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Abstract

Thinking with images empowers vision-language models (VLMs) to use an external
Z0OM-IN tool for fine-grained visual search. Recent works employ supervised fine-
tuning (SFT) and reinforcement learning (RL) with tool-specific designs to enable
such capabilities. However, achieving logical reasoning alongside accurate and
efficient tool use remains a significant challenge. To address this, we shift the focus
away from increasing RL complexity and instead identify SFT data quality as a key
bottleneck. We then propose LOGT (short for Logically Think with Images), a fully
automated SFT data engine that explicitly enforces logic-chain-guided reasoning.
LOGT generates an SFT dataset featuring challenging, visually grounded questions
and structured tool-use traces with human-like logic. We validate our approach by
fine-tuning two base models, Qwen2.5-VL-7B and InternVL3.5-8B, on the dataset
and evaluating them across seven benchmark test sets. We show that LOGT-SFT
based on Qwen2.5-VL-7B outperforms the state-of-the-art trained with both SFT
and RL, despite using 3.1 less data and >120x fewer GPU hours. Furthermore,
applying a simple RL recipe without tool-specific design on LOGT-SFT yields
a model that surpasses prior methods with complex RL setups by a substantial
9.59-point margin. In addition to strong performance gains, our model exhibits
higher tool-use accuracy and efficiency, as well as more structured and logically
consistent reasoning traces, directly validating the effectiveness of our approach.

1 Introduction

Vision-Language Models (VLMs) [1, 2] integrate visual and textual information by aligning high-
level visual cues with text embeddings via visual encoders and projection layers. However, this
alignment process introduces irreversible information loss, causing VLMs to struggle with visually
intensive tasks that require fine-grained visual search [3]. Even when augmented with text-based
chain-of-thought (CoT) reasoning [4, 5], such limitations persist, as textual reasoning cannot recover
missing visual details. Therefore, recent works [6, 7] introduce thinking with images, enabling
VLMs to invoke external tools to extract additional visual information and interleave it with textual
reasoning. In this context, we investigate how VLMs can more effectively leverage the widely studied
Z.0OM-IN tool [7—12] for visual search.

Existing efforts approach this problem through post-training, typically combining supervised fine-
tuning (SFT) for cold start with reinforcement learning (RL) driven by outcome-based and tool-related
rewards. While these methods have shown promising results, we find that the improvement largely
stems from increased familiarity with the tool format gained during post-training. In contrast,
enabling VLMs to logically reason about when and how to invoke the tool for accurate region-of-
interest identification and efficient inference remains a fundamental challenge [13] (see analysis
in Section 4.5). While RL with finer-grained step-by-step process supervision using process reward
models (PRMs) [14] has shown early promise in improving reasoning aided by non-visual tools,
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Figure 1: Main idea. We generate reason-
ing traces based on human-like strategies in-
cluding (i) direct answering for simple ques-
tions, (ii) multi-hop reasoning by focusing on
different regions, and (iii) exhaustive search for
more difficult cases. For easy questions where
the base model’s average @8 is 1, we synthesize
direct answering traces without ZOOM-IN. Oth-
erwise, we first generate logic chains that specify
key tool-use steps and then use them to guide the
VLM in synthesizing tool-use reasoning traces.
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Figure 2: Result highlights. By applying SFT to
a Qwen2.5-VL-7B model using 5.4k to 7.1k of
our synthesized data, LOGT-SFT surpasses the
best-performing MINT-03-RL on average across
seven test sets, while using up to 3.1x less data
and >120x fewer GPU hours. With a simple RL
setup without any tool-specific design, LOGT-
RL further outperforms baselines by 9.59.

PRMs for training VLMs to think with images and use ZOOM-IN effectively and efficiently remain
underexplored, largely due to the limited scalability and high cost of training dedicated PRMs.

Therefore, we shift the focus from designing more complex RL to improving SFT data quality, which
we identify as a key bottleneck. We propose LOGT, a novel data engine that generates SFT data to
teach VLMs to Logically Think with Images for visual search. Importantly, LOGT is fully automated
and relies solely on open-source models to enhance the quality of SFT data. Each synthesized SFT
sample includes a visual search question-answer (QA) pair, and the corresponding tool-use reasoning
traces. Accordingly, we design LOGT to improve the quality of both QAs and reasoning traces.

For QA quality, we enrich the VLM’s input with detailed visual contexts in addition to the full image,
enabling the synthesis of more challenging questions that target fine-grained visual details. We
then apply rigorous filtering to retain only high-quality QA pairs. For reasoning trace quality, we
first construct logic chains that mimic human problem-solving strategies (e.g., multi-hop reasoning
in Figure 1). These logic chains serve as skeletons and outline the key steps needed to solve each
visual search task. We then use them to guide the VLM in generating structured and coherent
reasoning traces with appropriate tool calls.

To demonstrate the effectiveness of LOGT, we train Qwen2.5-VL-7B [15] and InternVL3.5-8B [16]
on our synthesized SFT dataset comprising 7.1k high-quality entries. As shown in Figure 2, using
3.1x less data and >120x fewer GPU hours, our SFT-only model (LOGT-SFT based on Qwen2.5-
VL-7B) outperforms the state-of-the-art (SOTA) open-source model trained by both SFT and RL
across seven test sets. We further apply off-the-shelf RL with straightforward outcome-based rewards,
and the resulting model outperforms prior methods by at least 9.59 points, despite their reliance on
more complex, tool-specific RL strategies. In addition, both our SFT and RL checkpoints achieve
better tool-call accuracy and efficiency. A human evaluation further shows that our method produces
more coherent and higher-quality reasoning traces.

In summary, our contributions are threefold:

* We identify SFT data quality as a key bottleneck and introduce LOGT, a novel data synthesis
strategy that generates high-quality SFT data with challenging QA pairs and coherent, human-
like reasoning traces. This strategy produces a dataset with 7.1k entries.

* We show that training Qwen2.5-VL-7B solely on our SFT data outperforms prior SOTA models
that use both SFT and RL, while also achieving significantly higher data and training efficiency,
highlighting the value of investing more compute and effort in SFT data quality.

* We further improve LOGT-SFT with a simple RL setup without any tool-specific design,
underscoring the importance of SFT quality. The resulting model also achieves higher tool-call
accuracy, greater tool-call efficiency, and more logically coherent reasoning traces.



2 Related Work

Think with images. Thinking with images extends text-only CoT reasoning by allowing VLMs to
interleave textual reasoning with visual information extracted via external tools from either the input
image or intermediate tool outputs. Some methods [6, 17] adopt a training-free, modular agent-based
design, allowing proprietary VLMs (e.g., GPT-40 [18]) to invoke visual tools during inference. In
contrast, other approaches, including OpenAl’s 03 [7, 19-21], rely on post-training to incentivize
VLMs with tool-use capabilities.

Among prior work, ZOOM-IN is one of the most widely used visual tools [7-12, 22-24], showing
consistent improvements in visual search [3]. Most methods employ a two-stage post-training pipeline
of SFT followed by RL. SFT primarily teaches models to invoke ZOOM-IN and conform to its calling
format, which is crucial because current VLMs exhibit limited zero-shot tool-use ability. RL then
uses outcome-based rewards to further encourage tool usage and format compliance. However,
these approaches still face fundamental challenges to train VLMs to reason logically with images
and to call ZOOM-IN both accurately [24] and efficiently [13]. Li et al. [12] improve tool-call
efficiency through designing complex RL rewards and rollout strategies, but at the cost of substantial
RL overhead. RL with process supervision could potentially mitigate these limitations. However,
this often requires PRMs [14]. To the best of our knowledge, PRMs tailored for thinking with
images remain underexplored, and training such specialized PRMs that meet our requirements is both
challenging and very expensive.

SFT data for visual reasoning. Building SFT datasets for thinking with images requires reasoning
traces that interleave text with images returned by tool calls. This is challenging because most existing
SFT datasets for visual reasoning [25-29] contain only textual reasoning, without intermediate visual
evidence. A few datasets [30, 31] do provide reasoning traces that interleave texts and images using
referenced bounding boxes. However, they typically use low-resolution images and include only a
single bounding box per trace, making them inadequate for high-resolution and fine-grained visual
search tasks requiring multi-step tool use.

Recent works on thinking with images [8, 9, 11, 23] release their own SFT datasets. These studies
typically generate visual search questions by directly prompting VLMs with full input images.
Consequently, the synthesized questions often center on easy-to-search objects. Furthermore, the
reasoning traces are usually generated by directly prompting VLMs or agents without careful quality
control, and they often lack the human-like logical structure for solving complex problems, as
presented in our approach. We also note that, despite the release of datasets and checkpoints in
prior work, the data generation engines themselves receive less attention and are often not publicly
accessible either. In contrast, we focus on the data generation strategy itself and will release our
complete data generation framework to support reproducibility in this line of research.

3 Our Data Engine: LOGT

We propose a novel data synthesis framework, LOGT, for generating an SFT dataset with high-quality
visual search QA pairs and reasoning traces. This dataset is used to enhance VLMs’ ability to use
ZOOM-IN for fine-grained visual search. Our goal is to train VLMs not only to invoke ZOOM-IN
in the correct format over one or multiple turns, but also to logically think with images and to use
Z0OOM-IN accurately and efficiently to identify regions of interest.

Figure 3 illustrates the process for generating a single-object QA and its corresponding tool-use
reasoning trace. Given an image [y and two object-centric crops that provide contextual (/) and
focused (Ir) views of the target object, the QA generator produces candidate QA pairs, which are
then filtered using automatic quality checks. We then pass the generated QAs along with a synthesized
caption of Ij to a logic chain generator, which produces a multi-hop chain L, and an exhaustive
search chain (L g). One of these chains is selected and used to guide the reasoning trace generator to
construct a full trace that interleaves textual reasoning with ZOOM-IN actions. Each ZOOM-IN call
extracts a region from Iy or a previous crop, resulting in crops denoted as I; through 5.

While ensuring high data quality, LOGT is fully automated and accessible, relying solely on open-
source models without needing proprietary models or complex visual agents. In the following
sections, we detail the key components of (i) QA pair generation (Section 3.1) and (ii) reasoning
trace synthesis (Section 3.2).
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Figure 3: A detailed overview of LOGT SFT data synthesis engine. Part 1 (top; Section 3.1)
synthesizes visual search QA pairs using the full image (/y) along with rich visual contexts (/¢ and
Ir, top left) related to randomly selected target objects. After generating candidate QAs, we apply
a simple heuristic filter and use a VLM-as-a-Judge to ensure quality. Part 2 (bottom; Section 3.2)
generates reasoning traces for the selected QA. For easy questions, we directly generate traces without
tool calls (omitted here). For other questions, we first create logic chains (Lj; and Lg) based on
two human-like strategies. A logic chain selector then chooses the more appropriate one, which is
subsequently used to guide the synthesis of multi-turn reasoning traces with tool use.

3.1 Object-oriented QA Pair Synthesis.

Our QA pair synthesis strategy consists of two steps: (i) generating challenging QA pairs using a QA
generator, and (ii) performing quality control through a filter and a QA quality judge. Specifically,
we use Qwen2.5-VL-72B [15] as the generator and a different open-sourced VLM, GLM-4.5V [32],
as the judge.

As preparation, we source high-resolution images from the SA1B dataset [33], similar to PIXEL
REASONER [8] and CHAIN-OF-FocCUS [9]. For each image, SA1B provides bounding boxes
representing unnamed objects.

Enhance QA generation with object-oriented visual contexts. We generate visual search QA
pairs in an object-oriented manner, with each focusing on one or two specific objects within the
input image Iy. To avoid bias toward easily identifiable objects and increase question difficulty,
we first filter out bounding boxes that cover more than 1% of the image area. From the remaining
boxes, we randomly select one box for single-object questions, or a pair of boxes for relation-based
questions. In addition to the full image, we prepare two more crops related to each bounding box: (i)
a contextual crop I that is several times larger than the bounding box to capture surrounding visual
context, and (ii) a focused crop I that exactly matches the bounding box to capture fine-grained
object details. This results in 3 images for single-object and 5 for relation-based questions. We
provide the QA generator with these images, detailed generation rules, a taxonomy of permissible
question types, and in-context examples to produce two candidate QA pairs. The QA generation
prompt is shown in Figure 7.

QA filtering and selection. We first apply a simple rule-based filter to eliminate QAs that violate
output format requirements. Then we evaluate the remaining pairs using the QA quality judge to
determine whether one or both conform to our quality criteria, including answer correctness, question
unambiguity, efc. If neither QA candidate passes, we discard both; if both are valid, the judge selects
the better one. To mitigate positional bias of the judge [34], we run the evaluation twice with the
QA order reversed. We err on the side of caution by accepting a QA pair only if it is consistently
validated across both evaluations.

Compared to prior work, our method produces more challenging and higher-quality questions.
We define average @8 as the accuracy obtained by randomly sampling responses eight times at a
temperature of 0.8. As shown in Figure 11, only 24% of our synthesized questions are perfectly
answered by Qwen2.5-VL-7B without tool use, i.e., average@8 = 1, substantially fewer than in
existing datasets.



3.2 Logic Chain-driven Reasoning Trace Synthesis.

In visual QA tasks, humans typically adopt one of the following reasoning strategies. We leverage
these strategies to ensure the logical coherence of generated reasoning traces and to minimize
unnecessary tool usage: (i) Direct answering: When the target object is prominent and the question
is straightforward, humans can answer directly without intermediate reasoning. (ii) Multi-hop
reasoning: For questions requiring indirect visual cues, like “What color is the backpack worn by
the person?”, humans identify intermediate visual anchors (e.g., the person), then refine their focus
(e.g., the backpack), reasoning through multiple “hops”. (iii) Exhaustive search: When the target is
difficult to locate and the question lacks clear visual references, such as asking to find a person in a
crowd, humans may divide the scene into several parts and search systematically.

For easy questions where Qwen2.5-VL-7B achieves an average @8 of 100% even without requiring
tools, we adopt the direct answering strategy to generate a more tool-efficient reasoning trace,
consisting of a single turn without invoking the ZOOM-IN tool.

Otherwise, we simulate the remaining two strategies and synthesize reasoning traces that involve one
or more tool calls. This process includes: (i) abstracting these strategies into logic chains using a
logic chain generator, where each chain consists of a sequence of key steps that specify where to
focus and which image to zoom into, (ii) selecting the most appropriate logic chain via a logic chain
selector, and (iii) leveraging the selected logic chain as structured guidance for the reasoning trace
generator to produce coherent tool-use reasoning traces. While an ideal system would rely on a single
VLM to perform all three parts, current open-sourced VLMs often lack the instruction-following
reliability and fine-grained reasoning precision required for high-quality logic chain generation. To
address this, we use GPT-OSS-120B [35] as the logic chain generator, and GLM-4.5V for both logic
chain selection and reasoning trace generation.

Logic chain generation and selection. Given an image I and a QA, we first supply the logic chain
generator with the question and a VLM-generated image caption as necessary visual context. It then
outputs two types of logic chains: one for multi-hop reasoning (L ;) and one for exhaustive search
(Lg). Each chain comprises sequential steps that identify a target object or region (e.g., “person” or
“left crowd”) and determine which image to zoom into (e.g., the full image I or a crop returned from
a previous ZOOM-IN call, such as I; or I5 in Figure 3). The logic chain generator must reason over
spatial and contextual dependencies. For example, in Figure 3, it needs to decide whether to zoom in
gradually, such as identifying the backpack from a crop of the person, or to access multiple objects in
parallel, such as finding the security gate and the person.

Once both logic chains are generated, we pass them along with the full image and question to the
logic chain selector. We use it to choose a more appropriate chain based on task complexity and tool
call efficiency.

Reasoning trace synthesis. Next, we prompt the reasoning trace generator to follow the selected
logic chain step-by-step, producing a reasoning thought and a corresponding ZOOM-IN action at
each turn until reaching the final answer. The prompt used for reasoning trace synthesis is shown
in Figure 8. Finally, we build an SFT dataset with 7.1k high-quality QAs and reasoning traces.

We present example multi-hop reasoning traces in Figure 12 and an example exhaustive search reason-
ing trace in Figure 9. Tool-use statistics of our synthesized SFT dataset are provided in Section A.3
and visualized in Figure 10. To qualitatively demonstrate that LOGT produces higher-quality reason-
ing traces, we present a case study comparing our traces with those from prior work in Section A.4.
Finally, we analyze the computational cost of our data engine in Section A.5.

4 Experiments

4.1 Experimental Setup

Baselines. We compare our method against a broad set of baselines: (i) VLMs without ZOoOM-
IN, including the proprietary GPT-4o [18], and open-source models such as Qwen2.5-VL-7B and
-72B [15]. (i) VLMs with ZOOM-IN, including the proprietary o3 [7], and several open-source
models post-trained for ZOOM-IN, such as PIXEL REASONER [8], DEEPEYES [10], CHAIN-OF-
Focus [9], MINI-03 [1 1], and Li ef al. [12]. All open-source baselines here use Qwen2.5-VL-7B
as the base model and rely on ZOOM-IN as the sole image-interaction tool. They all apply SFT for



Table 1: Performance comparison between our models and baselines. We evaluate the pass@ 1
accuracy of various models on seven test sets across four benchmarks, and use MME-RW-Lite to
denote the out-of-domain benchmark MME-RealWorld-Lite. As checkpoints from Li et al. [12] are
not publicly available yet, we report evaluation results directly from the original paper and leave
unavailable results blank. For open-sourced SFT and RL models, the best and second-best results
are marked in bold and underlined, respectively. The green rows refer to our models. Using only
5.4k-7.1k samples from the SFT dataset synthesized by LOGT, the resulting LOGT-SFT outperforms
existing baselines, including those trained with both SFT and RL. After applying an off-the-shelf
RL recipe without any tool-specific design (see Section 4.2), LOGT-RL surpasses all open-sourced
baselines by at least 9.59 points.

Data * VisualProbe HR-Bench MME-

< oV RW-Lite A%

SFT RL Easy Medium Hard 4K 8K
Proprietary Models
GPT-40 - - 66.00 47.50 15.40 1120 59.00 55.50 46.40 43.00
o3 - - 95.70 69.50 47.01 32.08 - - - -
Open-sourced Models w/o Tools
Qwen2.5-VL-7B - - 79.58 41.81 23.13 19.81 7238 66.25 48.46 50.20
Qwen2.5-VL-72B - - 79.06 39.72 32.09 28.30  76.25 73.00 50.13 54.08

Open-sourced SFT Models with Tools

PIXEL REASONER-SFT 4k 0 74.87 49.65 18.66 20.75 6475 59.88 47.06 47.95
CHAIN-OF-FocUs-SFT 5.4k 0 83.77 53.90 27.61 3491 7150 6525 48.05 55.00
MINI-03-SFT 7.3k 0 64.40 32.62 28.73 14.15 5375 51.75 38.56 40.57
LOGT-SFT 4k 0 85.34 61.70 34.70 36.79  71.50 67.25 43.93 57.32
LOGT-SFT 5.4k 0 85.86 60.99 38.06 3774 7225 70.62 48.15 59.10
LoGT-SFT 7.1k 0 87.43 60.99 41.04 39.62 72.00 70.12 45.96 59.59

Open-sourced RL Models with Tools
PIXEL REASONER-RL 4k 7k 81.68 58.87 24.25 2642  73.00 67.38 5242 54.86
CHAIN-OF-FOoCcUs-RL 5.4k 89k  83.25 55.32 28.36 36.79 7250 65.88 48.83 55.85

DEEPEYES-RL 0 47k 83.25 62.41 27.99 30.19  74.62  69.50 53.47 57.35
Lietal [12] 4k 7k 85.86 - - - 73.40  66.60 - -

MINI-03-RL 73k 9.7k  89.53 51.77 45.15 36.79 7125 66.62 42.73 57.69
LoGT-RL 7.1k 6.4k  92.15 70.92 52.24 51.89 76.12 74.62 53.00 67.28
A vs. SOTA - - +2.62 +8.51 +7.09 +15.10 +1.50 +5.12 -0.47 +9.59
A vs. Base Model - - +12.57  +29.11  +29.11  +32.08 +3.74 +8.37 +4.54 +17.08

cold-start training before RL, except for DEEPEYES. Notably, all adopt tool-specific RL strategies.
Additional baselines are evaluated in Table 3 and discussed in Section B.3.

Benchmarks. We evaluate our method and baselines on the following benchmarks: (i) Fine-
grained visual search on high-resolution images: This includes V" [3], VisualProbe [11], and
HR-Bench [36]. VisualProbe is officially divided into three difficulty levels: easy, medium, and
hard. HR-Bench consists of two resolution-based subsets: 4K and 8K. (ii) Out-of-domain visual
perception and reasoning beyond visual search: We use MME-RealWorld-Lite [37], which differs
substantially from the LOGT SFT dataset in both the visual content and the types of tasks involved.
This makes it well-suited for assessing models’ generalization to out-of-domain visual reasoning tasks
beyond visual search. MME-RealWorld-Lite is a comprehensive benchmark with 1,919 questions
covering 43 task types, evaluating general perception and reasoning capabilities of VLMs across
diverse scenarios such as OCR, remote sensing, diagram understanding, etc. In total, our evaluation
covers seven test sets, accounting for multiple official splits in VisualProbe and HR-Bench.

Evaluation details. We use greedy decoding for all evaluated models' and report pass@1 accuracy
to ensure reproducibility. For all open-sourced models without built-in tool usage, we apply CoT
prompting using the instruction “Please reason step by step.” For 03, we report the V* result from its
model card and evaluate VisualProbe using medium reasoning effort with the code interpreter tool.
Additional evaluation details are provided in Section B.1.

'PIXEL REASONER and CHAIN-OF-FOCUS pad or enlarge model-predicted bounding boxes before applying the ZOOM-IN
operation. We argue that altering bounding boxes can artificially inflate grounding and tool call accuracy, while increasing
inference cost due to additional visual tokens. To ensure a fair comparison, we disable all bounding-box modifications and
evaluate using the model-predicted boxes directly.



4.2 TImplementation Details

SFT implementation. Following prior works, we use Qwen2.5-VL-7B as the base model. We train
it on the SFT dataset synthesized by LOGT for 3 epochs using a learning rate of le-5 and an effective
batch size of 128. The resulting model is LOGT-SFT.

RL implementation. We apply off-the-shelf RL to LOGT-SFT fine-tuned on 7.1k samples, to
investigate how improved cold-start affects post-RL performance. The resulting model is LOGT-RL.
Our reward function consists of only two terms: a correctness reward (rcorrect) and a formatting reward
(Tformat)- The correctness reward assigns 7eorece = 1 if the model’s predicted answer matches the
ground-truth, and 0 otherwise. The formatting reward assigns 7'orma; = 0.5 if the model follows the
correct format, and O otherwise. The total reward iS 7 = Tcorrect + "format-

For the RL algorithm, we slightly modify standard Group Relative Policy Optimization (GRPO) [38]
to encourage exploration. Specifically, we remove KL regularization and adopt the clipping-higher
strategy recommended by Yu er al. [39] for agentic RL to set the upper clipping ratio to 0.315.
We sample 8 rollouts per input, and adopt a constant learning rate of le-6. We use veRL [40] for
implementation and run RL for 100 steps.

We source RL training data from MINI-03 [11]. Additional details on our RL implementation are
provided in Section B.2.

4.3 Main SFT Results

In this section, we report SFT results using Qwen2.5-VL-7B as the base model. We also fine-tune
InternVL3.5-8B [16] on our SFT dataset and present those results in Table 4 of Section B.4.

LOGT-SFT outperforms all baselines, including those trained with both SFT and RL, while
being highly data- and training-efficient. As shown in Table 1, the LOGT-SFT model trained on
7.1k synthetic samples generated by our method, surpasses all open-source baselines, including those
post-trained with both SFT and RL. Compared to the strongest SFT baseline, CHAIN-OF-FOCUS-SFT,
our model achieves higher performance across 6 out of 7 test sets, with an average gain of 4.59 points.
Against the best-performing baseline, MINI-03-RL, LOGT-SFT delivers a 1.9-point improvement.

Moreover, even when the number of training samples is reduced from 7.1k to 5.4k, LOGT-SFT still
outperforms all baselines. In comparison, DEEPEYES-RL uses 8.7 x more data, and MINI-O3-RL
uses 3.1x more. Training Qwen2.5-VL-7B on 5.4k SFT samples takes only 3.2 hours on 8 xA100
GPUs, making it >120x more compute-efficient than the best RL baseline, MINI-03-RL, in terms of
GPU hours. These results underscore the effectiveness of our data engine in producing high-quality
SFT training data.

LoGT-SFT significantly outperforms SFT baselines under equal data budgets. For fair com-
parison, we evaluate LOGT-SFT under matched or lower data budgets. Specifically, we randomly
sample 4k and 5.4k subsets from our synthetic dataset, matching the sizes used by PIXEL REASONER
and CHAIN-OF-FOCUS, and then fine-tune Qwen2.5-VL-7B on these subsets. Under equal data
constraints, Table 1 shows that LOGT-SFT outperforms PIXEL REASONER-SFT by 9.37 points and
CHAIN-OF-FOCUS-SFT by 4.1 points. With a slightly smaller dataset with 7.1k samples, LOGT-SFT
surpasses MINI-03-SFT by a large margin of 19.02 points. These results demonstrate the superior
quality of our synthetic data generated by our framework.

4.4 Main RL Results

Applying off-the-shelf RL on top of LOGT-SFT improves performance and generalization,
outperforming all baselines by a wide margin. In Table 1, we show that applying off-the-shelf
RL to the LOGT-SFT model further leads to a notable improvement of 7.69 points. Remarkably,
LoGT-RL surpasses all RL baselines by at least 9.59 points, even though those baselines use more
sophisticated and tool-specific RL designs. Moreover, it enhances the model’s generalization ability,
achieving performance comparable to the current SOTA on the out-of-domain benchmark MME-
RealWorld-Lite. These results highlight that the benefits of high-quality SFT data generated by our
method are further amplified when combined with RL.

High-quality SFT data from our framework significantly improves the RL performance ceiling.
To evaluate the impact of our SFT data engine on the RL performance ceiling, we apply the same
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form on par with, or worse than zero-RL. LOGT ting. Our LOGT-SFT and LOGT-RL models
greatly improves the RL performance ceiling. achieve the highest ZOOM-IN accuracy.

RL recipe from Section 4.2 to Qwen2.5-VL-7B and other existing SFT baselines [8, 9, 11]. The
validation accuracy dynamics in Figure 4 show that initializing RL with LOGT-SFT leads to much
higher performance than applying RL directly to the base model (zero-RL). In contrast, RL training
on prior SFT baselines quickly plateaus after initial gains and often performs no better, or even worse,
than zero-RL after 100 steps. These results indicate that SFT data produced by LOGT greatly improve
the initial policy and substantially raise the RL performance ceiling.

4.5 Analysis on Tool Use and Reasoning Quality

Beyond numerical gains, we show that our data engine enables VLMs to think logically with images
and use ZOOM-IN accurately and efficiently. While existing works open-source their training datasets,
the SFT data curation pipelines and associated metadata remain unavailable, making apples-to-apples
comparisons difficult. Hence, we focus our analysis on the behavior of the post-trained models. We
further show that our model can generalize to novel tools in a zero-shot manner in Section B.6.

Analysis on tool call accuracy. We evaluate the tool accuracy of a model response by assessing how
well it localizes the intended region(s) of interest via ZOOM-IN. We first compute the Intersection
over Ground-truth (IoG) [41] for each ZOOM-IN call, defined as IoG = |B N G| /|G|, where B is
the bounding box used in the ZOOM-IN call and G is the corresponding ground-truth box. Next,
we consider a response as calling the tool accurately if at least one ZOOM-IN invocation achieves
ToG > 0.8, as multiple calls may be issued while answering a question.

Finally, we define a model’s overall tool call 0

accuracy as the percentage of tool-requiring re- LOGT-RL 5 35 Fewer Tool Calls
sponses that include at least one accurate ZOOM- '

IN call. We compute this metric using V",
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for achieving strong tool call accuracy after RL. uses 2.3 x fewer.
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Analysis on tool call efficiency. We evaluate tool call efficiency by measuring the average number of
ZOOM-IN calls used to solve a question across all test sets. As shown in Figure 6, the best-performing
baseline, MINI-03-RL, uses an average of 4.3 ZOOM-IN calls per task. In comparison, while
delivering higher performance, LOGT-SFT and LOGT-RL achieve significantly better efficiency,
requiring 2.7x and 2.3 x fewer calls, respectively. Although other baselines use fewer ZOOM-IN
calls, their performance is considerably lower. These results suggest that the SFT data synthesized by
LoGT enables VLMs to reason about the necessary steps for solving questions, striking a superior
balance between tool call efficiency and overall performance.

Human evaluation on reasoning quality and logical coherence. To assess whether the SFT
data synthesized by LOGT enables VLMs to reason logically with images beyond achieving strong
benchmark performance, we conduct a human evaluation comparing LOGT-RL with the prior SOTA
(MINI-03-RL) based on overall benchmark scores and tool-use accuracy. We randomly sample 100
questions from V* and ask three human annotators to compare the responses produced by both models.
For each question, annotators select the preferred response based on three criteria: (i) Faithfulness:
Does the model answer the question correctly without hallucinating non-existent visual content? (ii)
Logical coherence: Does the reasoning follow a consistent and logical flow? (iii) Tool efficiency:
Does the model arrive at the answer using ZOOM-IN efficiently? On average, LOGT-RL is preferred
in 59% of the cases, with a tie in 14%, indicating the effectiveness of our data generation approach.
Detailed instructions and per-annotator breakdowns are provided in Section B.5. Besides human
study, we also present a qualitative case study in Section B.7.

4.6 Ablation Study

Ablation on question difficulty. To investigate the impact of question difficulty on SFT training,
we split the 7.1k-sample dataset into an easier half and a harder half based on Qwen2.5-VL-7B’s
average@8. As shown in Table 5 (Appendix), the VLM trained on the harder split achieves better
performance on V" (+2.09) and VisualProbe-Hard (+4.72), while showing only a slight drop on
the easy and medium subsets of VisualProbe. These highlight the importance of synthesizing more
challenging questions, as described in Section 3.1, to help the model acquire the ability to tackle
more complex tasks.

Ablation on logic chain-driven reasoning trace synthesis. To examine the impact of explicitly
generating logic chains for each question to guide reasoning trace synthesis, we compare our method
to an alternative that uses only fixed in-context examples based on multi-hop and exhaustive search
strategies. As shown in Table 6 in the Appendix, incorporating logic chains improves overall
performance after SFT and yields a substantial gain of 2.87 points after RL. These results suggest
that logic chain-driven synthesis is essential for creating higher-quality SFT data that effectively
incentivizes logical reasoning and tool-use capabilities in VLMs.

Ablation on models used for data synthesis. To verify that our data engine’s effectiveness stems
from the framework design rather than specific large models, we replace all models used in Section 3
(Qwen2.5-VL-72B, GLM-4.5V, and GPT-OSS-120B) with smaller variants: Qwen3-VL-8B [42],
Qwen2.5-VL-32B [15], and GPT-OSS-20B [35], respectively. We then re-synthesize 4k SFT samples,
train the base model with SFT, and evaluate it on V*, VisualProbe, and HR-Bench. As shown
in Table 7 in the Appendix, performance remains nearly unchanged compared with using the original
models for synthesizing 4k SFT data.

Using these smaller models, generating 7.1k SFT samples requires about 120 GPU hours (30 hours on
4xA100), making it over 25x cheaper than the RL training of MINI-03. In a no-GPU and API-only
setting, the cost is at most $0.8 per 1M output tokens, which is at least 10x cheaper than prior work.

5 Discussion

5.1 Connection to Cognitive Science

The reasoning strategies in Section 3.2 have close parallels in findings from cognitive science: (i)
Direct answering. Feature-integration theory [43] proposes that humans can detect simple visual
features in parallel with no attention limits, enabling an immediate impression of recognizable objects.
This is analogous to a VLM directly answering a visual question without invoking tools to inspect
finer details. (ii) Multi-hop. Research on natural vision [44] suggests that visual information is



acquired actively, in a task-dependent and coarse-to-fine manner: observers first attend to a promising
contextual region and then inspect task-relevant details. This process closely parallels the multi-hop
reasoning strategy used in our work. (iii) Exhaustive search. Guided-search models [45] propose
that visual search is efficient when target features, scene context, or prior knowledge prioritize a small
subset of locations. When these signals are weak, attention must cover more candidates, resulting in
a more systematic search. This corresponds to the exhaustive-search strategy used in our work.

5.2 Relationship to Knowledge Distillation

The model ablation (Table 7) suggests that LOGT does not rely on the original large synthesizing
models. Moreover, on V”, the 7B model trained on 4k reasoning traces synthesized using Qwen2.5-
VL-32B outperforms Qwen2.5-VL-32B itself by 4.18 points. Together, these results suggest that
synthesizing-model strength alone does not explain the effectiveness of our data engine, although
knowledge distillation may still contribute to the gains.

5.3 Limitations

The centrality of ZOOM-IN. In this work, we focus primarily on ZOOM-IN for two primary
reasons. (i) Practical importance. The zoom-in tool is widely used in visual reasoning tasks. For
example, OpenAl’s 03 model prominently features this tool in its blog [13]. Moreover, all thinking-
with-image baselines in Table | rely on zoom-in as their sole image interaction mechanism. (ii)
Technical challenge. Despite its prevalence, enabling VLMs to accurately and efficiently decide
when and how to invoke the zoom-in tool remains challenging (see analysis in Section 4.5). OpenAI’s
blog [13] similarly identifies “redundant or unnecessary tool calls and image manipulation steps” as a
key limitation of 03.

While centered on ZOOM-IN, our approach demonstrates significant transferability. LOGT improves
performance on out-of-domain tasks (e.g., MME-RW-Lite in Table 1) and generalizes to unseen tools
(Table 9 in Section B.6).

More broadly, LOGT decouples logic chain synthesis from reasoning trace generation, making it a
general and extensible framework. This design allows it to be applied to a wide range of structured
reasoning tasks, and extending LOGT to broader domains is a promising direction for future work.

Reliance on VLM-as-a-Judge. To ensure scalability and avoid costly human annotation, we build
a fully automated data engine that uses VLM-as-a-Judge. Consequently, the synthesized SFT data
may contain a small amount of noise, as VLM judges can make mistakes. We view this trade-off
as acceptable for two primary reasons. (i) Annotation noise is unavoidable. Errors are not unique
to automated judging; they are often inevitable even in expensive human annotations [46, 47]. (ii)
Empirical results and manual verification suggest limited noise. Our method achieves the strongest
empirical performance (Table 1) and the highest tool-call accuracy (Figure 5), suggesting that any
remaining noise is limited and much lower than in prior work. We further randomly sample 100
examples and manually evaluate errors at each stage of the data engine. As shown in Table 8, the
error rate at each stage is low despite the fully automated pipeline.

6 Conclusion

We propose LOGT, a novel data engine for synthesizing high-quality SFT data that empowers VLMs
to logically think with images and use ZOOM-IN both effectively and efficiently. The core is to
generate challenging QAs and high-quality tool-use reasoning traces, guided by logic chains that
emulate human-like visual reasoning strategies. VLMs fine-tuned on our synthetic data outperform
existing baselines trained with both SFT and RL. Moreover, applying off-the-shelf RL on top of
LoGT-SFT, without any tool-specific design, further substantially improves performance.
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A Additional Details on Our Data Engine: LOGT

A.1 System Prompts for QA Generator and Reasoning Trace Generator

We detailed the QA synthesis in Section 3.1 and the reasoning trace synthesis in Section 3.2. Here,
we show part of the system prompt for the QA generator in Figure 7 and part of the system prompt
for the reasoning trace generator in Figure 8.

A.2 An Example of Exhaustive Search Reasoning Trace

We provide an additional example of an exhaustive-search logic chain and its corresponding tool-
use reasoning trace in Figure 9. In this example, the target object for the given question, i.e., the
pink sign held by the person, is particularly difficult to locate. Therefore, the logic chain selector
(see Section 3.2) chooses the exhaustive search logic chain. This logic chain instructs the reasoning
trace generator to first zoom in on the crowd and then systematically search the scene from left to
right. Although the logic chain specifies examining all four regions of the crowd (left, center-left,
center-right, and right) because the logic chain generator does not know exactly where the target
object is located, the reasoning trace generator successfully identifies the target object after zooming
into the second region (center-left crowd). Consequently, it terminates the search early. This is
because our prompt requires the reasoning trace generator to stop searching once the target object is
found. After identifying the target, it calls ZOOM-IN on the object and then proceeds to generate the
final answer.

A.3 Tool Use Statistics in the LOGT SFT Dataset

We present the normalized distribution of ZOOM-IN call counts in Figure 10. The number of tool
calls ranges from 0 to 6. Specifically, 94% of the questions in the LOGT SFT dataset are solved using
3 or fewer ZOOM-IN calls.

A.4 Qualitative Case Study of Synthesized Tool-use Traces

We present a qualitative comparison of reasoning trace synthesis strategies used by PIXEL REA-
SONER [8], CHAIN-OF-Focus [9], MINI-03 [1 1], and LOGT, as shown in Figure 12.
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You are a Vision—Language assistant tasked with generating one high—quality question and corresponding answer for each input image.
The purpose is to synthesize QA datasets based on visual content from specific regions in the image.

## Inputs (per task)
. The input image, with key regions marked by red boxes and larger surrounding areas marked by blue boxes.
2. Annotations, including:

— Input image size.

— One or more bounding boxes (indicating key regions).

— Larger cropped images that #xincludes: the red bounding boxes.

— Cropped images that s:correspond to=: the red bounding boxes.

## Your task

1. Analyze the full image, the marked regions, and the cropped images.

2. Determine whether the input image and the provided region(s) provide enough information to generate a high—quality question.
3. If yes, generate one question and its corresponding brief answer.

4. If not, return {“valid”: false}.

## Rules
1. sxLocations
The question must be about the object(s) #xwithin:: the provided s:#red+= bounding box(es).
— #xBe very carefuls:: the target object(s) tied to the answer must lie **within the red bounding box::, not merely nearby and not
just within the larger blue box(es).
2. #xTypessx
Each question must fit one of the following types:
— “perception_single”: attribute of a single object (e.g., color, category, material).
— “perception_multi”: relationship between multiple objects (e.g., larger/smaller, left/right).
— “counting”: count of objects in the %=xentire images, but only if those objects appear in at least one bounding box.
— “ocr”: read visible text in the region(s) (e.g., words, numbers, labels).
— “reasoning”: interpret visuals that require math or chart understanding.
(The remaining 5 longer rules are omitted for brevity.)

## Example questions by type
(Example questions are omitted for brevity.)

Figure 7: System prompt for the QA generator. The remaining rules and in-context examples are
omitted for brevity.

Table 2: API cost comparison with prior work. We compare LOGT with prior work in terms of
model usage and estimated API cost per 1M output tokens when no GPU is available. MINI-03 does
not specify the models used for SFT data synthesis.

Method Model Usage API Cost / IM Output Tokens
PIXEL REASONER  GPT-4o $10
CHAIN-OF-Focus  Qwen2.5-VL-72B, DeepSeek-V3-671B, GPT-4.1-mini & GPT-4.1 Up to $8

MINI-03 Unknown Unknown

LOGT Qwen2.5-VL-72B, GPT-OSS-120B & GLM-4.5V Upto $1.8

PIXEL REASONER synthesizes multi-turn reasoning traces by deliberately inserting ZOOM-IN calls
that focus on overly broad or incorrect regions. In Figure 12a, the first two ZOOM-IN calls target
completely irrelevant areas. In contrast, LOGT generates a logic chain that guides the reasoning trace
generator to first invoke ZOOM-IN on the building, then refine the focus onto the target text.

In Figure 12b, the CHAIN-OF-FocCUs SFT trace redundantly zooms in on the shoes for six consecutive
steps, despite correctly identifying their location in the first step. In contrast, LOGT first generates
a logic chain that instructs the reasoning trace generator to initially zoom in on the person, then
gradually focus on the shoes, and finally answer the question using only two ZOOM-IN calls.

A similar issue occurs with the MINI-03 SFT trace in Figure 12c: although it initially identifies the
correct target, it repeatedly invokes ZOOM-IN and ultimately selects an unrelated region, resulting in
a total of four ZOOM-IN calls. By comparison, LOGT guides the reasoning trace generator to directly
locate the wheels, with the reasoning trace requiring only a single ZOOM-IN call before answering.

A.5 Computational Cost Analysis

Synthesizing 7.1k samples with LOGT requires approximately 960 GPU hours (5 days on 8 A100
GPUs), making it more than 3x cheaper than RL training for the Mini-o3 baseline. We also compare
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You are a #xvisual question answering assistantsx equipped with a tool called “zoom_in”, which crops a specified region from an image.

## Input (per task)
1. The input image (image_id: 0).
2. Annotations, including:
— Ground-truth region(s) shown as red boxes in the input image.
— Input image size.
— Cropped image(s) corresponding to the ground—truth region(s).
3. Question.
4. Logic chain describing the sequential regions or relations to inspect.

## Your task

1. Your task is to produce a =xcomplete, step—by—step reasoning traces that visually derives the answer to a question using only what is
visible in the provided image.

2. Your reasoning trace must s:follow the given logic chains, though you must never mention the chain itself in your reasoning text.

## Chain structure
1. Each chain is a #snumbered sequence of stepss.
2. Each step follows the format <short noun phrase> (k):
— The s:short noun phrases: names the region, object, or relation to inspect.
— The optional :#(k)#* is a numeric zoom tag indicating which image_id to zoom into.

## Rules
You must strictly follow all rules.
1. Simulate visual reasoning from scratch and act as if you only have access to:
— the #xoriginal image= (without ground—truth region(s)),
— and the #xquestion:.
Do s#not++ mention annotations, ground—truth region(s), or the chain explicitly. Simulate a realistic, step—by—step visual discovery
process.
2.1. Follow the logic chain exactly (multi—hop reasoning chain only).
— Strictly follow every step in the chain s#xin order:, no skipping, merging, or reordering.
2.2. Be exhaustive but structured. Search systematically, not randomly (exhaustive—search chain only).
— Four broad patches max when scanning a large area; examine them in a deterministic order.
— Fully examine each candidate region before moving on.
— Stop the search only when you confirm the target visually.
(The remaining 8 longer rules are omitted for brevity.)

## Examples
(Example reasoning traces are omitted for brevity.)

Figure 8: System prompt for the reasoning trace generator. Each logic-chain entry of the form
(short noun phrase) (k) specifies a target object or region and its source image Ij. Here, Ij is the
original image, and I for £ > 1 is the crop returned by the k-th ZOOM-IN call. The reasoning trace
generator locates the specified target in I}, predicts its bounding box, and invokes ZOOM-IN on
that image using the predicted box. For example, “Backpack (2)” corresponds to “Backpack (/3)”
in Figure 3 and instructs the generator to zoom in on the backpack within the person crop returned by
the second tool call. The remaining rules and in-context examples are omitted for brevity.

the API cost of our data engine with prior work in the no-GPU setting in Table 2. The estimated total
API cost is under $450.

As shown in Section 4.6, synthesis cost can be substantially reduced by using smaller model variants
without compromising performance. With smaller models, the total cost drops to approximately 120
GPU hours, making it more than 25x cheaper than RL training for Mini-03. In an API-only setting,
the cost is at most $0.8 per 1M output tokens, which is at least 10x lower than prior work.
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Ground-truth

Q: What symbol is shown on the pink sign held by Region

the person in a blue jacket and gray hat? A: Arrow

4

Logic Chain

Step #1: Crowd ([;) —— Step #2: Left Crowd (/;) ——» Step #3: Center-left Crowd (/;)) ——» More ...

Turn #1 Turn #2

L,: Left Crowd

[Reasoning] ... I need to systematically
__ search for the person ... I'll start by examining
13 the left patch of the crowd ...

{ [Zoom-in on /] bbox=[0, 0, 1338, 840]

[Reasoning] ... I need to systematically
search through the crowd to find this person.
I'll start by examining the overall crowd ...
[Zoom-in on /] bbox=[0, 669, 2548, 1512]

L;: Center-left Crowd Turn #4 1,: Person with the Sign

Turn #3 i

[Reasoning] ... I can see a person ... I need to
zoom in on this person to get a better view of
the sign and identify the symbol on it ...
[Zoom-in on L] bbox=[470, 158, 500, 242]

[Reasoning] ... I don’t see them in this left
patch, so I’ll move to the center-left patch of
the crowd ...

[Zoom-in on /;] bbox=[1302, 0, 2041, 840]

—

Figure 9: An example of an exhaustive search logic chain and its corresponding tool-use
reasoning trace. To locate the pink sign held by a person in the crowd, the logic chain begins by
instructing the trace generator (see Section 3.2) to identify the crowd, then systematically search it
from left to right. Since the trace generator successfully detects the target sign and the person in the
crop returned by the third ZOOM-IN call, it stops scanning the rest of the crowd and instead zooms in
on the identified region to extract the final answer.

0.4 75
0.3 T
< 50 e
>
0.2 g
<
~ 95 . .
0.1
0 PIXEL ~ CHAIN-OF- MINI-03 LoGgT
0 1 2 3 4 5 6 REASONER  Focus

Number of Tool Call . . .
Hmber of JooTLats Figure 11: Ratio of easy questions. We compute

Figure 10: Normalized distribution of ZOOM-
IN call counts in the SFT dataset generated by
LOGT. The number of tool calls per trace in the
dataset ranges from O (direct answering without
tool use) to 6.

17

the ratio of questions in existing and our SFT
datasets for which Qwen2.5-VL-7B achieves an
average@8 = 1 without needing tools (easy
questions). Our dataset synthesized by LOGT
contains only 24%, significantly lower than ex-
isting datasets.



Turn #1

PIXEL REASONER

1;: Trrelevant Region

Pl

I: Irrelevant Region

[Reasoning] ... Now I will zoom in to look
clearer at the text on the building.
[Zoom-in on ] bbox=[1575, 150, 2250, 900]

l Turn #2

[Reasoning] The cropped part doesn’t contain
the target object, I will zoom in again.
[Zoom-in on I] bbox=[1575, 525, 2250, 1275]

l Turn #3

[Reasoning] The cropped part doesn’t contain
the target object, I will zoom in again.
[Zoom-in on [j] bbox=[675, 150, 1575, 600]

Q: What does the text on the building say? A: MDCCCLXXIV

LOGT (OURS)

I,: Building

Turn #1
[Reasoning] ... Ineed to first locate the
building in the image ...
[Zoom-in on I;] bbox=[0, 0, 1506, 1175]

Turn #2
[Reasoning] ... I need to zoom in on this text

to read it more clearly ...
[Zoom-in on [;] bbox=[630, 421, 897, 519]

Logic Chain
‘What does the text on the building say?
#2

Step #1: Building () —— Step #2: Text (I;)

(a) PIXEL REASONER vs. LOGT. The example trace in PIXEL REASONER SFT
data randomly introduces errors when synthesizing multi-turn tool calls, and the
erroneous bounding boxes are highlighted in red. In contrast, ours follows a coherent
logic chain: first locating the building, and then locating the text.

s 7o

Q: What color are the shoes worn by the person kneeling in front? A: Purple

CHAIN-OF-Focus

Turn #1

[Reasoning] ... I then narrow this box to
focus specifically on the shoe area ...
[Zoom-in on I] bbox=[99, 261, 161, 313]

L: Still Shoes

o

Ig: Person

l Turn #2

[Reasoning] But the color remains unclear ...
adjust it to focus on the top left ...
[Zoom-in on ;] bbox=[98, 260, 128, 285]

Turn #6 (Turn #3-#5 are repetitive)

[Reasoning| But the color details remain
incomplete ... enlarge the bounding box ...
[Zoom-in on I| bbox=[82, 103, 184, 319]

LOGT (OURS)

Turn #1 1,: Person

[Reasoning] ... I first locate the person
kneeling in front, approximately ...
[Zoom-in on [j] bbox=[71, 89, 191, 306]

Turn #2

[Reasoning] I now focus on the shoes of the l,-
person kneeling in front, which are visible ...
[Zoom-in on I,] bbox=[12, 187,27, 212]

Logic Chain
What color are the shoes worn by the person kneeling in front?
#1 #

Step #1: Person () ~ ————> Step #2: Shoes ()

(b) CHAIN-OF-FOCUS vs. LOGT. The example trace in CHAIN-OF-Focus SFT
data repeatedly zooms in on the shoes over six turns, despite correctly identifying the
target region in the first turn. This redundant reasoning, highlighted in red, reflects
tool call inefficiency. In contrast, LOGT demonstrates a coherent reasoning chain:
first locating the person, then progressively narrowing down to the shoes.

10=

Turn #1

Q: Are the wheels round and black? A: Yes

MINI-03 LoGT (OURS)

1;: Wheels Turn #1 1;: Wheels

[Reasoning] ... I will focus on the main
landing gear, which is located towards ...
[Zoom-in on I;] bbox=[275, 251, 375, 324]

Lz Still Wheels

l Turn #4 (Turn #3 is repetitive) /;: Irrelevant Region

Turn #2

[Reasoning] ... The image seems to be
inverted, which is strange ...
[Zoom-in on ;] bbox=[250, 251, 400, 324]

[Reasoning] ... Perhaps a wider crop that
includes both the main and nose gear ...
[Zoom-in on ] bbox=[325, 270, 360, 306]

[Reasoning] I need to locate the wheels in the
image to determine their shape and color ...
[Zoom-in on /j] bbox=[283, 269, 309, 297]

Logic Chain
Are the wheels round and black?

Step #1: Wheels (/)

(c) MINI-03 vs. LOGT. The example trace in MINI-03 SFT data correctly finds
the wheels in the first turn but mistakenly claims that the crop returned by ZOOM-IN
is inverted, leading to two redundant ZOOM-IN calls. Ultimately, it zooms in on an
entirely irrelevant region. The redundant reasoning and the incorrect ZOOM-IN call
are highlighted in red. In contrast, LOGT makes a single ZOOM-IN call to locate
the wheels and then directly reaches the correct answer.

Figure 12: Qualitative case study of SFT data synthesized by PIXEL REASONER, CHAIN-OF-
Focus, MiNI-03 and LOGT.
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Table 3: Performance comparison between our models and additional baselines. We extend
the main results in Table 1 by including additional open-source models (InternVL3.5-8B, LLaVA-
OneVision-7B), modular-agent frameworks (VISUAL SKETCHPAD, PYVISION), and visual-search-
based methods (SEAL, DYFO0). The green rows refer to our models. Both LOGT-SFT and LOGT-
RL significantly outperform these baselines across all seven test sets, further demonstrating the
effectiveness of our approach.

Data « VisualProbe HR-Bench MME-

-V . Avg.
SFT RL Easy Medium Hard 4K 8K KWL
Proprietary Models with Tools
VISUAL SKETCHPAD - - 80.30 - - - - - - -
PYVISION - - 75.90 - - - - - - -
Open-sourced Models w/o Tools
InternVL3.5-8B - - 60.73  29.79 10.07 13.21 57.38 49.00 41.12 37.33
LLaVA-OneVision-7B - - 7225 41.84 16.42 14.15 64.62 58.00 44.71 44.57
Open-sourced Models with Visual Search Tools
SEAL - - 75.39 - - - - - - -
DyFo - - 81.15 - - - - - - -
LoOGT-SFT 7.1k 0 87.43  60.99 41.04 39.62 72.00 70.12 45.96 59.59
LOGT-RL 7.1k 6.4k 9215 70.92 52.24 51.89 76.12 74.62 53.00 67.28

B Additional Experiment Setups and Results

B.1 Additional Evaluation Details

During evaluation, we adopt a maximum image resolution budget of 8192 %28 x 28 pixels for models
in the Qwen2.5-VL-7B family, where each 28 x28 patch represents a visual token. Images exceeding
this budget are downsampled. For comparison, MINI-03 uses a smaller default budget of approxi-
mately 2551 x28x28 pixels. We observe that MINI-03 consistently performs better under our higher
budget. Therefore, we adopt our budget for all Qwen2.5-VL-7B-based evaluations.

B.2 Additional RL Implementation Details

We provide additional details on our RL implementation that are not covered in Section 4.2. During
RL, to reduce GPU idle time and improve training efficiency, we cap the number of ZOOM-IN calls
at 6. Our RL training data comes from MINI-03, and we filter out trivial cases by removing any
question where Qwen2.5-VL-7B achieves an average @8 of 100%. To monitor training dynamics
during RL, we use a validation set composed of samples from V*, VisualProbe, and HR-Bench.

B.3 Performance Comparison Between LOGT and Additional Baselines

To further demonstrate the effectiveness of LOGT, we evaluate our approach against a broader set
of baselines. Specifically, we include two more open-source models of comparable scale (7B—8B):
InternVL3.5-8B [16] and LLaVA-OneVision-7B [48]. We also consider modular-agent frameworks
that enable proprietary models to use external tools, such as VISUAL SKETCHPAD [6] and PYVI-
SION [17]. In addition, we evaluate two visual-search-based methods that rely on external visual
experts: SEAL [3] and DYFo [49]. The performance of these baselines, along with LOGT-SFT and
LoGT-RL, is shown in Table 3. Results indicate that both LOGT-SFT and LOGT-RL significantly
outperform the additional baselines, consistent with the findings in Table 1.

B.4 SFT Results on an Additional Base Model: InternVL3.5-8B
To evaluate whether our data engine generalizes to other base models, we fine-tune InternVL3.5-8B

using 7.1k SFT samples generated by LOGT. As shown in Table 4, the fine-tuned model substantially
outperforms the base model, achieving a 14-point overall improvement.
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Table 4: Performance of fine-tuning InternVL3.5-8B with LOGT SFT data. We fine-tune
InternVL3.5-8B using 7.1k samples synthesized by LOGT. The green rows refer to our models. The
resulting model outperforms the base model across all test sets, improving overall performance by
14.00 points.

Data * VisualProbe HR-Bench MME-
—— v RW-Lite Avg.
SFT RL Easy  Medium  Hard 4K 8K
InternVL3.5-8B - - 60.73 29.79 10.07 13.21  57.38  49.00 41.12 37.33
+LOGT-SFT 71k 0 75.92 56.74 27.24 28.30 66.12  63.38 41.64 51.33
A vs. Base Model - - +15.19 +26.95 +17.17 +15.09 +8.74 +14.38 +0.52 +14.00

Instructions for Human Evaluation

Which model response do you prefer?

Evaluation Criteria:

1. Answer Correctness & No Hallucination: Does the model arrive at the correct answer? It is NOT preferred that the answer is obtained
by hallucination.

2. Coherent Logic: Does the model’s reasoning make sense and match how you would solve the problem?

3. Tool Call Efficiency: Does the model use the minimum necessary number of tool calls (fewer iterations) to answer the question?

[Question]

[Ground Truth]
[Model A’s Response]
[Model B’s Response]
Your Preference:

Please select one:
Model A; Tie; Model B

\ S

Figure 13: Instructions for Human Evaluation.

[ LoGT-RL Wins ] Tie [ MiNI-03-RL Wins

Annotator 1 n
Annorator 2 -
Annowtor 3 n-

Figure 14: Per-annotator breakdown of human evaluation. All three annotators preferred responses
generated by LOGT-RL over those from MINI-03-RL.

B.5 Additional Human Evaluation Details

We present the instructions given to human annotators in Figure 13. For each question, the evaluation
interface randomly assigns MINI-03-RL and LOGT-RL to either Model A or Model B. In addition to
the overall human evaluation results reported in Section 4.5, the per-annotator breakdown in Figure 14
shows that all annotators prefer responses generated by LOGT-RL over those from the prior SOTA,
MINI-03-RL. This underscores that our data generation framework enables VLMs to reason more
effectively using the ZOOM-IN tool.

B.6 Zero-Shot Generalization to Unseen Tools

To evaluate whether our method can generalize to tools unseen during training, we construct a new
benchmark, V*-Rotated, by rotating images in V" by angles uniformly sampled from 30° to 330°.
We evaluate the base model and LOGT-RL on this benchmark. At inference time, LOGT-RL is given
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Table 5: Ablation on question difficulty. Training the VLM on the harder half of our SFT dataset
leads to significantly improved performance on challenging tasks like those in VisualProbe-Hard.

* VisualProbe
Easy Medium Hard

Easier 85.34 59.57 35.07 35.85
Harder 87.43 58.87 34.70 40.57

Split %

Table 6: Ablation on logic chain-driven reasoning trace synthesis. Incorporating logical chains
into the data generation process of LOGT improves overall SFT performance and yields substantial
additional gains after subsequent RL.

Training  Logic " VisualProbe HR-Bench MME-

Recipe  Chain 7 Fasy Medum Hard 4K 8K  RW-Lite V&

SFT X 8743 5957 3806 3962 17225 6950 4409  58.65
/8743 6099 41.04 3962 7200 70.12 4596  59.59

SForL X 9005 6667 4627 4623 7475 7502 5180 644l
v 9215 7092 5224 5189 7612 7462 53.00  67.28

Table 7: Ablation on models used for data synthesis. We replace the models used by LOGT
in Section 3 with smaller variants and re-synthesize 4k SFT samples. After SFT, the average
performance across V*, VisualProbe, and HR-Bench remains nearly unchanged, indicating that our
method is robust to the choice of synthesis models.

Method Model Usage Avg.

Original Qwen2.5-VL-72B, GLM-4.5V & GPT-OSS-120B 59.55
All Small Qwen3-VL-8B, Qwen2.5-VL-32B & GPT-OSS-20B  59.43

Table 8: Error rates across different stages. We randomly sampled 100 samples from each stage
and manually evaluated their error rates.

Stage Error Rate (%)
QA Generation & Filtering 12
Logic Chain Generation 2
Reasoning Trace Generation 7

Table 9: Performance on V*-Rotated. We construct V*-Rotated by rotating images in V" by angles
randomly sampled from 30° to 330°. LOGT-RL uses a rotation tool at inference time that was not
seen during training, improving over the base model by 21.99 points.

Model V"-Rotated
Qwen2.5-VL-7B 46.07
LoGT-RL (with Rotation Tool) 68.06
A vs. Base Model +21.99

access to a rotation tool that was not seen during training. As shown in Table 9, LOGT-RL learns to
use this tool in a zero-shot setting despite receiving no rotation-related supervision, outperforming
the base model by 21.99 points. These results suggest that LOGT can generalize to novel tasks and
previously unseen tools.

B.7 Qualitative Case Study of Model Responses Generated By Baselines and LOGT-RL

To illustrate how SFT data synthesized by LOGT helps VLMs reason logically and use ZOOM-IN
accurately, we present a qualitative case study comparing model responses to a question from the
V* benchmark. These comparisons are shown in Figure 15. We refer to Qwen2.5-VL-7B-RL as the
model obtained by directly applying our RL training procedure from Section 4.2 to the base model
Qwen2.5-VL-7B. For all other baselines, we use the officially released checkpoints.
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Q: What is the color of the tissue box? A: Blue Ground-truth
Region

Qwen2.5-VL-7B-RL PIXEL REASONER-RL
Turn #1 1;: Tissue Box Turn #1 1;: Side of the Truck
==
[Reasoning] I'll use the “zoom_in” function B [Reasoning] ... Now I will zoom in to look
to focus on the area where the tissue box ... clearer at the truck’s front grille ...
[Zoom-in on [j] bbox=[1300, 720, 1550, 960] ,“ [Zoom-in on ;] bbox=[896, 604, 1344, 908] - =
l Turn #2 Turn #2
[Reasoning] ... It is blue with some white text [Reasoning] ... There is no tissue box or any
and appears to be on top of the vehicle ... object resembling a tissue box ...
[Answer] Blue [Answer] Blue
DEEPEYES-RL CHAIN-OF-FocUs-RL
Turn #1 1;: Papers Turn #1 I, Logo
[Reasoning] ... The tissue box appears to be [Reasoning] ... I infer that the tissue box ... MAN
white in color ... zoom in on the tissue box ... possibly on the front grille area ... “
[Zoom-in on ;] bbox=[1300, 761, 1470, 820] [Zoom-in on ] bbox=[1308, 874, 1584, 960] l 4
l Turn #2 l Turn #2
[Reasoning] The image shows a close-up of a [Reasoning] This reveals a tissue box with a
tissue box, which appears to be white ... blue color ...
[Answer] White [Answer] Blue
MiNI-03-RL LOGT-RL (OURS)
Turn #1 : Turn #1 1,: Front Cabin
[Reasoning] ... I will zoom in on the truck to [Reasoning] ... I'll select a region that 1]
see if there is a tissue box ... includes the front cabin area of the truck ... I
[Zoom-in on [j] bbox=[672, 604, 1568, 1210] [Zoom-in on [j] bbox=[1155, 533, 1689, 849]
l Turn #2 I: Tissue Box l Turn #2 I: Tissue Box

[Reasoning] ... a small object that might be a [Reasoning] ... I can now see the tissue box ...
tissue box. I will zoom in on that object ... I need to zoom in on it to determine its color ...
| [Zoom-in on /] bbox=[1399, 735, 1499, 797]

[Zoom-in on ] bbox=[448, 123, 896, 308]

L
Turn #3 l Turn #3
[Reasoning] ... The tissue box is white. The [Reasoning] ... After zooming in, I can clearly
tissue itself is also white ... see that the tissue box is blue in color ...
[Answer] White [Answer] Blue

Figure 15: Qualitative case study comparing model responses to a V" question between baseline
models and LOGT-RL. We show the generated reasoning traces, including ZOOM-IN calls, for
both baseline models and LOGT-RL. While Qwen2.5-VL-7B-RL, PIXEL REASONER-RL, and
CHAIN-OF-FOoCUS-RL produce the correct final answer, their responses contain hallucinations or
self-contradictions. The remaining baselines make erroneous ZOOM-IN calls and ultimately produce
incorrect answers. In contrast, LOGT-RL follows a coherent and consistent reasoning chain: it first
identifies the front cabin of the truck, then locates the tissue box, and finally answers the question
correctly without hallucinations.

* Qwen2.5-VL-7B-RL answers the question correctly but hallucinates non-existent white text on
the tissue box.

* PIXEL REASONER-RL also produces the correct answer; however, its ZOOM-IN call targets an
irrelevant region, and its final answer contradicts its own statement that “There is no tissue box.

* DEEPEYES-RL focuses on white sheets of paper and incorrectly concludes that the tissue box
is white.

* CHAIN-OF-FOCUS-RL zooms in on an irrelevant region and hallucinates, though it ultimately
answers correctly.

e MINI-03-RL selects regions that include the tissue box, but still arrives at an incorrect answer.

* LOGT-RL first identifies the likely location of the tissue box (the truck’s front cabin), then zooms
in on the tissue box itself, ultimately producing the correct answer without any hallucinations.

bl

Among all the models, LOGT-RL is the only one that reaches the correct answer and shows no
hallucinations. This example further demonstrates that our data engine produces high-quality SFT
data that effectively trains VLMs to reason about images in a logical and faithful manner.
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