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Abstract. Vision-Language Models (VLMs) deployed as situated agents
in high-resolution visual environments require active perception — the
ability to dynamically decide where to look through operations like zoom-
ing, cropping, and panning. However, current training paradigms pro-
duce models that mimic the surface form of such operations without
functionally depending on their outputs, a phenomenon we term lazy
perception. We trace this to a fundamental learning asymmetry: when
coarse global views combined with language priors suffice for moderate
accuracy, the model has no incentive to learn harder multi-step visual
search. If a model can succeed without actively looking, it will never
learn to look. This motivates Starve to Perceive, a training paradigm that
constrains visual bandwidth — restricting each observation to a tight to-
ken budget so that no single view suffices for task completion, thereby
strongly incentivizing strategic and efficient active perception. Despite
requiring no auxiliary losses, reward shaping, or architectural changes
— serving as a minimal, plug-in modification to standard post-training
pipelines — models trained under perceptual starvation achieve substan-
tial gains of 5% average relative improvement across diverse benchmarks.
Our codes and data will be publicly available at https://github.com/
WhuanY/Starve2Perceive.

1 Introduction

Vision-Language Models (VLMs) are evolving from passive encoders of static
images into situated agents that must operate in complex, high-resolution visual
environments. Applications such as autonomous navigation [3], GUI manipula-
tion [26], and fine-grained document analysis [6,19] demand visual understanding
at a level of detail that no single-pass encoding can efficiently provide. Just as
biological vision relies on saccadic eye movements to sequentially sample high-
acuity information from a vast visual field [3], effective visual agents must possess
active perception: the capacity to dynamically determine where to look and what
to examine through deliberate operations such as zooming, cropping, and pan-
ning. We argue that active perception is not an optional enhancement but a
foundational capability for the next generation of vision-language systems.
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Despite growing recognition of this need, current training paradigms fail to
produce models that genuinely rely on active visual operations. Supervised fine-
tuning (SFT) on tool-use trajectories teaches models to mimic the surface form
of perception actions — generating syntactically correct zoom or crop commands
— without internalizing functional dependence on their outputs. Standard re-
inforcement learning (RL), while more flexible, does not resolve this deficiency.
Prior works provide concrete diagnostic evidence of a pervasive lazy perception
phenomenon: (i) models trained with existing methods maintain near-identical
accuracy when intermediate visual observations are replaced with blank inputs,
revealing that apparent multi-step visual reasoning is largely illusory [27]; and
(ii) models seamlessly continue generating correct answers after tool calls are
deliberately corrupted, indicating reliance on language priors rather than visual
evidence [32].

The root cause is a fundamental asymmetry in learning difficulty. Neural
networks follow the path of steepest descent toward loss reduction [21]. When
a coarse global view combined with strong language priors suffices to achieve
moderate accuracy, the model has no gradient-based reason to invest in the
harder strategy of multi-step visual search. Active perception, under standard
training, is a dominated strategy: it incurs additional computation, introduces the
risk of selecting uninformative regions, and yields marginal reward improvements
that are overwhelmed by the simpler passive baseline. The critical implication
is that if the model can succeed without actively looking, it will never
learn to look. Conversely, this asymmetry points directly to a remedy: the
passive shortcut must be made structurally unavailable during training.

This analysis motivates our central thesis: to learn active perception, a model
must be trained under conditions where passive observation is insufficient. We
propose Starve to Perceive, a training paradigm grounded in a simple mech-
anism we term constrained visual bandwidth: at each reasoning step, the visual
observation returned to the model is rescaled to fit within a tight token budget,
ensuring that the information available from any single view is too impoverished
for reliable task completion. Under this regime, the model faces a stark choice:
either learn to strategically direct its limited visual budget toward task-relevant
regions through deliberate zoom, crop, and pan operations, or fail. Active per-
ception ceases to be one strategy among many and becomes the only viable strat-
egy. The mechanism requires no auxiliary losses, reward shaping, or architectural
modifications, and integrates directly into standard SFT-then-RL post-training
pipelines as a reusable, plug-in component.

Crucially, we find that models trained under this perceptual starvation regime
acquire active visual reasoning skills that robustly transfer to unconstrained
test-time settings: under standard evaluation, our model surpasses the strongest
tool-augmented baseline with 3% higher overall score than the strongest base-
line at the same scale. Under test-time resource constraints, our model degrades
only marginally due to robust active visual operations, whereas rival baselines
suffer drops much larger. Visual bandwidth restriction yields a natural efficiency
dividend: fewer visual tokens per step reduce the computational cost of both for-
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Fig. 1: Overview of Starve to Perceive. (a) A Visual Bandwidth (parametrized by
B) limits the upper bound of both the global image and cropped regions (b) Two-stage
training: Budget-Aware Visual Instruction Tuning initializes exploration under token
constraints; Reinforcement Learning with Perceptual Starvation train the model via
self-collected trajectories under visual constrain to learn active perception.

ward passes and gradient computation, cutting total training time by 50%, and
opens up a path toward deploying active visual agents in compute-constrained
settings, including on-device applications and real-time systems [37].

Contributions. We identify visual bandwidth restriction as a principled and
effective mechanism for learning functional reliance in VLMs, and instantiate
this insight as Starve to Perceive — a mechanism that integrates into standard
SFT-then-RL pipelines with minimal modifications. We provide the first evi-
dence that active perception skills learned under constrained training transfer
to unconstrained evaluation, achieving state-of-the-art accuracy while remain-
ing robust under strict token budgets — a property that promotes functionally
grounded visual reasoning and mitigates superficial tool-use mimicry.

2 Method

Vision-Language Models typically process visual information in a single, un-
constrained pass. When the entirety of a high-resolution image is available, the
path of steepest descent during optimization naturally favors exploiting coarse
global context and strong language priors. To overcome this “lazy perception”
phenomenon, we propose a framework that fundamentally alters the model’s ob-
servation space. By strictly limiting the visual bandwidth available at any single
interaction step, we shift active perception from an optional enhancement to
an absolute prerequisite for task success. The overall framework can be seen at
Fig 1.
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2.1 The Principle of Perceptual Starvation

Current models are trained by drinking from a “firehose” of high-resolution im-
age data. We propose forcing the model to perceive the environment through a
“straw” — a sequence of strictly low-resolution, low-bandwidth glimpses.

This design provides a profound optimization pressure that mimics the In-
formation Bottleneck principle [25]. In standard settings, we want the model’s
final reasoning state Zp to maximize mutual information with the correct answer
Y, denoted as I(Z7;Y). However, by restricting the maximum token count per
glimpse, we introduce a strict upper bound on the channel capacity between the
original high-resolution image X and the model’s internal state.

Because the “pipe” is intentionally narrowed, the current glimpse v; can only
carry a tiny fraction of the total spatial information. If the policy fills this lim-
ited capacity with irrelevant background “noise,” the predictive power I(Zr;Y)
mathematically drops to zero. Consequently, the only viable mathematical solu-
tion to maximize the objective is to learn a policy that actively filters out noise
before it enters the context window. By artificially inducing perceptual starva-
tion, active attention transforms from a “nice-to-have” feature into a survival
mechanism necessary to solve the task.

2.2 Training with Constrained Visual Bandwidth

In this section, we formalize interaction under constrained visual bandwidth and
describe how the model answers image queries by progressively acquiring task-
relevant visual evidence.

Notations. Let an input be (X, Q), where X is an image and @ is a text
query. We denote D(-, B) as a deterministic downsampling operator that maps
any view to a representation whose visual-token count does not exceed a preset
budget B. Let v; be the returned visual observation at step ¢, a; the spatial action
(e.g., a bounding box relevant to the image), Z; the model’s internal state, and
H, ={Q,vo,a1,v1,...,a;—1,v;—1} the interaction history.

Multi-Turn Interaction. Inference starts from a global, budgeted overview:
vo = D(X, B). At each step t, the policy predicts a action conditioned on the
current state and query: a; = mp(Zi—1,Q). When Z;_; contains sufficient in-
formation for the policy to infer answer, a; may be just the Y. Otherwise, it
represents a crop request.

Crucially, to avoid compounding information loss across turns, cropping is
always executed on the original image X in native pixel space, and the budget
is enforced only after cropping:

vy = D(Crop(X, a;), B). (1)

This mechanism guarantees that while the model perceives a much smaller spa-
tial area, it does so at a significantly higher effective resolution, seamlessly trad-
ing spatial coverage for fine-grained evidence. This constrained observation se-
quence constitutes the training environment that both SFT (§2.3) and RL (§2.4)
operate within.
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2.3 Budget-Aware Visual Instruction Tuning

Base VLMs lack the inherent ability to emit syntactically correct spatial actions
or reason over degraded, bandwidth-constrained images. Because standard su-
pervised fine-tuning (SFT) utilizes full-resolution images, it introduces a severe
distribution shift. We bootstrap the policy using a Budget-Aware visual instruc-
tion tuning stage, sourcing trajectories for fine-tuning via two complementary
methods:

— Teacher Model Distillation: We deploy a strong teacher model within
our constrained environment to generate multi-turn trajectories. We apply
rigorous rejection sampling to retain only trajectories that produce correct
final answers and exhibit strict token-efficiency.

— Trajectory Rewriting: We convert existing high-quality tool-use datasets
into budget-aware formats by applying “Visual Reconstruction” (downsam-
pling all intermediate views to the budget B) and “Textual Grounding Re-
alignment” (remapping spatial coordinates in the reasoning text to match
the constrained image space). This can be achieved by a rewriting model(i.e.,
GPT-40) via explicit prompting and post-hoc rule-based filtering. We will
disclose the rewriting details in the supplementary material.

Given a collected trajectory 7 = (vg, a1, v1,...,ar,Y) generated under the
budget B, we optimize the model parameters 6 by minimizing the negative log-
likelihood of the actions and the final answer:

T
Lspr(0) =-E; Zlogm(at|Ht) +log mo (Y[ Hr 1) (2)
t=1

2.4 Reinforcement Learning via Perceptual Starvation

While SF'T provides a necessary behavioral prior, it is fundamentally limited by
the perception strategies of the teacher. To develop genuine functional depen-
dence on its own visual observations, the model must autonomously explore the
constrained environment through reinforcement learning.
Resolution-Conditioned Token Budget: To ensure the bandwidth con-
straint acts as a consistent pressure mechanism — neither trivially easy for small
images nor completely destructive for massive ones — we implement a resolution-
conditioned token budget. Rather than fixing a static scalar, the budget B scales
dynamically relative to the native token count of the source image | X|:

B(X) = clip Q'f'J , Bunin, Bmax> (3)

Here, the compression rate v > 1 ensures a uniform degree of perceptual
starvation across diverse inputs, while B, and Bp,.x bound the operational
extremes.
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The crucial advantage of our perceptual starvation formulation is the radical
simplification of the reward signal. In unconstrained settings, models require
dense, hand-crafted auxiliary losses to penalize excessive API calls or reward
specific focus behaviors. In our framework, the constrained environment acts
as a strict physical regularizer. As shown in Listing 1, integration into existing
multi-turn VLM RL pipelines is minimal: we only replace the visual input with
its budget-constrained counterpart (highlighted in green in the pseudo-code) in
the rollout function. No architectural changes or specialized losses are required,
making the method plug-and-play and easy to reuse across different training
setups.

Listing 1: Comparison between a typical multi-turn VLM rollout (red) and our imple-
mentation (green). B is the token budget constant, which defines the maximum visual
token count per image. D is the deterministic operator that apply image transformation.
pi refers to the policy model.

def vanilla_rollout(X, Q, T, pi):

def budgeted_rollout(X, Q, B, T, pi, D):
- vo = X

+ v0 = D(X, B)

+ 1

Z = initialize_state(v0, Q)
for t in range(l, T + 1):
a_t = pi(Z, Q)
if has_answer (a_t):
break
X_crop = crop(X, a_t)
- v_t = X_crop
4 v_t = D(X_crop, B)

Z = update_state(Z, v_t)
Y_hat = pi(Z, Q)
return Y_hat

Since the constrained environment already acts as a regularizer, we employ
a minimalist, sparse reward function R(7) for any trajectory 7 generated during
rollout:
1, if Y exactly matches Y*

R(r) = {0 otherwise (4)

Because the visual budget strictly forbids resolving fine details from the global
glimpse vy alone, a +1 reward can realistically only be achieved if the interme-
diate actions a; successfully isolate task-critical regions.

We define our training target as to maximize the expected return

max J(0) = Eqnp,rm, [R(T)] (5)

Under this objective, active multi-step visual reasoning ceases to be an optional
strategy; it becomes the singular pathway to maximizing the reward. In practice,
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Table 1: Main results on multimodal benchmarks regarding visual search and
perception-intensive reasoning. MRWL and RWQA denote MME-RealWorld-Lite and
RealWorldQA, respectively. Best and second best results in each group are highlighted
in bold and underlined, respectively. * indicates models capable of calling tools. T de-
notes results reported from the other publications; all other entries are reproduced
under our unified evaluation protocol.

HR-Bench V* Bench VisualProbegest Perception-Intensive
Model Overall
4K 8K Attr Pos All Easy Med Hard MRWL RWQA TreeBench

No Constrain Settings

GPT-40f 68.0 63.9 - - 62.8 475 154 11.2 464 67.2 46.9 -
Gemini-2.5-Prof - - - - 79.2 - - - - - - -
LLaVA-OneVision!  63.0 59.8 757 75.0 754 - - - 43.7 66.3 - -
PixelReasoner™ 71.13 69.25 85.22 80.26 83.25 58.4 29.6 28.8 47.21 69.02 39.0 60.10
DeepEyes™ 71.50 67.88 82.61 85.53 83.77 63.83 35.07 32.07 50.81  68.89 37.5 61.77
ChainOfFocus* 71.63 67.25 86.09 86.84 86.39 56.74 32.46 38.67 48.98  64.45 39.75 61.75
Mini-03** 57.75 47.75 72.17 80.26 75.39 19.86 25.37 19.81 32.15  52.55 30.37 46.68
Qwen2.5-VLT 65.25 63.0 73.9 67.1 71.2 39.0 26.0 239 43.0 68.5 37.0 52.53
+ BA-SFT* 72.50 65.88 85.22 73.68 80.62 49.64 32.46 33.97 46.95  67.32 40.24 58.95
+ BA-SFT+VanillaRL* 75.25 67.75 87.83 82.89 85.86 69.50 36.57 42.45 53.78 67.19 40.25 64.48
Ours* 76.63 70.00 86.96 84.21 85.86 68.09 34.70 43.40 55.13 67.71 37.78 64.59
Constrain Setting (B = 256)
PixelReasoner™ 49.38 43.13 46.96 65.79 54.45 - - - 29.60  55.03 - -
DeepEyes™ 57.13 51.25 60.87 64.47 62.30 37.58 13.43 15.09 40.85  63.01 35.30 45.57
ChainOfFocus* 59.63 53.75 55.70 68.40 60.70 38.30 14.93 14.15 37.83  60.00 34.32 45.25
Mini-03*¥ 51.63 40.88 53.04 64.47 57.59 17.02 17.54 0.90 27.36  48.63 25.19 36.75
Qwen2.5-VL 38.00 26.50 19.13 44.74 29.31 - - - 2741  56.34 -
+ BA-SFT* 59.25 56.13 55.65 64.47 59.16 47.51 19.78 14.15 39.55  60.65 36.29 46.60
BA-SFT | VanillaRL* 66.25 60.00 66.09 69.74 67.54 58.16 18.28 15.09 46.69  63.27 35.80 51.54
Ours* 66.13 60.38 62.61 72.36 66.49 58.16 20.52 19.81 47.37 64.97 37.04 52.35

¥ Mini-o3 exhibits notably lower performance as the model has a strong bias toward
producing many reasoning turns before reaching an answer.

we optimize the return with GRPO [22] algorithm with a clipped surrogate
objective.

3 Experiments

In this section, we first outline the training and evaluation settings. We then
examine the effectiveness of our model trained under the constrained visual
bandwidth. Finally, we share the key insights for incentivizing precise visual
perception for Multi-modal Large Language Models.

3.1 Setup

Implementation Details. We chose Qwen2.5-VL-7B [5] as our base pol-
icy model. For training data, we reuse image-query sources from prior related
works [10, 28,32, 48] and filter them by two criteria: (i) image in query must
have sufficient high-resolution, because large images widen the gap between the
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constrained view and the original view, placing greater demand on precise local-
ization. (ii) queries should be of moderate difficulty, so that the reinforcement-
learning signal remains informative rather than saturated. For Instruction Tun-
ing phase, our data synthesis pipeline yield 7k budget-aware trajectories. For
reinforcement learning, 19k training queries are drawn from the same curated
sources after applying the resolution and difficulty filters above. The default hy-
perparameters we choose for RL training is v = 6.25, B, = 169, Bjpq, = 1337.
We implement a partial version of DAPO [40]. We present more details for
dataset filtering criteria, training data composition and hyperparameter choice
in our supplementary materials.

Benchmarks. We classified the selected benchmarks into three families. The
first is wltra-high-resolution understanding: HR-Bench [36] supplies natural im-
ages at 4K and 8K resolution that stress a model’s capacity to resolve fine-grained
details. VisualProbeiest [10] stratifies questions into Easy, Medium, and Hard
splits, enabling us to evaluate model performance at different difficulty levels.
The second family is V* Bench [38], a well-established visual search benchmark
with two subtasks: attributes recognition and spatial relation reasoning. We re-
port the subtask accuracies and overall accuracy. The third family evaluates
perception-intensive reasoning: MME-RealWorld-Lite [43], RealWorldQA [39],
and TreeBench [28] mainly composed of real-world images, charts and table im-
ages and at non-trivial resolutions with a wide range of question types, posing
not only perceptual but also general reasoning challenges to models.

Baselines. We primary compare with model families that utilize zoom-in tool-
calls: DeepEyes [18] is trained via an end-to-end manner. PixelReasoner [32]
and Chain-of-Focus [412] first finetune on synthesized data and adopt specialized
reward schema to invoke active perception. Mini-o3 [10] goes further from these
works by meticulously designing an over-turn masking strategy to foster extra-
long turn interactions. We also include Qwen2.5-VL [5], LLaVA-OneVision [11]
and GPT-4o as baselines to evaluate the performance of the model without any
tool call.

Evaluation Protocol. We evaluated our model and other baseline models un-
der two environments: an Unconstrained setting, where the full-resolution image
is available, and a Constrained setting, where every observation is subject to a
small token budget B = 256, and the inference pipeline is the same as 2.2. In
both cases, we use greedy decoding, limit the interaction to at most 3 turns,
and set the maximum context length (including visual tokens) at 30k tokens.
These restrictions ensure a fair comparison between methods and focus the eval-
uation not only on accuracy but also on the efficacy of perception rather than
exhaustive exploration.

3.2 Main Results

Results on Unconstrained Settings. As shown in Table 1, our best model
trained under constrain consistently outperforms all 7B-scale competitive base-
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Table 2: Performance Gain and Loss comparing to the baseline performance of
Qwen2.5-VL-7B.

Overall Score A Gain A Loss
Model
No-Constrain Constrain (No Constrain) (Constrain)
Qwen2.5-VL-7B 52.53 - - -
DeepEyes 61.77 45.57 +9.24 -6.96
Chain-of-Focus 61.75 45.25 +9.22 -7.29
Ours 64.59 52.35 +12.06 -0.18

lines across many benchmark categories in the unconstrained setting by a clear
margin. On high resolution visual search, our model leads HR-Bench at both
resolutions. It achieves the highest VisualProbe Hard score (43.4 vs. 38.7 for
Chain-of-Focus) and a competitive VisualProbe Easy score (68.1 vs. 63.8 for
DeepEyes), indicating that visual constrain training substantially sharpens the
model’s ability to localize and reason under varying levels of perceptual difficulty.
On perception-intensive reasoning, our model leads MME-RealWorld-Lite (55.1
vs. 50.8 for DeepEyes), further validating broad gains in scene understanding.

A key finding emerges from the train—test discrepancy in evaluation con-
ditions: perceptual capabilities acquired under the visual bandwidth generalize
beyond the constrained regime. Our best model is trained exclusively under the
limited visual bandwidth, yet at inference time all the intermediate images are
provided with no such restriction. Despite this mismatch, the model achieves
the highest unconstrained average score(64.59) among all 7B models trained
with all unconstrained pipeline(other highest: 61.77, DeepEyes). This result in-
dicates that training under perceptual pressure does not confine the model to
low-resolution reasoning; rather, the precision demanded by the bandwidth cul-
tivates fine-grained localization skills that transfer effectively to standard, un-
constrained evaluation.

Results on Constrained Settings. Table 1 further reveals a critical asym-
metry in how models capable of zooming-in respond when visual information is
limited. We contextualize key data points in Table 2. Under unconstrained eval-
uation, all zooming-in methods yield substantial gains over the non-tool baseline
Qwen2.5-VL-7B, suggesting that active visual exploration is broadly beneficial.
Yet under constrained evaluation, a stark divergence emerges. DeepEyes and
Chain-of-Focus, both trained without a visual bandwidth constraint and
performs relatively well under no constrain, suffer gains-to-losses reversals of
—6.96 and —7.29 points relative to their untrained base model. In contrast, our
model, trained under visual bandwidth constraints, limits this loss to just —0.18
points, preserving nearly all of the baseline’s predictive power.

Another key finding emerges from the huge contrast: optimizing visual per-
ception performance in an unconstrained setting generalizes poorly to a con-
strained setting. Models trained with abundant visual tokens learn to use zooming-
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Table 3: Standard SFT vs. Budget-Aware SFT. Both variants are trained on
content-equivalent trajectories; the sole difference is whether the visual-budget con-
straint is present.

HRBench V*
4K 8K dir_ attr rela pos Overall

Standard SFT 68.75 59.88 77.39 73.68 7592 41.06 62.09 38.52
BA-SFT 72.50 65.88 85.22 73.68 80.62 46.95 67.32 40.24

F3.75 +6.00 +7.83 0.00 4.70 +5.89 +5.23 F1.72

MRWL RWQA TreeBench

in as a supplement to already-rich perception—a superficial enhancement that
collapses once the underlying richness is removed. Our model, by necessity, learns
to use zooming-in as a survival mechanism: the sole means of recovering fine-
grained detail that the budget otherwise forbids. The results suggest that effec-
tive perception strategies must be forged under the very constraints they are
meant to overcome.

3.3 Further Analysis

Having established that training under visual constraints improves both un-
constrained accuracy and constrained robustness, we conduct a staged ablation
to isolate the role of each phase: Budget-Aware Visual Instruction Tuning and
Reinforcement Learning with Visual Bandwidth. The four findings below form
one mechanism chain: budget-aware SF'T creates an active-perception prior, this
prior is required for RL to avoid collapse, constrained RL then strengthens that
prior, and the strengthened behavior finally translates into benchmark gains.

Budget-Aware Tuning vs. Standard Tuning. To determine whether the
gains from Budget-Aware Visual Instruction Tuning stem from the specific rea-
soning trajectories or the budget-constrained framing itself, we perform a con-
trolled trajectory ablation. We synthesize a "reversed" version of our budget-
aware data: for each trajectory, we restore the full-resolution image and map
all cropping coordinates back to the original pixel space (verified via rigorous
rule-based checks). This ensures both datasets contain identical visual reasoning
content, differing only in the presence of bandwidth constraints.

As shown in Table 3, when evaluated in a non-constrained setting, the
model fine-tuned on budget-constrained data consistently outperforms the one
trained on standard (reversed) trajectories across all benchmarks. This suggests
that the budget constraint functions as a vital active perception catalyst, forcing
the model to internalize the functional dependency between local visual cues
and task success. Consequently, we employ the budget-aware checkpoint as the
initialization for the RL phase.
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(a) All Direct ratio dynamics. (b) All Focus ratio dynamics. (¢) Final Performance of Bud-
get Ablation Across Training
Stages.

Fig. 2: Training Dynamics and Final Performance of Budget Ablation Across Training
Stages. "All Direct Ratio" measures the proportion of queries where the model con-
sistently bypasses visual grounding and directly answers across all sampled rollouts at
a given policy checkpoint, while "All Focus Ratio" measures the proportion of queries
for which the model consistently chooses to select regions across all sampled rollouts.

RL Under Constraints Necessitates Visual SFT. We investigate whether
a visually constrained environment and accuracy-based rewards are sufficient to
elicit active perception from scratch. We compare RL training starting from the
base model (ZeroShot + BudgetRL) against our SFT-warmed-start model. As
illustrated by the yellow lines in Fig. 2a and Fig. 2b, the base model’s strategy
rapidly collapses: it learns to bypass the costly active perception mechanism,
relying instead on language priors to answer questions blindly. By the end of
training, active perception is rarely invoked. In contrast, SFT-initialized models
(blue and purple lines) maintain and progressively refine their reliance on active
perception. This divergence highlights that budget-aware SFT is essential to
provide the necessary behavioral prior for successful RL under visual bandwidth
constraints.

Visual Constraints as an Incentive for Active Perception. To validate
whether the visual bandwidth bottleneck effectively incentivizes active percep-
tion, we compare RL dynamics in two environments: one without visual con-
straints (NonConstrainRL) and one with them (BudgetRL), both starting from
the same warm-start checkpoint.

As shown in Fig. 2b, while both models exhibit an upward trend in the
All Focus Ratio, the model trained under visual constraints (purple, "Ours")
consistently maintains a significantly higher ratio throughout the training pro-
cess. By the end of RL, our model achieves an All Focus Ratio of approximately
0.50, compared to 0.40 for the unconstrained variant. This indicates that while
SE'T provides an initial inclination toward active perception, the explicit visual
constraint during RL imposes a stronger optimization pressure. This pressure
prevents the model from defaulting to "lazy" low-resolution heuristics, instead
compelling it to actively ground its reasoning in high-resolution local evidence.

Training Dynamics Translate to Downstream Task Performance. The
behavioral differences observed in Figures 2a and 2b directly manifest in fi-
nal benchmark accuracy, as shown in Figure 2c. The model trained without
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Training Time (~1 Epoch)

Table 4: E2E inference latency per sample un- B /o Budget Constmint

der identical evaluation infrastructure. Vanilla de- sagy M W/ Budget Consaint

notes the base model inferring without token bud-
get. Rel. Perf. denotes the relative performance
of ours to that of Vanilla.

. 1. Perf.
Benchmark (Bmg:iSZSG) Vanilla Speedup R(ZCC@%

HRBench8K 2.21s 11.26s 5.10x 96.3% |
v* 1.85s 5.08s 2.75% 93.4% |
TreeBench 1.97s 5.38s 2.74x 100.1% t
MRWL 1.97s 5.90s 3.00x 110.2% 1

Fig. 3: RL training cost compar-
ison.

Budget-Aware SFT (ZeroShot + BudgetRL), which collapses toward direct an-
swering during RL, achieves the lowest performance across all high-resolution
visual search benchmarks. The model trained without the visual constraint dur-
ing RL (BA-SFT + VanillaRL), which exhibits weaker active-perception pres-
sure despite a healthy SEF'T initialization, yields intermediate scores. Our full
pipeline—Budget-Aware SF'T followed by RL under the visual bandwidth—achieves
the best or competitive accuracy across splits, confirming that the two training
stages are complementary rather than redundant: instruction tuning establishes
the behavioral foundation for active perception, and the visual constraint during
RL amplifies it into measurable task-level gains.

3.4 Efficiency Analysis.

Beyond task performance, our budget-constrained paradigm yields substantial
efficiency gains at both inference and training time.

Inference efficiency. Table 4 compares the end-to-end inference latency per
sample between our budget-constrained agent (Bioken = 256) and the vanilla
unconstrained baseline, measured under identical evaluation infrastructure. By
dynamically allocating visual tokens within a fixed budget, our method achieves
2.7-5.1x speedup across all benchmarks, with the largest gain on HRBench8K
where the high-resolution input incurs the heaviest visual token overhead for
the unconstrained agent. Notably, this acceleration comes at minimal accuracy
trade-off: on two of four benchmarks (TreeBench and MRWL), the constrained
agent even surpasses the baseline, suggesting that the budget constraint acts as
an implicit regularizer that discourages redundant visual exploration.

Training efficiency. The efficiency advantage also manifests during reinforce-
ment learning. Fig. 3 plots the total training time cost one epoch of RL training.
Compared to our budget-constrained RL, training data under no-constrain for
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one epoch costs 2.2x more time with the same training configuration(19k train-
ing data of high resolution images, 6 A800 GPUs), primarily due to the reduced
number of visual tokens processed. These empirical results highlight the poten-
tial of a budget-aware approach and may inspire both the research and industrial
communities to consider adopting a new multimodal post-training paradigm.

4 Related Work

4.1 Vision-Language Models

Modern vision-language understanding builds on a representation foundation
laid by contrastive learning at web scale. CLIP [20] and ALIGN [9] show that
aligning visual and textual embeddings through large-scale image-text pairing
produces highly generalizable features, motivating a subsequent line of work that
couples frozen large language models (LLMs) with pre-trained vision encoders
via lightweight connectors [2, 12, 18]. A pivotal catalyst in this progression is
visual instruction tuning introduced by LLaVA [18], which reframes multimodal
learning as an instruction-following problem and enables LLMs to process in-
terleaved image-text inputs. Both open-source community [4, 49] and propri-
etary systems [7] scaled and refined this paradigm by incorporating extensive
supervised fine-tuning with reinforcement learning from human or automated
feedback. Despite the progress, modern VLMs are prone to hallucinations when
they are asked for vague and small visual details [15,16], and tend to rely dispro-
portionately on textual priors rather than genuinely grounding answers in image
content [1,17,46]. This gap between strong language-side reasoning and brittle
visual perception forms a central motivation for our work.

4.2 Tool Augmented Visual Reasoning

To address visual hallucination and over-reliance on textual priors, recent re-
search has explored equipping VLMs with external tools for image manipulation,
advancing visual reasoning from static image-text understanding to dynamic in-
teractive interaction. Early works adopted training-free approaches: SEAL [38]
uses guided visual search directed by LLMs to focus on task-relevant regions,
while ZoomEye [23] employs a tree-search algorithm to mimic human-like zoom-
ing behavior. More recently, learning-based methods have emerged, training
models to integrate tool manipulation into their perceptual processes. For in-
stance, DeepEyes [18] employs end-to-end reinforcement learning to acquire
tool-use behaviors, while other works [32,12] adopt a commonly used SFT-RL
two-stage training pipeline. Despite these advances, recent studies [27,32] reveal
that tool-augmented models still suffer from lazy perception — relying on textual
shortcuts rather than genuinely leveraging visual tools for reasoning. To this end,
we propose a new training paradigm that incentivizes genuine active perception
through a constrained visual environment.
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5 Conclusion

We presented Starve to Perceive, a training paradigm that enforces con-
strained visual bandwidth throughout both supervised fine-tuning and reinforce-
ment learning, transforming active perception from an optional strategy into a
necessary survival mechanism. Our experiments demonstrate that perceptual
skills forged under token starvation transfer robustly to unconstrained evalua-
tion—achieving the highest overall score (64.59) among all 7B tool-augmented
baselines—while degrading only 0.18 points under strict budgets, compared to
near 7-point drops for baselines trained without visual constraints. The paradigm
simultaneously yields over 50% reduction in RL training time and 2.7-5.1x infer-
ence speedup, requires no architectural changes or auxiliary losses, and integrates
into standard post-training pipelines as a plug-and-play component. These find-
ings suggest that superior visual reasoning emerges not from input density but
from the optimization pressure to extract information efficiently, and we hope
this perspective encourages the community to treat visual bandwidth as a delib-
erate design variable for building perceptually grounded vision-language agents.
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