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ABSTRACT they typically assume a single fixed camera view. Conversely, multi-
Multi-view perception is expected to enhance autonomous agent view approaches (common in 3D reconstruction and classification
understanding, yet effective information integration across views (16, 20, 27]) have rarely been coupled with language output [10, 19],
remains unresolved. This work examines an LLM-based synthe- leaving open questions about how viewpoint aggregation affects
sis strategy where VLM-generated captions from multiple view- semantic grounding.
points are aggregated into a unified description. We evaluate this In this paper, we reframe object description as an active, agent-
approach against single-view, naive average, and oracle baselines driven process. We systematically evaluate distinct perceptual strate-
using real-world and domain-shifted 3D-printed datasets. Results gies representing a gradient of agent complexity: relying on a fixed
demonstrate that synthesis successfully combines complementary canonical view; actively seeking an optimal "consensus’ viewpoint;
information when per-view captions are reliable; however, under and intelligently synthesizing information from all views into a
domain shift, the strategy degrades substantially, often underper- holistic description using a Large Language Model (LLM). We stress-
forming the static baseline. These findings highlight the brittleness test these strategies on real-world tools and domain-shifted 3D-
of current aggregation methods and the critical need for robust printed objects to answer three research questions: (1) To what
information-fusion mechanisms in robotic perception. extent can active perception improve accuracy over a fixed per-
spective? (2) Can intelligent synthesis outperform the single most
KEYWORDS informative view? (3) How do these strategies affect robustness
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Views, More Problems? A Critical Analysis of Multi-View Aggregation Our approach systematically evaluates how different agent per-
for Agent Perception: Extended Abstract. In Proc. of the 25th International ceptual strategies affect object description accuracy. We utilize a
Conference on Autonomous Agents and Multiagent Systems (AAMAS 2026), Franka Emika Research 3 robot with an eye-in-hand Intel RealSense
Paphos, Cyprus, May 25 — 29, 2026, IFAAMAS, 3 pages. https://doi.org/10. D435i camera to collect data. The dataset O (|O| = N) is partitioned
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into two subsets: Oy, (real-world tools) and Osp (3D-printed repli-
cas), allowing us to test robustness against domain shift. For each
object o, we capture two sets of visual data: a single static top-down

1 INTRODUCTION

Understanding and describing visual scenes is a fundamental ca- View 0;0p, and a set of M views V, acquired from a hemispherical
pability for autonomous agents, particularly in Human-Robot Col- trajectory [10], segmented using SAM2 [24].

laboration scenarios where shared understanding is essential [2, 7,

11, 32]. The emergence of Vision-Language Models (VLMs) offers a 2.1 FEvaluation Strategies

promising pathway for equipping robots with this ability [3, 25], al-
lowing them to ground high-level instructions and translate visual
data into human-understandable descriptions and physical actions
[1, 12, 21, 34].

However, a critical gap exists between the static benchmarks
on which these models are trained and the dynamic reality of an

We define Myym as the Vision-Language Model acting as the
agent’s perception module, and M 1y as the Large Language Model
used for aggregation. The quality of a generated caption ¢ is mea-
sured against a ground truth ¢ using a scoring metric S(c, ;). We
evaluate four strategies:

embodied agent [13, 18, 28]. In the physical world, single view- (1) Static Canonical View (Siop): Models a static agent using
points are often insufficient due to occlusion, ambiguous angles, only the fixed top-down view Siop(0) = S(MyLa(vt0p), €5)-
or poor lighting [8, 14, 17]. While recent robotic approaches have (2) Best Consensus View (Spest): Models an active agent seek-
successfully integrated language models for manipulation [1, 30], ing the optimal viewpoint. To avoid metric-specific bias, we
Thi§ work is l'icensed under a Creative Commons Attribution Inter- 1?5:::2;::;32?;5;18 (:\Z:‘fltlllzlt’ll;;fﬁ?;i:i;ittizgti’lllgfh; loirilCe-
BY national 4.0 License.
with the best aggregate rank Spest(0) = S(cconsensus (0), €})-
Proc. of the 25th International Conference on Autonomous Agents and Multiagent Systems (3) Average Single—View (Savg): Quantiﬁes the naive use of

(AAMAS 2026), C. Amato, L. Dennis, V. Mascardi, J. Thangarajah (eds.), May 25 — 29, lti-vi data b . £ 1 ~
2026, Paphos, Cyprus. © 2026 International Foundation for Autonomous Agents and muiti-view data by averaging pertormance across all cap
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Figure 1: Comparison of Top-view, Average, Consensus, and Aggregated strategies. For visualization purposes, CIDEr has been
rescaled by 10, and BARTScore/GPTScore have been rescaled by -10 (where lower is better).

(4) Multi-View Synthesis (Sagg): Our proposed strategy where
an LLM synthesizes a holistic description from the set of all
per-view captions C, = {Mym(v;)}

Sagg(o) = S(MLLM(CO)’ C;)~

To assess overall effectiveness, we compute dataset-level metrics
by averaging per-object scores: S = \O_le Yoco, Sy(0), where x €
{real, 3D} and y is the strategy.

2.2 Implementation

We evaluated a range of state-of-the-art VLMs, including Qwen
2.5 VL [5] and GPT-4.1 [22], prompted to provide concise physi-
cal descriptions. For the synthesis strategy (S.gg), GPT-4.1 acts as
the aggregator, instructed to resolve conflicts and select the most
precise details from the noisy candidate set C,. Performance is
measured using a comprehensive suite of metrics: lexical (BLEU
[23], ROUGE [15], METEOR [6], CIDEr [29]), scene-graph based
(SPICE [4]), and embedding-based (BERTScore [33], BLEURT [26],
BARTScore [31], GPTScore [9]) to capture both surface-level and
semantic accuracy.

3 EXPERIMENTS & RESULTS

Our first experiment quantified the robustness of VLMs to physical
domain shift by comparing performance on real-world tools (Oreal)
versus 3D-printed replicas (Osp). We defined the performance gap
as ASp = Strsgl - St3£). Our evaluation revealed that performance
degrades consistently across all models when moving to the 3D do-
main, primarily due to the loss of texture and material cues. Lexical

metrics (BLEU, ROUGE) often failed to capture semantic accuracy,
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punishing valid paraphrases, whereas semantic metrics (SPICE,
BERTScore) proved more robust. Based on these results, Qwen 2.5
VL [5] and GPT-4.1 [22] were identified as the top-performing open
and closed-source models respectively and were selected for the
subsequent multi-view experiments.

We evaluated whether active perception improves description
quality by comparing the Consensus strategy (Spest), Naive Averag-
ing (Savg), and LLM Synthesis (S,4g) against the Top-view baseline.
Analysis of the consensus strategy showed that actively seeking
the optimal viewpoint (Spest) yields consistent improvements. For
Qwen 2.5 VL on real objects, scores strictly improved for up to
70% of the dataset compared to the static top view. For instance,
the consensus view allowed the model to correctly identify “metal
tweezers” (SPICE=1.0) where the top view saw only generic “metal
tongs” (SPICE=0.0).

In contrast, Naive Averaging (Savg) proved detrimental. As il-
lustrated in Figure 1, averaging indiscriminately fuses noise from
suboptimal angles, often resulting in scores lower than the single
top-view baseline. The LLM-based synthesis strategy (Sag,) gener-
ally outperformed naive averaging but failed to match the oracle-
like Consensus baseline. While aggregation can refine details (such
as correcting “red and yellow pliers” to “insulated combination pli-
ers”) it is prone to errors, especially under domain shift. In the 3D
dataset, GPT-4.1 aggregated noisy captions into hallucinations like
“Black three-blade boat propeller” for a wing nut, causing significant
metric drops. This indicates that while synthesis stabilizes output,
it currently lacks the grounding necessary to reject consistent but
incorrect visual evidence in ambiguous scenarios.
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