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Abstract

We study egocentric visual intention grounding, where an
assistant must infer and localize the object implied by a
first-person view and an intention sentence without explicit
object naming. Existing approaches either use a two-stage
reasoning—then-grounding pipeline or apply reinforcement
learning (RL) to train think-then-answer VLMs, but they op-
timize only loU-based rewards, which often leads to reward
hacking, improving box accuracy while neglecting reason-
ing quality. We introduce a label-free thinking-process
reward that needs no human Chain-of-Thought labels or
teacher models; it scores each sampled reasoning trace
by how much it increases the likelihood of the correct an-
swer, thus favoring reasoning that truly supports predic-
tion. We also propose a data filtering strategy that selects
informative easy-to-medium samples for RL using rollout
error rate and reward variance. Together, these form a
general recipe for process-aware RL finetuning of vision-
language assistants for egocentric intention grounding. Our
method achieves new state-of-the-art results on Egolnten-
tion, boosting Precision@0.5 by +3.2 (3B) and +2.1 (7B)
over strong Qwen2.5-VL baselines, and generalizes zero-
shot to RefEgo-Int with +10.2 (3B) and +7.5 (7B).

1. Introduction

Recent reinforcement learning (RL) algorithms [8, 10,
20, 26, 41] such as Group Relative Policy Optimiza-
tion (GRPO [8]) enable think-then-answer vision-language
models (VLMs), where the model first produces an ex-
plicit reasoning trace and then commits to a final answer.
For Al assistance applications [27, 32, 37], this capabil-
ity allows VLMs to serve as a bridge from ambiguous hu-
man requests to downstream embodied agents’ with action-
able steps. Given a natural-language request, the system
must first infer what the user actually needs, then determine
which object in the scene should be acted on and where it
is, and finally decompose the goal into actionable substeps
for interacting with the environment. For example, when
shown a cluttered kitchen and told “I need something to
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Figure 1. An example of a correct bounding box with incorrect
reasoning. VLM trained with IoU reward only (colored in red)
mistakenly identifies the food packaging bag in the user’s hand as
a handbag. The bounding box in the final answer correctly refers
to the carrier paper box, but due to the flawed reasoning, the box is
mislabeled as a handbag. The model with our free thinking reward
corrects this mismatch (colored in ).

wipe the counter,” a useful system should infer the towel
as the intended object, localize it in the scene, and only
then plan how to pick it up. In this paper, we focus on this
crucial upstream stage, which is visual intention grounding
task [23, 27, 31]: given an intention sentence and a scene,



the model reasons about the intended target and localizes it
as a foundation for subsequent action.

In visual grounding and related perception tasks [4, 13,
14, 17], RL is typically plugged in as a post-training stage
that optimizes a verifiable reward, most often derived from
the overlap (Intersection over Union, IoU) between the pre-
dicted and ground-truth bounding boxes. This setup is ef-
fective because it directly aligns training with the evaluation
metric, but the policy is only told whether the final box is
good, not whether the intermediate reasoning was helpful
or misleading. Recent think-then-answer approaches [4] try
to address this by supervising the reasoning process itself,
for example, with human-written rationales [25] or chains
of thought (CoT) [35] distilled from stronger teacher mod-
els [1, 8]; however, such labels are expensive to collect at
scale, and can overfit models to narrow reasoning templates.

Our experiments further show that naively combining
GRPO with IoU rewards only can lead to reward hack-
ing [26], where the model improves box accuracy while
its internal reasoning drifts away from semantically faith-
ful explanations, as shown in Figure 1. Therefore, these
observations motivate our goal: to use RL to shape both
the final outcome and the intermediate reasoning without
any extra reasoning labels, yielding a label-free, process-
aware training signal. For each input, we generate multiple
rollouts and assess how strongly each rollout supports the
ground-truth answer by inspecting the model’s token-level
likelihoods conditioned on that rollout (detailed in Sec. 3.2).
We then aggregate these signals to reward thoughts that
raise probability on the ground truth answer tokens. This
process-aware signal complements IoU reward, mitigates
reward hacking that overfits to final boxes.

Beyond making the model’s thinking more reliable, we
also ask how to use RL under realistic compute budgets.
Because each training step requires multiple rollouts per
sample, naively running RL on the full supervised finetun-
ing (SFT) corpus would multiply computation cost by the
number of rollouts. We therefore adopt a static data filter-
ing strategy that prunes the RL set before training, using
the current model’s rollout statistics to estimate sample dif-
ficulty e.g., by rollout error rate and informativeness level
e.g., by the variance of rollout rewards across attempts. In
contrast to prior data-selection practices [30, 39, 40] in rea-
soning tasks [21, 22, 24] that favor hard unsolved cases [33],
we find that focusing RL on informative samples of easy-
to-medium difficulty stabilizes optimization and improves
generalization. In practice, we perform RL on only a small
fraction (about 5%) of the supervised fine-tuning samples
while still achieving clear gains over the SFT baseline.

Bringing these two components together, we obtain a
general training framework for visual intention grounding.
We evaluate this framework on benchmarks such as Egoln-
tention [27] and RefEgo-Int [14] using mainstream open-

source backbones Qwen2.5-VL-3B/7B-Instruct [3]. Our

method yields consistent gains in both reasoning accuracy

and grounding accuracy: the former measures how often
the model correctly predicts the intended target object cat-
egory, while the latter is reported as Precision@0.5 based
on IoU between predicted and ground-truth boxes, improv-
ing by 1.2 and 3.2 points respectively. More generally, the
proposed label-free thinking reward and data filtering are
generic and can be applied to other vision-language tasks
that emphasize high-quality thinking processes.

Our contributions can be summarized as follow:

1. We develop a label-free reward that encourages high-
quality intermediate reasoning without requiring human
annotations of thought traces or distillation from larger
models.

2. We propose a data filtering strategy that jointly consid-
ers sample difficulty and informativeness, and show that
informative easy—medium samples benefits visual inten-
tion grounding, in contrast to prior reasoning tasks that
favor unsolved hard examples.

3. We provide a training recipe for reliable and effective vi-
sual intention grounding, achieving consistent gains over
Qwen2.5-VL-3B/7B baselines on the Egolntention and
RefEgo-Int benchmarks.

2. Related Work
2.1. RL for Vision Language Models

Recent industrial foundation models such as DeepSeek-
R1 [8], Kimi k1.5 [29], and OpenAI’s ol system [10] have
popularized GRPO-style reinforcement learning (RL) as a
scalable post-training recipe, establishing the think-then-
answer paradigm and triggering a wave of RL research on
vision—language models (VLMs). Most subsequent aca-
demic efforts apply RL to tasks that naturally require long-
chain reasoning, including mathematical and scientific QA,
visual reasoning, and spatial QA, where multi-step CoT-
style solutions are essential [12, 22, 24, 28, 34].

In contrast, RL on perception-centric tasks (e.g., recog-
nition, OCR, and visual grounding) remains compara-
tively under-explored, though recent works demonstrate
that think-then-answer VLMs still benefit from RL even
when the final objective is a perceptual metric [4, 21, 26,
38]. However, these methods typically treat the reasoning
trace as a hidden byproduct and supervise only the final pre-
diction, leaving the content and faithfulness of the thinking
process unconstrained. Explicitly labeling human chains of
thought is costly and can overfit models to narrow, human-
written templates, while distilling thoughts from stronger
models risks propagating teacher biases and harming gen-
eralization. Our work instead keeps the think-then-answer
framework but introduces a label-free thinking reward that
directly evaluates how much a rollout supports the ground-



truth answer, thereby regularizing the reasoning process
itself for perception-heavy tasks such as visual intention
grounding.

2.2. Data Filtering for RL

Early instruction-tuning studies [5, 11, 15, 16, 19, 36, 44]
already demonstrate that carefully filtered, task-specialized
subsets can outperform using the full corpus: LTD Instruc-
tion Tuning [5], DEITA [19], and IFD-style selection [43]
all prune redundant or low-quality instructions and retain
only a small fraction of the original data while matching
or surpassing larger baselines [5, 16, 19]. As RL becomes
the final post-training stage for large (vision-)language
models, analogous data-filtering and curriculum strategies
have been explored: Vision-G1 [39], QwenLong-L1 [30],
and ThinkLite-VL [33] adopt various difficulty-aware or
influence-based criteria to prioritize “hard-but-solvable” or
unsolved examples, under the assumption that such in-
stances provide the strongest learning signal for reasoning
tasks (e.g., math, logic, long-context QA) [30, 33, 39].

Our experiments reveal that aggressively emphasizing
hard, frequently unsolved samples can be harmful here, as
persistent failure yields near-zero IoU rewards and noisy,
uninformative gradients. Instead, we propose a selection
scheme that favors informative samples of easy-to-medium
difficulty, leading to more stable optimization and more ef-
fective RL fine-tuning for visual intention grounding than
the “hard-unsolved-first” heuristics prevalent in reasoning-
focused RL works.

3. Method

In this section, we present a practical recipe for training a
reliable and effective visual grounding model. Section 3.1
introduces the visual intention grounding task and reviews
GRPO, an RL fine-tuning method for vision—-language mod-
els. Section 3.2 details our core contribution, the free think-
ing reward, which scores each sampled reasoning trace by
the increase it induces in the likelihood of the ground-truth
answer. Finally, Section 3.3 describes our data-filtering
strategy: we estimate per-sample difficulty and informative-
ness, and, by performing RL updates on only 5% of the su-
pervised fine-tuning data, we enable the model to handle
visual intention grounding effectively.

3.1. Preliminary

3.1.1. Visual Intention Grounding

For Al assistant, VLMs bridge ambiguous human re-
quests to embodied action; the first step is Visual Inten-
tion Grounding [23, 27], which maps an intention sen-
tence to the specific target object and its location. For-
mally, given an input image I and a human intention query
@, the model must infer the underlying intent and answer

the target object and its location by predicting its bounding
box (z1,y1,x2, y2) in answer tokens A. Beyond predicting
the box, recent RL-finetuned reasoning models additionally
produce a thinking trace 7' that explains how the VLM links
the intention query (@ to the target object within answer A.
Concretely, T" should give an accurate justification that links
the intended action to the affordances and visible attributes
of target object.

3.1.2. GRPO for Vision Language Models

Compared with traditional visual grounding, Visual Inten-
tion Grounding (VIG) first requires the model to parse the
user’s intention and reason about the object that satisfies
it. Earlier approaches [, 18, 27, 31] often adopt a two-
stage pipeline, infer the target object name and then localize
it. With the recent adoption of GRPO-style reinforcement
learning, VLMs can think before answering, allowing the
model to transform an implicit intention into an explicit tar-
get and its location in a single pass.

Training objective. We fine-tune the VLM with Group
Relative Policy Optimization (GRPO) to obtain a reliable
and effective Al assistant for intention grounding. GRPO
is a rule-based RL algorithm for post-training LLMs/VLMs
that removes the need for a learned critic by using group-
relative rewards. For each input ¢, the old policy samples
N candidate outputs {o;}~ ;. Their rewards {r;}¥, are
normalized to form advantages

r; —mean{ry,...,ry}
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which measure each candidate’s quality relative to its sib-
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Rewards. We next detail the reward design for visual in-
tention grounding task. Following prior RL-for-reasoning
setups, we use a verifiable IoU accuracy reward and a for-
mat reward that enforces valid output structure. Beyond
these, we introduce a new free thinking reward that im-
proves intention reasoning without any reasoning trace an-
notations, this component is described in Section 3.2.



Query: I could really

use a sturdy vessel to

collect all the waste
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Figure 2. Overview of free thinking reward computation. Given an input image and human intention query, the VLM samples multiple
think-then-answer rollouts (Q, Tk, Ax), from which we derive a grounding reward via IoU with the ground-truth box and a format reward.
We then overwrite Ay with the ground-truth answer Ay and run the VLM in teacher-forced mode to obtain logits for the answer tokens,
which define the free thinking reward P(Ag | Q,Tk). The grounding, free thinking, and format rewards are combined into the GRPO

training signal.

IoU reward. We directly optimize spatial overlap:

Rio(1,Q,T) = ToU(b, b*) € [0, 1], (3)

where b is the predicted box extracted from answer A, b* is
the ground truth bounding box.

Format reward. We require a well-formed output con-
taining a <think>...</think> trace 7' and a JSON box
in <answer>...</answer>. Denote by F the set of out-
puts that satisfy the schema and yield a valid b; then

Rfmt(l7 Qa T) = H{(T’ (;) € f} (4)
Overall reward. Training uses a weighted sum
R(I,Q,T) = aRiu + BB + 7 Ruink,  (5)

where Ruink is our label-free thinking reward (Sec. 3.2) that
evaluates the usefulness of the trace 7' for predicting the
correct box, and «, 5,y > 0 are fixed weights, all set as 1
in our framework.

3.2. Free Thinking Reward for VIG

Early RL approaches for VLM perception tasks predomi-
nantly optimize verifiable rewards that directly align with
evaluation metrics (e.g., loU-based grounding accuracy),

which avoids relying on learned reward models but still
leaves the model at risk of reward hacking, where the think-
ing process becomes mismatched with the final answer.
However, the content of the reasoning is critical: given an
implicit intention query, both the inferred object semantics
and the predicted box must be intention consistent, a cor-
rect box paired with a wrong object interpretation is unre-
liable. We therefore introduce a free thinking reward that
improves the internal reasoning without any thinking trace
annotations. It scores each sampled reasoning trace based
on how much it raises the likelihood of the ground-truth
answer, thereby rewarding reasoning paths that strengthen
correct predictions. Given the input image I and intention
query (), the VLM first samples a trace T}eq and then an an-
swer sequence Aprq that decodes to a box (1, y1,Z2,Y2).
Under supervised finetuning setting, the standard answer
cross-entropy is

N
1
‘CG(A | Q) = _NZIOgPG(w;,A | Q7 wfw--aszfl)a
i=1

(6)
where A = (wf',... wf) is the ground-truth answer se-
quence of length N, w;“ denotes its i-th token, and Py(+)
is the VLM’s conditional next-token distribution parame-



terized by 6 given the query () and previously generated
answer tokens. While with RL-style generation the answer
tokens are conditioned on the sampled thinking trace,

. ,wj‘_f";d) NG

Hypothesis. For a given sample, better (more intention-
faithful) traces make it easier for the model to produce the
correct answer.

Therefore, as shown in Figure 2, the likelihood of Agr
conditioned on the sampled trace can serve as an implicit
measure of trace quality, without any thinking process la-
bels. Thus, we evaluate the teacher-forced likelihood of the
ground-truth answer Agr conditioned on the sampled trace
and define

ﬁg (AGT | Qvared) =

A d A d
PG (’LUL e | Qv Tpred7 wyq e 9.

N
1 ‘ ‘ :
N > log Py (wf“” | Q; Tprea; wf‘w,,_.,w{‘f{) ’
i=1
®)

which we convert to a scalar reward via rgink = — Lo (Agr |
Q,Tprea).  Practically, we form the token sequence
(Qrok, Ttok, AcTiok) by replacing the generated answer with
ground-truth tokens and perform a teacher-forced forward
pass to read logits; because Tprq is the only varying fac-
tor per input, (8) acts as an implicit supervision signal on
the thinking process. Finally, we combine 7y, with ver-
ifiable signals, which are IoU accuracy and output-format
validity, and optimize the policy using GRPO with group-
relative advantages, preferring traces that raises the likeli-
hood of ground truth answer without any thinking process
annotations.

3.3. Difficulty- and Variance-Aware Data Filtering

To efficiently train a VLM for egocentric visual intention
grounding, we identify training signals that are both learn-
able for the model and informative for policy improve-
ment. Concretely, we employ a think—then—answer VLM
and configure its exploration hyperparameters to stochasti-
cally sample multiple reasoning rollouts for each training
sample before RL finetuning.

Specifically, for each training sample i we execute

R=8 rollouts and compute an IoU-based verifiable re-
(k)

cator c(k) =1 IoUEk) > 7| under a fixed threshold 7.

7

ward r;’ € [0,1] for rollout k, with correctness indi-

We define a sample difficulty score as the number of cor-
rect rollouts d; = ZkP‘:l cl(-k) (smaller d; means harder),
and partition the dataset into three buckets: hard B; =
{i|d; € {0,1}}, medium B, = {i|d; € {2,3,4,5,6}},
and easy B, = {i|d; € {7,8}}. In addition to diffi-
culty, we quantify a sample’s informativeness by the reward
spread o; = Std ({rl(k) },5:1) , which upper-bounds the per-

sample advantage dispersion since for any baseline b; the

rollout advantages Agk) = rz(k) —b; satisfy Std({AZ(-k)}) =
Std({rgk)}) = o;. Intuitively, larger o; indicates a greater
separation between good and bad rollouts, yielding stronger
policy gradients for GRPO-style updates. Our filtering-and-
sampling scheme draws a portion vector ™ = (7, Ty, Te)
with 77, +7,, +7. = 1, and samples N, items from bucket
By, according to a variance-biased distribution

g%

P (L | Bb) = ﬁ )
JEBy 77

where « is a temperature controlling within-bucket sharp-
ness. To avoid misleading updates from unlearnable cases,
we discard degenerate samples with d; = 0 regardless of
high o;; this prevents the optimizer from chasing high-
variance but consistently incorrect rollouts. In practice,
a balanced choice of m emphasizes B,, for learnability,
supplements with By, for exploration and robustness, and
includes B, for stabilization, while the within-bucket o
weighting prioritizes samples whose rollouts provide larger
advantage gaps and thus more effective learning signals.

a >0, ©)]

4. Experiments

4.1. Implementation Details

Datasets. Considering the most practical application sce-
nario, for example headmount camera, or smart glasses, we
focus on egocentric vision datasets [7]. We evaluate the
effectiveness of our frameworks on Egolntention [27], a vi-
sual grounding benchmark pairing Ego4D images with in-
tention sentences. It contains two splits: context (typical
intents, e.g., “I need to sit down” — chair) and uncommon
(atypical intents, e.g., “I need a boost to change the bulb”
— chair). To assess generalization, we construct RefEgo-
Int from RefEgo [14] by sampling frames (one frame per
video clip) and collecting context intention sentences fol-
lowing the Egolntention dataset protocol. RefEgo-Int pre-
serves RefEgo key challenges: (i) frequent viewpoint mo-
tion, (ii) no-target cases, and (iii) long-tail object categories.
These challenges effectively extend the diversity of our test-
ing data, which in turn better assess model generalizability.

Models. Due to the strong vision-language under-
standing performance of Qwen2.5VL models [3], we use
Qwen2.5-VL-3B-Instruct as the main backbone and report
scalability with Qwen2.5-VL-7B-Instruct. GRPO settings
follow VLM-R1 [26]: N=8 rollouts, temperature 0.9, it-
erations 1, KL ratio 0.04, and learning rate le—6. The
grounding template and thinking prompts also match VLM-
R1. For the SFT baseline, we perform full finetuning with
LLaMA-Factory [42] on the Egolntention training set for
1 epoch, whereas for RL finetuning we apply Low-Rank
Adaptation (LoRA) [9] for 500 update steps.

Metrics. We report reasoning accuracy (correct target
object category given image and intention) and grounding



Table 1. Egolntention results split by Context / Uncommon and Overall. Metrics are P@0.5 (1) and mloU (7).

Context Uncommon Overall

Method

P@0.5 mloU P@0.5 mloU P@0.5 mloU
Qwen-VL [2] 32.1 0350 26.1 0.298 29.1 0.324
MiniGPT-v2 [6] 46.0 0429 409 0.373 434  0.401
Qwen2.5-VL-3B-Instruct [3] 64.8 0.581 56.1 0.483 60.4 0.532
Ours-3B 66.6 0594 60.7 0507 63.6 0.551
Qwen2.5-VL-7B-Instruct [3]  67.2  0.594 61.8 0.514 64.5 0.554
Ours-7B 689 0.605 643 0527 66.6 0.566

accuracy as Precision@0.5 using IoU between predicted 86.5
—o— loU reward

and ground-truth boxes.
4.2. Main Results

We evaluated our method on Egolntention context split
and uncommon split, reporting overall accuracy as shown
in Table 1. Compared with previous methods Qwen-VL
and MiniGPT-v2, our base model Qwen2.5-VL-3B-Instruct
achieves substantial improvements. Building on supervised
finetuning models, for the 3B model, our method ground-
ing precision on the context split increases by 1.8 points,
while the uncommon split improves by 4.6 points. For 7B
models, the context split increases by 1.7 points and the un-
common split by 2.5 points. These results demonstrate that
our framework is effective even when compared to strong
supervised fine-tuning baselines at both 3B and 7B scales.
The mIoU metric follows the same trend observed in preci-
sion@0.5.

Free thinking reward. Here we use the 3B model with
randomly selected (unfiltered) data for RL tuning to illus-
trate the effectiveness of our thinking reward. As shown in
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Figure 3. Intention reasoning accuracy (%) on Egolntention con-
text split. We show the intention reasoning accuracy trend during
500 steps RL finetuning.

Table 2. Intention reasoning accuracy (%) at different RL update
steps on the Egolntention context split. Step 0 corresponds to the
supervised finetuned model before RL.

Figure 3: First, RL finetuning with only the IoU reward Method O 100 200 300 400 500
causes a sharp early drop in performance due to reward IoU + formatreward ~ 86.6 83.7 825 834 845 852
hacking—object reasoning accuracy falls to 82.5% at step +logit reward 86.6 852 846 852 837 84.6

200. Second, adding our free-thinking reward stabilizes ob-
ject reasoning accuracy at the start of RL tuning. Finally,
the combined IoU + thinking reward yields consistent gains
throughout training, reaching 86.4% at step 500, a 1.2% im-
provement over the IoU-only model.

4.3. Ablation Study

Does a logit-space reward alone help? To understand
whether a reward defined in logit space itself is helpful, we
conduct an ablation where we compute a logit-based reward
between the predicted answer distribution and a one-hot
ground-truth label, without overwriting the answer tokens.
Baseline model is trained with IoU and format rewards only.
As shown in Table 2, adding this logit reward alone leads to
a 0.6% drop in reasoning performance at 500 steps com-
pared with the baseline. In contrast, our free thinking re-

+free thinking reward 86.6 853 85.1 852 857 864

ward replaces the predicted answer tokens with the ground-
truth answer and measures how likely the model is to gen-
erate the correct answer given the sampled thinking trace,
i.e., it constrains the probability P(Agr | @, Tprea). This
explicitly ties the quality of the thinking process to answer
correctness and yields a 1.2% improvement over the base-
line model, demonstrating highly effectiveness.

Data Filtering. We broadly explore multiple data selec-
tion methods for RL on visual intention grounding tasks.

* Random. The baseline randomly samples the RL training
set without any data filtering.

* Unsolved. Following prior RL-for-reasoning works, we
keep only samples that the SFT model fails on, these form



Table 3. Overall grounding accuracy (Precision@0.5, %) across
different training update steps on the Egolntention dataset using
five data filtering strategies.

Method 0 100 200 300 400 500

Random 604 627 628 629 63.0 63.1
Unsolved 604 600 603 601 592 59.5
Near threshold 604 628 625 626 624 629
Normal distribution 604 622 63.1 63.1 634 63.5
Ours 604 61.8 626 632 638 64.0

the hard unsolved RL set.

e Near threshold (IoU ~ 0.5). We select samples whose
SFT IoU is near the 0.5 decision boundary, assuming they
are most correctable by RL.

e Normal distribution sampling. Using our difficulty
(wrong rollout count) and informativeness (reward vari-
ance) estimates, we sample with a normal distribution
centered at 4 wrong rollouts (midpoint of 0-8).

* Qurs. Motivated by the drop with hard—unsolved data, we
downweight hard cases and exclude all-wrong samples,
focusing RL on informative easy—medium instances.

As shown in Table 3, we first observe that directly borrow-
ing strategies from previous RL work on reasoning tasks
does not work well. Using unsolved hard samples for RL
finetuning cannot even boost the final grounding precision,
performance drops from 60.4 at step 0 to 59.5 at step 500.
Compared with the baseline method without any data filter-
ing strategy, we see a clear gap at step 500, dropping from
63.1 10 59.5. For training samples with IoU near 0.5, there is
a consistent slight decrease across updating steps compared
with baseline results. For the normal distribution approach
based on the difficulty level we estimated for the training
set, our strategy prefers samples with higher informative-
ness levels within each difficulty bin. We observe better
results compared with the baseline method. At step 500,
the overall grounding performance on Egolntention outper-
forms the baseline method by 0.4. Finally, we exclude sam-
ples with all wrong rollouts and use a sample ratio of 1:6:3
for hard, medium, and easy level samples. This achieves the
best overall performance compared with baseline.

4.4. Visualization

As shown in Figure 4 , we visualize paired outputs to assess
how the free thinking reward shapes reasoning and ground-
ing. Human intention queries are shown in yellow. For clar-
ity, the system prompt is omitted. Red denotes the thinking
process and answer from the model trained only with the
IoU reward, while green shows the output from the model
trained with both IoU and free thinking rewards. Both mod-
els are finetuned on the same randomly sampled data

The six examples on the left illustrate cases where the
IoU-only model predicts correct bounding boxes but incor-

Table 4. Visual grounding accuracy (Precision@0.5, %) at differ-
ent training update steps on the RefEgo-Int dataset.

Method 0 100 200 300 400 500
Naive RL-3B 142 222 223 226 230 234
Ours-3B 142 232 233 235 245 244
Ours-7B 18.0 235 249 247 249 255

rect object reasoning. Models trained solely with IoU re-
ward often confuse visually or functionally similar objects
even when localization is correct. For instance, in the first
sample of the first row, the user asks for a container to hold
leftover paint; the model correctly localizes the paint can
but labels it as a bottle. In the second sample of the sec-
ond row, the user asks for a container for drinking coffee;
the model’s trace suggests it searches for a cup or mug, and
it correctly bounds the red and white cup on the counter,
but mislabels it as a mug. Other typical confusions include
bucket vs. tray, bucket vs. bowl, knife vs. scissors, and
sponge vs. tissue paper.

The two examples on the right show failures in both rea-
soning and grounding. In the first row, the model mentions
a ladder in its thought process, suggesting the user needs
one to reach the top shelf. However, it is a hallucination
that no ladder appears in the image. The model marks the
area around the stool as a ladder. In the second row, the
model’s reasoning fixates on the television’s prominent vi-
sual features. The thinking process doesn’t mention finding
a communication device like a cell phone or telephone. Our
model explicitly reasons that a phone is needed for mak-
ing calls or confirming plans, and successfully locates the
telephone in the image.

4.5. Zero-shot Evaluation

To verify that our RL framework boosts the model’s gener-
alization ability, we test our models on RefEgo-Int, a chal-
lenging egocentric visual grounding dataset. First, we eval-
uate the base models, which are supervised fine-tuned on
the Egolntention dataset. The results are low, the 3B model
achieves 14.2% precision@0.5, and the 7B model achieves
18.0%. This is because the models are zero-shot tested
without training on RefEgo dataset, and because of chal-
lenges like blurry objects caused by view motion, long-tail
object categories, and cases where no ground truth bound-
ing boxes exist in the image. The model should be aware
of how to reject a query when there is no target object in
the image. However, the model trained on Egolntention
doesn’t have such abilities. After applying our RL fine-
tuning framework on the EgoIntention dataset, we zero-shot
test our RL models on RefEgo-Int. We observe significant
improvements compared with the SFT baseline at step O for
both 3B (+10.2% P@0.5) and 7B (+7.5% P@0.5) models.
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Query: I could really use something to hold the
leftover paint while I work on this project.

<think> The object that is likely being referred
to as "bottle” is typically a container for liquids,
such as paint. Given the context of painting, it
makes sense that the bottle would be used to
hold paint. </think>

<answer> {"bbox_2d": [648, 583, 751, 710],
"label": "bottle"} </answer>

<think> The object that is likely being referred
to as "a can"is typically a container for liquids,
such as paint. Given the context of painting, the
most logical item to hold paint would be a can.
</think>

<answer> {"bbox_2d": [648, 583, 759, 713],
"label": "can"} </answer>

Query: I'm in the middle of a project ...; I need
something to help clean this up quickly.

<think> The object that can be used for cleaning
up spills is likely a sponge or a cloth, which is
commonly found in kitchens and bathrooms.
</think>

<answer> {"bbox_2d": [954, 453, 1087, 630],
"label": "sponge"} </answer>

<think> The object that is likely used for
cleaning spills quickly is typically a paper towel
or a similar absorbent material. Given the
context, it seems logical that the item on the
table could be a paper towel. </think>
<answer> {"bbox_2d": [954, 453, 1087, 630],
"label": "tissue_paper"} </answer>

Query: I need something to hold the soapy water
while I rinse the dishes.

<think> The object that is being held by the
person is likely a bowl or a similar container
used for holding liquids, such as soap or water.
Given the context of washing dishes, it makes
sense that this would be a bow/. </think>
<answer> {"bbox_2d": [265, 553, 780, 1049],
"label": "bowl"} </answer>

<think> The sentence describes holding a
container, which is likely a bucket or a bowl.
Given the context of washing dishes, a bucket
would be suitable for holding soapy water.
</think>

<answer> {"bbox_2d": [265, 553, 780, 1049],
"label": "bucket"} </answer>

Query: I just brewed some coffee and need a
container to pour it into.

<think> The object that fits ... for holding
liquids, such as coffee, is likely a cup or mug.
Given the context of a kitchen setting, a mug
would be more appropriate than a cup. </think>
<answer> {"bbox_2d":[1215, 479, 1380, 656],
"label": "mug"} </answer>

<think> The sentence describes pouring coffee,
which typically involves a cup or mug. The
image shows a red and white striped cup on the
counter. </think>

<answer> {"bbox_2d": [1216, 478, 1379, 656],
"label": "cup"} </answer>

Query: I need a way to keep these supplies
organized so I can reach them without making a
mess on the floor.

<think> The person is likely looking for a
container or basket to hold the paint tray and
other items. Given the context, a bucket or a
small storage bin would be suitable. </think>
<answer> {"bbox_2d": [1156, 1247, 1364,
1440], "label": "bucket"} </answer>

<think> The sentence describes a tray or pan,
which is typically used for holding items that
need to be kept together or protected from the
floor. Given the context of painting, a tray
would be useful for holding paint cans or other
supplies. </think>

<answer> {"bbox_2d": [1156, 1247, 1365,
1440], "label": "tray"} </answer>

\ o

Query: I'd like to neatly open this bag of
ingredients without making a mess, if I could just
find something sharp.

<think> The object that is likely being referred
to as "sharp" is a knife. Knives are commonly
used for cutting and can be found on the counter.
</think>

<answer> {"bbox_2d": [113, 1014, 185, 1239],
"label": "knife"} </answer>

<think> The scissors are located on the left side
of the countertop near the sink. </think>
<answer> {"bbox_2d": [113, 1014, 185, 1239],
"label": "scissor"} </answer>

Query: It’s hard to get to the top shelf, so I could
really use a little boost to help me grab what I
need.

<think> The person is likely using a step stool
or ladder to reach higher shelves or surfaces in
the garage. </think>

<answer> {"bbox_2d": [0, 173, 658, 574],
"label": "ladder"} </answer>

<think> The object that fits the description of @
step stool is the one located on the left side of
the image, near the bottom. It appears to be a
small, portable step stool that can be used for
reaching higher shelves or surfaces. </think>
<answer> {"bbox_2d": [230,461, 407, 598],
"label": "stool"} </answer>

Query: I need to confirm our dinner plans, but
can’t rely on my usual device at the moment.

<think> The device described is a television set,
which is used for watching videos or movies.
</think>

<answer> {"bbox_2d": [571,259, 1113, 640],
"label": "television_set"} </answer>

<think> The sentence describes a phone, which
is typically used for making calls .... The
mention of needing to confirm dinner plans
suggests that the phone is being used for
communication purposes. </think>

<answer> {"bbox_2d": [289.0, 579.0, 384.0,
658.0], "label": "telephone"} </answer>

Figure 4. Visualization comparing the baseline VLM trained with IoU reward only and our model trained with both IoU and free thinking

rewards. The human intention query is colored in

shown in

with gray boxes. Please zoom in for better view.

We also compare our RL framework with the IoU reward
only RL method, and we achieve better performance, boost-

ing approximately 1.0% P@0.5.

5. Conclusion

. The baseline model’s reasoning and answers are shown in red, while ours are
, with key reasoning phrases underlined. For the six examples on the left, both methods produce the same grounding, shown

improves both grounding accuracy and intention reasoning,
achieving state-of-the-art results over strong Qwen2.5-VL
baselines, and we hope our framework will inspire more
think—answer consistent VLMs in the community.

In this paper, we identify a mismatch between incorrect
thinking processes and correct bounding boxes in visual
intention grounding. To address this, we propose a free
thinking reward that scores reasoning traces by how much
they boost the likelihood of the correct answer. Beyond this
thinking reward, we tailor a difficulty- and informativeness-
aware data filtering strategy for visual intention ground-
ing, which focuses GRPO training on informative easy-to-
medium samples. Extensive experiments on Egolntention
and RefEgo-Int demonstrate that our approach consistently

Future Work. Our label-free thinking reward is task-
agnostic, the final output format is not limited to bounding
box coordinates. We plan to extend it to reasoning tasks
such as visual question answering and vision-language-
action models. Moreover, beyond checking the correctness
of the inferred target object, we plan to design dedicated
metrics to evaluate the quality of the thinking process. For
example, we will check thinking process consistency across
rollouts during training and whether overthinking occurs.
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