadou,
2024). In summary, LLMs and VLMs do encode
the rotation direction and angle at each step.

5.1.3 Do Models Encode Orientation?

Regrettably, when probing the absolute orientation
after the viewpoint rotation, as shown in Figure
2(b) and (c), both LLMs and VLMs struggle to
achieve high accuracy across all layers. However,
VLMs still exhibit overall better performance com-
pared to LLMs, which is consistent with the better

2We also explored non-linear probes such as MLPs in pre-
liminary experiments, but observed that the conclusions drawn
from probing were consistent with linear ones. Therefore, we
ultimately choose to use the linear probes. Check Appendix
C.2 for further clarification.
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Layer-wise Probing
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Figure 2: (a)-(c): [llustration of layer-wise probing and the probing results (direction/angle/orientation) on LLaMA2-
7B-chat and Qwen2.5-VL-7B. (d): Path patching results of Qwen2.5-VL-7B on proposed VRUBench. For each
head, a darker color indicates a larger causal effect, which also reflects the importance of the head in VRU.

performance of VLMs in VRU. It indicates that
the capability of encoding orientation is positively
correlated with the model’s final performance on
the VRU task. In brief, VLMs exhibit a stronger
ability to encode the information of absolute
viewpoint orientation than LLMs.

Another interesting observation is that the capa-
bility of encoding orientation within VLMs grad-
ually emerges in early-to-middle layers (1-20) but
diminishes in the later layers (21-28). Note that
orientation perception is only an intermediate step
toward predicting the final observation, i.e., there
remains a gap between orientation and the final an-
swer. The decrease in orientation probing accuracy
therefore suggests that a pattern shift may occur in
the middle-to-late layers. To verify this, we subse-
quently conduct a head-wise causal intervention to
uncover what happened in the later layers.

5.2 Head-wise Causal Intervention

5.2.1 Path Patching

Path patching is an interpretability technique that
tests the causal role of specific internal computa-
tion paths in a model by selectively replacing acti-
vations along those paths and observing the effect
on the output (Goldowsky-Dill et al., 2023; Zhang
and Nanda, 2024; Tigges et al., 2024). It typically
involves the following steps: 1) running model on
clean data D.; and corrupted data D.,,, 2) inter-
vening targeted head’s activation with corrupted
one while freezing others, 3) measuring the causal
effect after patching under specific metrics. Here,
we construct the corrupted data as flipping the rota-
tion direction at A, i.e., the last rotation step. And
the metric associated with causal effect is defined
as the logit difference between the answers of clean

data and corrupted data:
logit* = M(tcl ’ ) - M(tcor ‘ ')7 “4)

where * denotes the clean/corrupted/patched run,
ty and t.,, are the first token of the answer to
clean and corrupted data, respectively. Note that
when the answer does not change after flipping the
rotation direction, logit, will always be 0. To avoid
this, all the clean-corrupted data pairs that share the
same answers are filtered out. Finally, the causal
effect is defined as:

_ logity: — logite

P = - - 5
¢ logiteor — logity )
Q
Z“:1 ¢z
¢ = ==LE ©)
|€2]

where ¢; is the causal effect for i-th clean-
corrupted data pair, |€2| denotes the size of such
data pair after filtering, and ® represents the aver-
aged causal effect. More details about path patch-
ing are provided in Appendix D. For simplicity,
we primarily report the results of Qwen2.5-VL-7B
in following discussion, while the results of other
models can be found in Appendix E.

5.2.2 Key Heads Identification

Figure 2(d) depicts the results of path patching (i.e.,
®), where the intensity of the color reflects the
strength of causal effect. We can find that only a
small fraction of heads have a relatively significant
effect on the answer generation. In other words, the
key attention heads in VRU is particularly sparse,
which is consistent with previous findings (Zhang
et al., 2024b; Yang et al., 2025¢). More impor-
tantly, these key heads are mainly located in the
middle-to-upper layers (21-28) while the heads
in early layers almost exhibit zero causal effect.
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Figure 3: The VRU performance after knocking out
randomly-selected K heads (“random ablation”), and
ablating the top- K heads sorted by their causal effects.

Recalling that the information encoding viewpoint
orientation also declines after layer 20 (Section
5.1.3), it suggests that these key heads must play a
pivotal role in this process.

5.2.3 Validation

To further validate the faithfulness of the identified
key heads, we conduct additional validation experi-
ments by measuring the performance degradation
when knocking out these heads, and comparing it
with randomly knocking out. Settings of the knock-
ing out experiments are detailed in Appendix F.
Figure 3 illustrates the results after ablating the top-
k heads sorted by causal effect. It shows that, as
the key heads are gradually knocked out, the perfor-
mance drops significantly, while remaining stable
in random ablation. It demonstrates that the identi-
fied heads do play an important role in VRU task,
and have strong causal significance for VRU perfor-
mance. Given that the importance and faithfulness
of these heads have been validated, to uncover the
function of the identified heads during VRU, we
subsequently conduct an attention pattern analysis
to check what content the key heads attended to.

5.2.4 Attention Pattern Analysis

The sparsity of the key heads enables us to analyze
their attention patterns manually. Figure 4 visual-
izes the attention patterns with specific question of
the key heads identified by path patching. More
results about attention pattern are supplemented in
Appendix G. Regarding the function of these key
heads, it can be summarized as follows:

Proposal Head We find that the head 22.1 con-
sistently focuses on all the candidate answers in
prompts, including the token “unknown” when the
final answer cannot be determined based on the ob-
servation histories. In other words, such head acts
as a proposer that extracts all the possible answers
and delivers the results to subsequent components.

Answer Decision Head After receiving the can-
didate answers from 22.1, the answer decision head
26.14 and 23.11 (Appendix G) precisely increases
its attention to the chosen output (i.e., “plant”)
while simultaneously reducing attention to other
candidates (“unknown” and“trash_can”), resulting
in a pronounced focus on the final answer.

Unknown Head Surprisingly, even after the de-
cision heads have precisely focused on the final
answer, the subsequent heads do not directly main-
tain attention on the selected answer until the final
output. Instead, we observe that the head 27.14
exhibits a strong attention to the token “unknown”
just before the final layers. Moreover, we find that
when the model is instructed to output an alterna-
tive token (semantically unrelated) in cases where
the final observation cannot be determined, it loses
such special attention. But the same pattern re-
emerges when it is replaced with “/#I1iE”, the Chi-
nese translation of “unknown” (shown in Appendix
H). These observations demonstrate that the head
is not simply focusing on what to respond when
the answer is indeterminate. Instead, its distinc-
tive attention to “unknown” and “/A1iE” reflects,
to some extent, an inherent decision-making bias
of the head. That is, a preference for cautious re-
sponses that acknowledge uncertainty rather than
providing potentially incorrect definitive answers.
An evidence is that after ablating the head 27.14,
the overall proportion of outputting “unknown” sig-
nificantly drops from 65.78% to 40.73%. The
reason could be that after undergoing alignment
training, the demand of safeguard drives the model
to develop specialized attention heads that explic-
itly handle uncertainty by generating “unknown”
(Ding et al., 2025; Zhang et al., 2024a).

5.2.5 Answer Decision Mechanisms in VRU

In summary, the key heads in the later layers pri-
marily function as determining the final output, in-
dicating that the model transitions from viewpoint
orientation perception to answer selection in the
later layers. This finding supports the hypothesis
in Section 5.2.2 that a pattern shift does occur in
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Figure 4: The attention patterns of key heads within Qwen2.5-VL-7B, where the head index 26.14 represents the
14-th head in 26-th layer. The model’s output for above example is “plant”, the content on which the answer decision
head 26.14 focuses. For ease of visualization, the task description part in the prompt is omitted and replaced with (1.

the later layers, which also explains the decline of
orientation-probing accuracy in those layers.

Combining with the findings in Section 5.1.2
and 5.1.3, the overall internal mechanism by which
models perform the VRU task can be summarized
as follows: (1) shallow layers (sometimes even
a single layer) aggregate the information of the
rotation direction and angle at each step via self-
attention, (2) then early-to-middle layers progres-
sively process this information to infer the ab-
solute viewpoint orientation, and (3) finally, the
pattern of residual stream transforms from ori-
entation perception to answer decision through a
small subset of key attention heads at top layers.

Regrettably, the overall poor performance in
VRU demonstrates that the key heads struggle to
bind the perceived viewpoint orientation through
early-to-middle layer with the observation at that
orientation, resulting in hallucinated object selec-
tion conditioned on the perceived orientation.

6 Improving via Selective Fine-tuning

The poor performance in VRU demonstrates that
the key attention heads do not appear to be func-
tioning effectively for choosing the correct answers.
Therefore, we try to refine them by selective super-
vised fine-tuning (SFT). Specifically, selective SFT
updates the parameters (WIZJ/ Q/V/ o) of key heads
while freezing all other heads. We update the pa-
rameters of top-32 heads on constructed dataset fol-
lowing the same pipeline in Section 3.2 and more

details are supplemented in Appendix I.1.

Table 2 shows the results on proposed
VRUBench, along with an out-of-distribution
(OOD) spatial intelligence dataset SpinBench
(Zhang et al., 2025d), and generic ability bench-
mark MMLU (Hendrycks et al., 2021) and BBH
(Srivastava et al., 2023). With fewer tuned parame-
ters, selective SFT achieves enhanced performance
on spatial intelligence with only 50% GPU hours
compared to full SFT, while simultaneously pre-
serving the generic abilities. Regrettably, full SFT
would cause catastrophic forgetting of generic abil-
ities despite the improvements in spatial intelli-
gence. We provide additional discussion and anal-
ysis of catastrophic forgetting under full SFT in
Appendix [.2. Importantly, it is noteworthy that
selective SFT with only fextual data even improves
the performance on a visual-spatial dataset Spin-
Bench, which implies that:

Takeaway II: Training with textual data
provides transferable benefits for visual
task performance.

Combining with Takeaway I, it demonstrates
that the learning in visual and textual modalities
can mutually enhance each other, which is consis-
tent with the dual-coding theory—the idea that lin-
guistic and visual processing are distinct yet com-
plementary (Clark and Paivio, 1991).
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Spatial Intelligence Generic Ability
VRUBench SpinBench* MMLU* BBH*
Models Train Tuned Ace. A Ace. A Ace. A Acc. A
Speed Params.

Qwen2.5-VL-3B - - 37.6 - 46.7 - 62.5 - 255 -
+ Full SFT 10sam./sec. 3.0B 88.5 +50.9 462 -05 61.5 -1.0 19.7 -5.8
+ Selective SFT 18sam./sec. 0.03B  80.1 +42.5 47.0 +03 62.9 +04 26.2 +0.7

Qwen2.5-VL-7B - - 48.7 - 448 - 60.3 - 492 -
+ Full SFT Ssam./sec. 7.0B 96.3 +47.6 473 425 55.6 -4.7 35.8-134
+ Selective SFT 11sam./sec. 0.06B  78.7 +30.0 484 +3.6 60.3 +0.0 48.4 -0.8

Table 2: Overall performance of selective and full fine-tuning. * represents OOD dataset.

7 Conclusion

In this paper, we focus on a fundamental and criti-
cal ability in spatial intelligence: viewpoint rotation
understanding (VRU). Firstly, we propose a syn-
thized dataset to benchmark the VRU capability
of both VLMs and LLMs, which yields limited
performance. Through layer-wise and head-wise
interpretability analysis, we not only uncover the
internal mechanisms about how models performs
VRU without vision, but also identify a small sub-
set of attention heads that play a key role in this
process. Beyond interpretability, the enhanced per-
formance by selectively fine-tuning the key heads
further demonstrates the potential of our findings in
model improvement. Our work serve as an initial
mechanistic interpretability of spatial intelligence,
laying a solid foundation for future studies on more
complex tasks in spatial intelligence.

Limitations

This work conducts comprehensive interpretabil-
ity studies and provides valuable insights for the
spatial intelligence capability of current LLMs and
VLMs. Despite these, there are still some limita-
tions of our work, which could be summarized
into the following two aspects. Firstly, LLMs
and VLMs are demonstrated to be sensitive to the
prompt phrasing, exploring the sensitivity in VRU
task may yield additional findings. However, this
falls beyond the primary scope of this paper, thus
we leave it for future works. Secondly, due to com-
putational resource constraints, the selective and
full fine-tuning were conducted on models no larger
than 7B. We hope that future research could extend
it to larger-scale models.

Ethics Statement

This paper explores the mechanisms underlying
a textual-spatial intelligence ability and proposes
to improves it with selective fine-tuning. The 100
objects used in constructing the proposed dataset,
VRUBench, are manually reviewed to ensure that
they do not contain any personally identifying in-
formation or malicious content. Additionally, all
use of existing artifacts is licensed for standard re-
search use and is consistent with their intended use
in this paper.

The inner mechanisms uncovered in this paper
provide insight for understanding model behaviors
in spatial intelligence. Nonetheless, the findings
in this paper may be misused to maliciously ma-
nipulate model behavior at inference time, thus we
emphasize the importance of monitoring LLMs’
behavior during inference. Furthermore, we do not
see any other potential risks.
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A Samples From VRUBench

2-step rotation

content:

You are standing inside a room and
can observe objects from your current
viewpoint. You will take actions to rotate
your viewpoint to the left or right, after
which both your viewpoint and the objects
in view changes accordingly. The actions
taken are specified by “Action:”, and the
corresponding objects you see are specified
by “Observation:”. After taking the final
action, predict the resulting observation.
If the observation after the final action
cannot be determined based on previous
observations, output unknown.

Initial Observation: avocado

Action: Turn to the right by 270 degrees
Observation: router

Action: Turn to the left by 90 degrees
Observation:

ground-truth: unknown
Qwen2.5-VL-7B: unknown

\

3-step rotation

content:

< task description >

Initial Observation: receiver

Action: Turn to the right by 180 degrees
Observation: clock

Action: Turn to the left by 180 degrees
Observation: receiver

Action: Turn to the right by 0 degrees
Observation:

ground-truth: receiver
Qwen2.5-VL-7B: clock

\.

4-step rotation

content:

< task description >

Initial Observation: plate

Action: Turn to the left by 90 degrees
Observation: faucet

Action: Turn to the right by 180 degrees
Observation: wardrobe

Action: Turn to the left by 360 degrees
Observation: wardrobe

Action: Turn to the left by 90 degrees
Observation:

ground-truth: plate
Qwen2.5-VL-7B: unknown

\

5-step rotation

content:

< task description >

Initial Observation: avocado

Action: Turn to the right by 270 degrees
Observation: router

Action: Turn to the left by 90 degrees
Observation: remote

Action: Turn to the right by 0 degrees
Observation: remote

Action: Turn to the right by 180 degrees
Observation: avocado

Action: Turn to the right by 270 degrees
Observation:

ground-truth: router
Qwen2.5-VL-7B: router

B Evaluation Details

B.1 System Prompt

For the prompt template, we utilize the default
system prompts of LLaMA, Qwen models. For
instance, the final messages for Qwen2.5-VL-7B
are as follows:

n,on

"role": "system"

"content":

"You are a helpful assistant"
"role": "user"
content:

< task description >

< Actions and Observations >

\

B.2 Implementation Deatails of Reasoning
Mode

When the reasoning mode of Qwen3 and Qwen3-
VL is enabled (denoted as “-thinking” in Table 1),
the hyperparameter thinking_budget is set to 1024,
indicating that Qwen3 models generate their rea-
soning content of up to 1024 tokens between the
<think> and </think> tokens before producing
the final answer. As specified in Section 3.1, in or-
der to accurately extract the final answer generated
by models, we instruct Qwen3 and Qwen3-VL to
output their answers between <ans></ans> tags:
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Prompt for think-then-answer

n,on

"role": "system"

"content":

"You are a helpful assistant"
"role": "user"

content:

You are standing inside a room and
can observe objects from your current
viewpoint. You will take actions to rotate
your viewpoint to the left or right, after
which both your viewpoint and the objects
in view changes accordingly. The actions
taken are specified by “Action:”, and the
corresponding objects you see are specified
by “Observation:”. After taking the final
action, predict the resulting observation.
If the observation after the final action
cannot be determined based on previous
observations, output unknown. Output
your final answer wrapped in <ans> and
</ans> tags.

< Actions and Observations >

We evaluate most of the models in Table 1 us-
ing the official Qwen API, except Qwen3-VL-4B
(-thinking), for which no official API is available.
When running Qwen3-VL-4B locally, we modify
the prompt as follows, using the official implemen-
tation designed to elicit the reasoning capability
of Qwen3 models (Yang et al., 2025a; Bai et al.,
2025a):

Prompt for Qwen3-VL-4B

"n,oon

"role": "system"

"content":

"You are a helpful assistant"
"role": "user"

content:

/think You are standing inside a room ...
Output your answer between <ans></ans>

tags.

< Actions and Observations >

To control the length of thinking, we reproduced
the implementation related to the thinking_budget
hyperparameter, where the model is forced to termi-
nate the thinking phase by inserting the </think>
token to generated content once the thought content
reaches a length of 1024 tokens.

B.3 Reasoning Examples

Figure 12-13 present the results when thinking
mode is enabled. It can be observed that the mod-
els extract information from input and try to solve
the problems from a mathematical perspective, ul-
timately leading to the improved performance in
Table 1.

B.4 Human Performance

The human performance in Table 1 are obtained
from manual assessments conducted by twenty vol-
unteers who are master students. We randomly
sample 10,000 cases from the proposed VRUBench
and invite a pool of 20 human evaluators. To en-
sure reliability, every single case was independently
evaluated by two different annotators. That is, each
annotator is responsible for 1,000 cases. We eval-
uated the consistency of the human responses and
achieved a Krippendorff’s Alpha (Krippendorff,
2011) of 1.0, which strongly demonstrates the inter-
annotator reliability.

C Layer-wise Probing

C.1 Dataset for Probing

For probing direction (the probing label is shown
after >):

Labels for Probing Direction

content:

< task description >

Initial Observation: avocado

Action: Turn to the right by 270 degrees
> right

Observation: router

Action: Turn to the left by 90 degrees

> left

Observation:

For probing angle:

Labels for Probing Angle

content:

< task description >

Initial Observation: avocado

Action: Turn to the right by 270 degrees
> 270°

Observation: router

Action: Turn to the left by 90 degrees

> 90°

Observation:
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(a) LLaMA3.1-8B (b) Qwen2.5-7B

(c) Qwen2.5-VL-3B (d) Qwen3-VL-4B

Figure 5: The probing results of other LLMs and VLMs.

For probing orientation:

Labels for Probing Orientation

content:

< task description >

Initial Observation: avocado

Action: Turn to the right by 270 degrees
> 270°

Observation: router

Action: Turn to the left by 90 degrees

> 180°

Observation:

When training the probes, direction predic-
tion is formulated as a binary classification task
(left/right), angle as a 5-way classification task
(0° /90° /180° /270° /360° ), and orientation as
a 4-way classification task (the four cardinal direc-
tions, indexed with 0° /90° /180° /270° ). We train
each probe three times and report the mean and
standard deviation of the results in Figure 2 and 5.

C.2 Probing Architecture

In the main experiments of probing, we utilize lin-
ear classifiers as probes to explore whether LLMs
and VLMs encode direction/angle/orientation,
Here, we provide further clarification about the
choice of linear probes rather than non-linear ones.

Theoretically, linear probes impose a minimal
inductive bias and therefore serve as a more faithful
diagnostic of what is already encoded in the rep-
resentation (Alain and Bengio, 2018). In contrast,
non-linear probes may introduce extra expressive
capacity that allows the probe to solve the task inde-
pendently, thereby confounding the interpretation
of probing accuracy as evidence of representational
content.

Empirically, in our preliminary experiments, we
find that although non-linear probes could improve
the overall probing accuracy across various LL.Ms

and VLMs, the conclusions drawn from the prob-
ing keep consistent with linear probes. For in-
stance, the probing accuracy of LLaMA2-7B and
Qwen2.5-VL-7B in Figure 2 would increase simul-
taneously when probing with MLPs. However, the
overall accuracy of Qwen2.5-VL-7B still outper-
forms LLaMAZ2-7B, and increases across layers 1-
20 while declining over layers 21-28, which aligns
with the findings using linear probes (Section 5.1).
That is, non-linear probes do not affect the con-
clusion of probing, which is also consistent with
findings in previous study (Ju et al., 2025).

Therefore, based on aforementioned theoretical
and empirical analysis, we ultimately opt to use
linear probes during the main experiments.

C.3 Probing Results on Other LLMs and
VLMs

The probing results of other LLMs (LLaMA3.1-
8B and Qwen2.5-7B) and VLMs (Qwen2.5-VL-3B
and Qwen3-VL-4B) are shown in Figure 5, which
exhibit consistent observations with Figure 2.

D Details about Path Patching

Transformers (Vaswani et al., 2017) can be concep-
tualized such that the residual connections form
the main information pathway (the residual stream,
illustrated in Figure 6), while the attention modules
and MLPs act as bypass pathways that add their
computations to the residual stream. Path patch-
ing is a causal intervention technique designed to
identify and quantify the contribution of specific
internal computational pathways to a model’s fi-
nal prediction (Goldowsky-Dill et al., 2023; Wang
et al., 2023). The core idea is to treat internal
components (e.g., attention heads, MLP blocks,
or residual streams) as nodes in a computational
graph and to test whether information transmitted
along two nodes (Sender — Receiver) is causally
responsible for the model’s behavior.
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Figure 6: An illustration of the practical application of path patching.

Clean data:
[task description]
Initial Observation: wallet

Tntroduce Perturbation:
[task description]
Initial Observation: wallet

Clean data:
[task description]

Initial Observation: wallet

Action: Tumn to the right by 90 degrees
Observation: pan

Action: Tun to the right by 90 degrees
Observation: window

Action: Tun to the left by 90 degrees
Observation: pan

Action: Turn to the left by 90 degrees
Observation:

Action: Turn to the right by 90 degrees
Observation: pan

Action: Turn to the right by 90 degrees.
Observation: window

Action: Tum to the left by 90 degrees
Observation: pan

Action: Turn to the left by 90 degrees
Obscrvation:

.
i
|

Action: Turn to the right by 90 degrees | !

Observation: apple i
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Observation: pan <= Conflict! !
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Observation: !

i
round truth: wallet '
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Clean data:
[task description]
Initial Observation: wallet

Corrupted data:
[task description]
Initial Observation: wallet

Tntroduce Perturbation:
[task description]

Initial Observation: wallet
Action: Turn to the right by 90 degrees
Observation: pan

Action: Turn to the right by 90 degrees
Observation: window

Action: Tumn to the left by 90 degrees
Observation: pan

Action: Turn to the left by 90 degrees
Observation:

Action: Turn to the right by 90 degrees.
Observation: pan

Action: Turn to the right by 90 degrees.
Observation: window

Action: Turn to the left by 90 degrees
Observation: pan

Action: Turn to the right by 90 degrees
Observation:

.
'
|

Action: Tum to the right by 90 degrees | !

Observation: apple '

Action: Turn to the left by 90 desrees !

Observation: window <— Conflict! i

Action: Turn to the left by 90 degrees '

Observation: pan '

Action: Turn to the right by 90 degrees

Observation: !

i

i

round truth: wallet round truth: wallet round truth: window

(a) Perturbing the observation

(b) Perturbing the direction at early step (c) Perturbing the direction at last step

Figure 7: Perturbing the observation (a) or rotation direction at early step (b) could introduce logical inconsistencies
in the textual description. Hence, we perturb the rotation direction at the last step to avoid such conflicts and

construct the clean-corrupted data pairs (c).

Formally, given a clean input d.; and a corrupted
input dcor, path patching performs controlled inter-
ventions on selected intermediate activations while
holding all other components fixed, as depicted in
Figure 6. Let h denote a Sender node (e.g., an at-
tention head) and y denote a Receiver node (e.g.,
the output logits). The goal is to determine whether
information flowing along the path h — y is neces-
sary for producing the observed output.

The procedure consists of three main steps:

Activation collection. The model is first run on
both d.; and d.,, and the activations of all relevant
internal components are recorded. These cached
activations serve as sources for later interventions.

Selective intervention. A hard intervention is
applied to the sender node & by replacing its activa-
tion on d.; with the activation on d..,., where the ef-
fect will be further propagated to the Receiver node
along with a set of computational paths. Simul-
taneously, all other components not on the tested
path are frozen to their activations under d.;. This
isolates the causal effect of the sender node by en-
suring that the only information differing between
the two runs flows through the designated path.

Effect measurement. The modified activations
are propagated forward through the network to pro-
duce new output logits. The causal importance of
the path » — y is then quantified by the causal
effect metrics (e.g., Eq.6). If intervening on A in-
duces a substantial change in the output while all
other components remain fixed, this provides evi-
dence that the path h — y is causally important for
the model’s computation on the task.

E More Results of Path Patching

We further report the results of path patching on
LLaMA2-7B-chat, Qwen2.5-7B and Qwen2.5-VL-
3B in Figure 8. It can be observed that these models
with different model families and sizes exhibit sim-
ilar path patching results presented in Section 5.2.2,
where key heads are distributed sparsely and in the
middle-to-upper layers.

For the construction of corrupted data, path
patching generally aims to apply minimal pertur-
bation to the clean input, and ideally, such pertur-
bations should preserve the token length to ensure
comparability of internal activations. In our dataset,
two elements are theoretically perturbable: the ro-
tation (angle and direction) and the object being
observed. However, rotation angles such as 0, 90
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Figure 8: The results of path patching on other models.
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Figure 9: Attention pattern of answer decision head 23.11, which exhibits similar attention to another answer

decision head 26.14.

and 180° may be tokenized into sequences of differ-
ent lengths, violating the token-length consistency
requirement. Perturbing the observed object at any
step risks introducing semantic contradictions (Fig-
ure 7(a)), and altering the rotation direction in ear-
lier steps can similarly result in inconsistencies
across the sequence (Figure 7(b)). To mitigate these
issues, we choose to perturb the rotation direction
in the final step when constructing corrupted inputs
for path patching (Figure 7(c)).

To identify critical components, we iterate over
all attention heads as Sender nodes and set the
output logits as the Receiver node. The causal ef-
fect is computed as the changes in the output logit
of ground-truth token (Eq.6). Paths that result in
a large causal effect are interpreted as essential
contributors to the model’s decision, and the cor-
responding Sender nodes, i.e. attention heads, are
considered as key heads in VRU.

F Ablation Experiments

In Section 5.2.3 and 5.2.4, we ablate the top-k
key heads and the Unknown Head to validate the
faithfulness of identified key heads and the func-
tion of Unknown Head, respectively. In prac-
tice, we utilize the Undifferentiated Attention
method (Zhou et al., 2025) for ablation, where the
parameter matrices Wy, Wo, Wy, W are mul-
tiplied by a very small coefficient € to achieve

ablation. Specifically, W};, Wé, W‘i,, and W(i)
are split into H blocks [Wj’l, Wi’Q, - Wf’H],
with each submatrix corresponding to an individ-
ual head. Here, H is the number of attention
heads at each layer, WIZ{] / Wéj / W‘l/ e R,
ng € ]R% *d where d is the dimension of hidden
representations. For ablation, the parameter ma-
trix Wi /Wg' /Wy /W' is multiplied by a very
small coefficient e to diminish the contribution of a
specific head in the forward computation (shown
in Algorithm 1).

Algorithm 1 Attention Head Ablation

1: Require: Model M, input X, index of heads
to be ablated ¥, Wy = Wk /v/0
Output: model output C
for (i,j) € ¥ do

Wg’j — € Wg’j
end for > Undifferentiated Attention
C + M. forward(X)

AN A R ol

G More Attention Pattern Cases

The attention pattern of answer decision head 23.11
is supplemented in Figure 9. And more attention
pattern cases are presented in Figure 14-16, where
these heads exhibit consistent behaviors with those
observed in Figure 4.
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(c) Replace “unknown” with Chinese translation of “unknown”

Figure 10: Attention pattern cases of unknown head when the words “unknown” is replaced with other alternative
tokens. The head no longer exhibits strong attention to semantically unrelated replacements such as “sad” or
“cannot.” However, when “unknown” is replaced with its Chinese translation (“xiﬂﬁ”), which has the same
semantic, the head again shows a similarly high level of attention to “/NAIIE”.

H Unknown Head with Alternative Token

As discussed in Section 5.2.4, we instruct the mod-
els to output other words instead of “unknown”
when the final observation cannot be determined
by previous observations, in order to comprehen-
sively understand the mechanisms of the Unknown
Head 27.14. As shown in Figure 10, when the
word “unknown” is replaced with semantically un-
related tokens, the head 27.14 does not keep the
same particular attention on the alternative tokens,
but keeps a high attention to “/11E”, reasonably
demonstrating the function of the unknown head
as discussed in Section 5.2.4. That is, the head in-
deed encodes a cautious response strategy, namely,
acknowledging that the answer is unknown rather
than simply attending to the token when the answer
cannot be determined based on observation history.

I Details of Selective Fine-tuning

I.1 Experimental Details

Algorithm Firstly, we split the parameter matri-
ces Wi Jqv/o into H blocks, which is similar
to head ablation in Appendix F. To achieve se-
lective fine-tuning, only the parameter matrices
W[Z(J/Q Jv/o @ssociated with key attention heads i.j
is set to tunable, while while freezing all other pa-
rameters. Following Yu et al. (2024); Zhang et al.
(2024b), we rescale the gradients by a factor of £,

where H denotes the total number of heads in each

Methods | Viewpoint | OR | FR | OI

Full SFT | 473 |51.06 |31.91 | 86.49
Selective

SFT 484 |53.19|43.62(91.43

A | 110|213 [11.70] 5.41

Table 3: The results of Qwen2.5-VL-7B on various
sub-tasks of SpinBench, which exhibits consistent im-
provements. OR, FR, OI denote Object Rotation, Face
Rotation, and Object Identity respectively.

layer and h denotes the number of heads updated
in that layer.

Dataset As specified in Section 6, the construc-
tion of training set for selective and full SFT fol-
lows the pipeline in Section 3.2, resulting in a train-
ing set comprising 19,641 samples. It consists of
4,961 2-step samples, 4,954 3-step samples, 4,996
4-step samples and 5,000 5-step samples, which is
distinct from the test set VRUBench. As for an-
other spatial intelligence benchmark SpinBench,
we extract the tasks related to viewpoint as the
evaluation set, which matches the research scope,
i.e., viewpoint rotation understanding, in this work.
Additionally, Table 3 shows the results on extra sub-
tasks of SpinBench. The selective SFT achieves
consistent improvements not only on the viewpoint
subset but also across other visual-spatial subtasks,
which demonstrates the robustness of OOD gains
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(b) Qwen2.5-VL-7B after full SFT

Figure 11: The results of path patching before and after full fine-tuning.

and further verifies Takeaway II.

Hyperparameters During selective and full SFT,
we adopt Adam (Kingma and Ba, 2015) as the
optimizer with an learning rate of 2 x 10~5. Models
are trained with a batch size of 32, warm up ratio
of 0.02 and weight decay of 0.1 for one epoch.

1.2 Further Discussion about Table 2

It is noteworthy that under selective SFT, although
both Qwen2.5-VL-3B and Qwen2.5-VL-7B are
trained with top-32 heads, Qwen2.5-VL-3B with
smaller size surprisingly outperforms the 7B model
after selective SFT. The reason could be that the
7B model consists of 28 x 28 = 784 heads while
3B model only contains 36 x 16 = 576 heads,
thus 32 fine-tuned attention heads account for a
lower percentage of the total heads in the 7B model.
Therefore, the results do not contradict the scaling
law (Kaplan et al., 2020; Hoffmann et al., 2022).
Another evidence is that the 7B model continues to
outperform the 3B model under full fine-tuning.
Furthermore, we also take efforts in analyzing
the catastrophic forgetting of generic ability after
full fine-tuning in Table 2. As shown in Figure 11,
we compare the causal effect (i.e., the importance
in VRU) of each head before and after full fine-
tuning. It can be observed that more heads emerge
as key heads for VRU after full SFT, and some
heads with relatively low importance also become
prominent after full SFT. Prior studies have shown
that a single attention head can simultaneously con-
tribute to both general capabilities and task-specific
functions (e.g., VRU) (Wei et al., 2024). Therefore,
the importance changes observed in Figure 11 in-

dicate that the model transforms general-purpose
heads into ones specialized for VRU, thereby re-
sulting the extremely high performance in VRU.
On the other hand, it also explains the degradation
in general capabilities after full SFT.

J Computational Budget

All the experiments mentioned in this paper, includ-
ing the probing analysis, path patching, selective
fine-tuning, are conducted on 2 NVIDIA A800
80GB GPUs.
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1st Reasoning Example

Input:

Initial Observation: window

Action: Turn to the right by 180 degrees

Observation: mirror

Action: Turn to the left by 180 degrees

Observation: window

Action: Turn to the right by 180 degrees

Observation:

(GT: mirror)

Qwen3-8B: (pred: mirror) v/

Okay, let’s try to figure out what the next observation should be...

after two turns (right and left), you’re back to the original position. So if you turn right again,
maybe it’s the same as the first turn...

the previous time when you turned right from window, you saw mirror. So this seems like the same
scenario. Therefore, the observation should be mirror again.

Qwen3-VL-8B: (pred: mirror) v’

Okay, let’s try to figure this out step by step. Let me read through the initial problem again.
...(restate the question)...

Let’s model the direction as angles...So a right turn of 180 degrees would be rotating 180 degrees
clockwise. Similarly, left is counterclockwise.

So, starting direction: 0 degrees (east).

Action 1: Turn right 180 degrees — 0 + 180 = 180 degrees (west). Observation: mirror.

Action 2: Turn left 180 degrees. Left turn is counterclockwise, so subtract 180. 180 - 180 =0
degrees (east). Observation: window.

Action 3: Turn right 180 degrees. 0 + 180 = 180 degrees (west). Observation: mirror.

Yes, same!

Figure 12: 1st reasoning example.
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2nd Reasoning Example

Input:

Initial Observation: cabinet

Action: Turn to the right by 90 degrees

Observation: window

Action: Turn to the right by 0 degrees

Observation: window

Action: Turn to the right by 90 degrees

Observation:

(GT: unknown)

Qwen3-8B: (pred: unknown) v/

Okay, let’s try to figure out what the next observation should be ...

Let me think: if we imagine the room as having four sides, each 90-degree turn would cycle
through four directions. But the problem is that we only have two observations so far. Maybe the
next observation is a different object. However, without more information, it’s hard to tell. But
wait, the user says that if the observation cannot be determined, output unknown.
Qwen3-VL-8B: (pred: heater) x

Okay, let’s see. So the problem is about ...

So if they were facing the window (say, east), turning right 90 degrees would point them south.
What’s south of the window? Well, depending on the room’s layout. But wait ...

So final observation may be heater.

Figure 13: 2nd reasoning example.

(¢) Unknown Head 27.14

Figure 14: Example 1 (attention pattern). Model output: console.
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(a) Proposal Head 22.1

(c) Unknown Head 27.14

Figure 15: Example 2 (attention pattern). Model output: dehumidifier.

(a) Proposal Head 22.1

(b) Answer Decision Head 26.14

(c) Unknown Head 27.14

Figure 16: Example 3 (attention pattern). Model output: bathtub.
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