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7. Theoretical Foundations

As the mainstream position in anthropological cognitive
psychology since the 20th century, short-term memory and
long-term memory are two distinct storage systems that can
be differentiated based on their functional and neural un-
derpinnings [3, 38]. Specifically, the Dennis Norris The-
ory [38] proposes that short-term memory requires process-
ing new visual information, temporarily storing multiple to-
kens, and enabling variable signals. It relies neurologically
on vision-specific brain regions, e.g., the visual cortex and
the posterior superior temporal lobe associated with ver-
bal short-term memory), exhibiting visual dominance; long-
term memory, however, centers on abstract semantic repre-
sentations and relies on semantic-related brain regions like
the medial temporal lobe and mid-temporal lobe.

Thus, we propose a framework termed VisMem to in-
voke dual short and long latent memory during the token-
by-token autoregressive generation. Aligned with Dennis
Norris Theory [38], we instantiate these roles in a VLM
backbone via latent vision memory invocation and latent
vision memory formation, which together produce distinct
short and long latent memory tokens and integrate them into
the generation stream of the model.

8. Methodology Details

8.1. Query Builder

As described in Sec. 3.3, the we initialize a lightweight
transformer-based encoder as memory builder 3. We feed
the concatenated memory query Q and hidden states of vi-
sion and output H into the builder to encoder query as mem-
ory hook (see Eq. (5)). The transformer-based builder has
L layers of encoders, the output process of the ¢ layer could

be summarized as:
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where we simplify the input sequence to z, and SM, MHA,
FF, LN denote the softmax, multi-head self-attention, feed-
forward layer, layer normalization operations, respectively.
In addition, M is the mask which only allows attention from
memory query Q to hidden states H, and blocks the reverse
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8.2. Training Recipe

As mentioned in Sec. 3.4, we design a two-stage training
pipeline: at the first stage, the main objective is to optimize
the memory formation process (see Eq. (7)); at the second
stage, the main objective is to optimize the memory invoca-
tion (see Eq. (8)). We update the models based on reinforce-
ment learning, i.e., GRPO strategy [43]. Specifically, for
each instruction-vision pair (I, V'), the policy model P gen-
erates a group of G distinct candidate trajectories, termed as
T = {m,...,7¢}. For each trajectory, we utilize a S (-) to
quantify the performance. Then, a group-relative baseline
is calculated via averaging and standardizing all trajectories
within the candidate group G:
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Consequently, the group-relative advantage of each tra-
jectory could be formulated as:
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At the Stage I, the reinforcement learning optimizes the
memory formation process, whose final objective function

is:
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where € controls the group-relative advantage A, B regulates
the KL divergence penalty, and the updated policy parame-
ters ¥ =7 (Q | H) - 7% (M, | Q).

At the Stage 11, the reinforcement learning optimizes the
memory invocation process, whose final objective function
is:
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9. Experiment Details

9.1. Training Data

During the two-stage training procedure, we use the same
training data to optimize both the memory invocation and
memory formation in the latent vision memory system. Ini-
tially, we include the training split dataset of the selected
benchmarks and retain their original data division. For
benchmarks without a training phase, we use them solely
for evaluation. Additionally, we incorporate the Visual
CoT [42] and Mullberry [71], improving the reasoning abil-
ities.

9.2. Benchmarks

To comprehensively evaluate the performance of the se-
lected baselines, we involve 12 benchmarks, consisting of
5 benchmarks of understanding, 4 benchmarks of reason-
ing, and 3 benchmarks of generation:

e MMStar [7] is a high-quality vision-centric benchmark
meticulously curated by human experts. This benchmark
assesses 6 core capabilities across 18 detailed axes of vi-
sual understanding.

* MM Vet [76] establishes 6 core visual understanding ca-
pabilities and investigates 16 critical integrations derived
from their combinations. It uses an evaluator tailored for
open-ended outputs.

e MMT [73] consists of carefully curated multi-choice vi-
sual questions, covering 32 core meta-tasks and 162 sub-
tasks within the field of visual understanding.

e BLINK [15] reconstructs 14 classic computer vision tasks
into multiple-choice questions. Each question is paired
with either single or multiple images and supplemented
with visual prompting.

e MuirBench [57] covers 12 diverse multi-image tasks,
which involve 10 categories of multi-image relations.
Each standard instance is paired with an unanswerable
variant that differs only minimally in semantics.

e MMMU [79] comprises meticulously curated visual
questions sourced from college exams, quizzes, and text-
books spanning 30 subjects and 183 subfields, which fo-
cus on advanced reasoning grounded in domain-specific
knowledge.

* LogicVista [67] evaluates general logical cognition abili-
ties across 5 logical reasoning tasks, which encompass 9
distinct capabilities. Each question is annotated with the
correct answer and the human-written reasoning behind
the selection.

* MathVista [59] unifies the challenges of heterogeneous
mathematical and visual tasks, which are curated from
math-oriented multimodal datasets.

e MV-Math [62] is a dataset comprising mathematical
problems, integrating multiple images interleaved with
text, and detailed annotations. It features multiple-choice,

free-form, and multi-step questions across 11 subject ar-
eas at 3 difficulty levels.

* HallBench [19] consists of images paired with questions,
designed by human experts to assess the hallucination
level of generation.

* MultiTrust [82] covers five primary aspects: truthfulness,
safety, robustness, fairness, and privacy, evaluating the
trustworthiness of generation.

* MMVU [34] encompasses 12 categories, and designs
evaluation metrics that measure the quality and error de-
gree of generation.

9.3. Baselines

We select a total of 16 baselines, including the vanilla
model [4], 5 direct training paradigms: SFT, Visual-
RFT [35], VLM-R1 [44], Vision-R1 [26], and PAPO [66];
5 image-level paradigms: Sketchpad [24], GRIT [13], Pix-
elReasoner [48], DeepEyes [87], and OpenThinkImg [49];
4 token-level paradigms: Scaffold [28], ICoT [16], MINT-
CoT [8], and VPT [75]; and 1 latent space paradigm: Mi-
rage [70].

Here, VLM-R1 [44] and Vision-R1 [26] follow the main
GRPO [20] paradigm based on VLMs. To assess the ef-
fectiveness of different methods, our VisMem is trained on
Qwen-2.5-VL-7B [4]. For strategies initially implemented
on other base models, e.g., GPT-40 [27] and Qwen2-
VL [60], we transfer them to Qwen2.5-VL-7B [4] for
fair comparison. Besides, we maintain identical training
datasets across most counterparts; however, for those three
methods with specially curated datasets, we follow their
original settings. Namely, Mirage [70] requires additional
labeled training images, so we follow its original training
dataset; GRIT [13] uses a tailored training process with de-
signed data; and MINT-CoT [8] curates high-quality math-
ematical samples with grids and annotations.

9.4. Implementations

The configurations and implementations of the experiments
include three main parts: the core hyperparameters, the pa-
rameters of the LoRA adapter, and the parameters we use
during training. The configurations and implementations of
the experiments are listed in Tab. 4.

10. Additional Results

10.1. Benchmark Subset Results towards Visual
Sub-capacities

To precisely identify the capability boundaries and advan-
tages of our VisMem, rather than relying solely on overall
scores to judge its quality, we evaluate the results of sub-
sets of MuirBench [57] and LogicVista [67] benchmarks.
We select 9 subsets of the former benchmark, including:
counting, grounding, matching, scene, difference, cartoon,



Table 4. Configurations of parameters.

Configurations Parameters Values
K 8
Core N 4
N, 8
rank 16
« 32
LoRA [23] drop_out_rate 0.1
target_module [q_proj,v_proj|
Stage I Stage 11
batch_size 8
epoch 2
warmup_ratio 0.2 0.1
num_iteration 1
Training learning_rate 5¢7°  le™®
optimizer AdamW [36]
scheduler Cosine
group_size 16
clip_ratio 0.2
kl_penalty_coef ficient 5 0.015  0.030
target_kl_per_token 0.03 0.05
penalty_intensity « - 0.3

Table 5. Results on 9 selected subsets of MuirBench [57]. We compare our VisMem with the second and third best scored counterparts,
and separately use the short or long latent memory to assess the improvements of each.

Method ‘Counting Grounding Matching Scene Difference Cartoon Diagram Geographic Retrieval
Vanilla [4] ‘ 441 34.2 80.9 70.5 53.2 52.9 824 53.7 76.1
VLM-R1 [44] 52.5 38.1 83.6 73.5 58.1 55.1 86.8 56.7 79.4
Vision-R1 [26] 53.8 39.2 84.5 73.1 57.4 57.2 87.4 57.9 78.9
VisMem (Short Memory)| 61.3 494 82.7 72.1 58.9 54.0 88.9 61.8 87.5
VisMem (Long Memory) | 46.3 42.6 83.2 74.3 55.4 59.4 87.4 62.7 78.3
VisMem ‘ 60.8 52.3 84.0 76.2 60.6 59.7 90.1 65.5 89.8

diagram, geographic, and retrieval. While in the latter
benchmark, we also select 10 subsets, including 5 reasoning
skills: inductive, deductive, numerical, spatial, and mechan-
ical, and 5 capacities: patterns, puzzles, OCR, graphs, and
tables. It is worth noting that the selected subsets are only
part of the benchmark, thus, the average values of the 10
subsets are not the results of the benchmarks.

As listed in Tab. 5, compared with VLM-R1 [44] and
Vision-R1 [26], our VisMem achieves the best results on
7 subsets and ranks second on the remaining two subsets.
Specifically, it has a generalized enhancement of at least 5%

over the base model. Besides, VisMem improves the perfor-
mance the vanilla model by 16.7% / 18.2% / 11.8% / 13.7%

on the counting, grounding, geographic, and retrieval sub-
tasks, vastly exceeding the second-best counterpart by 7.0-
13.1%. These results indicate that our latent vision memory
system significantly promote the fine-grained visual cogni-
tion and perception of the base VLMs.

As presented in Tab. 6, our VisMem outperforms two
baseline models, i.e., VLM-R1 [44] and Vision-R1 [26], by
achieving the top performance across 8 subsets. Specifi-
cally, it delivers a generalized improvement of no less than
7% over the base model. Notably, on inductive, deductive,
graph-based, and table-based sub-tasks, VisMem surpasses
the vanilla model by 14.8%, 14.8%, 18.4%, and 21.1%, re-
spectively, which exceeds the second-ranked model by a



Table 6. Results on 10 selected subsets (5 reasoning skills and 5 capabilities) of LogicVista [67]. We compare our VisMem with the second
and third best scored counterparts, and separately use the short or long latent memory to assess the improvements of each.

Method ‘Inductive Deductive Numerical Spatial Mechanical‘Pattems Puzzles OCR Graphs Tables
Vanilla [4] \ 44.6 45.0 39.7 37.9 48.7 \ 30.1 325 41,6 344 368
VLM-RI1 [44] 53.7 52.7 45.8 44.1 57.3 358 428 49.0 465 526
Vision-R1 [26] 53.5 514 46.7 44.8 58.9 36.5 43.6 49.7 482 538
VisMem (Short Memory)| 49.8 50.1 44.7 45.2 54.3 352 420 476 503 54.1
VisMem (Long Memory) | 57.5 584 42.8 40.0 52.0 35.7 380 474 489 513
VisMem | 594 59.8 46.9 47.2 574 | 389 446 485 528 579

substantial margin of 5.3-7.1%. These results demonstrate
that our latent visual memory system delivers contextual-
ized semantic knowledge, thereby enhancing visual reason-
ing and robust generation capabilities.

10.2. Cross-domain Generalization

To evaluate the cross-domain generalization capability of
our model, we train it exclusively on general datasets,
namely, Visual CoT [42] and Mullberry [71]), to verify
whether latent visual memory can be transferred to unseen
domains. As shown in Tab. 7 and Fig. 7, our method demon-
strates superior performance, which exhibits a smaller per-
formance drop than the fully trained model across all four
selected benchmarks, confirming strong cross-domain gen-
eralization. Despite being trained on only two datasets, our
method achieves a significant performance improvement of
9.1-20.5% across the four benchmarks, with a mere 2%
performance gap relative to the fully trained model. When
compared to other baselines, it still maintains a performance
lead of 3.4% / 6.7% / 2.7% |/ 4.7% across the four evalua-
tions, respectively.

In general, the image-level, token-level, and latent space
paradigms suffer from smaller performance degradation,
whereas the direct training paradigm exhibits inferior gen-
eralization ability. For example, VLM-R1 [44] experiences
a 5.3% performance drop; by contrast, this value is only
2.1% for OpenThinkImg [49], 1.1% for MINT-CoT [8],
and 2.3% for our method. These results indicate that while
direct training optimizations notably improve performance
on specific tasks, they compromise generalization ability to
some extent.

10.3. Catastrophic Forgetting Mitigation

To assess the extent of catastrophic forgetting, we con-
ducted continual learning experiments with our VisMem
and other baselines. As presented in Tab. 8 and Fig. 8, our
method effectively mitigates forgetting of earlier tasks. It
consistently achieves the best performance at each stage,
demonstrating strong robustness against catastrophic for-
getting. Following four-stage sequential continual training,

it retains 72.1% performance on MM Vet [76], outperform-
ing 68.4% of DeepEyes [87] and 67.0% of Mirage [70].
While the direct training paradigm significantly im-
proves performance on specific tasks, it adapts to new tasks
via direct updates to core parameters. This introduces con-
flicts when parameter update directions contradict the stor-
age of existing knowledge, compounded by a lack of con-
straints from prior knowledge. Consequently, in stage 3,
the performance of most direct training methods even falls
below that of the vanilla model. In contrast, methods such
as OpenThinkImg [49] and our proposed VisMem exhibit
stronger knowledge retention and forward transfer capabili-
ties. For instance, in stage 3, training on additional datasets
further improves their performance on MM Vet [76].

10.4. Versatility across Various Base Models

As presented in Tab. 2 and Fig. 11, we incorporate our la-
tent visual memory paradigm into 9 base models, including
Qwen2.5-VL-3B/7B/32B [4], LLaVA-OV-1.5-4B/8B [1],
and InternVL-3.5-4B/8B/14B/38B [63]. Our VisMem con-
sistently enhances the visual capabilities of all base mod-
els, spanning 3B to 38B parameter sizes across three
VLM families. For the widely used medium-sized mod-
els (i.e., 7B or 8B parameter models), our latent vi-
sual memory delivers substantial performance gains, which
brings a 6.3-23.1% improvement across all benchmarks
for Qwen2.5-VL-7B [4], a 5.5-20.2% improvement for
LLaVA-OV-1.5-8B [1], and a 4.8-17.6% improvement for
InternVL-3.5-8B [63], respectively.

Furthermore, in most benchmarks, smaller-parameter
base models yield greater performance gains than their
medium- or large-sized counterparts. This phenomenon
may stem from an imbalance in task difficulty, which makes
it more challenging for models with higher baseline scores
to achieve further improvements. In contrast, larger mod-
els exhibit more significant gains in dense reasoning bench-
marks: the integration of latent visual memory overcomes
bottlenecks in visual reasoning by providing fine-grained
visual evidence and semantic knowledge. Notably, this
model-agnostic approach, independent of specific model ar-



Table 7. Results of various models with full training datasets and partial datasets (Visual CoT [42] and Mulberry [71]), and evaluated

across four benchmarks.

\ MMVet MuirBench MV-Math MultiTrust
Method

‘Full Part Full Part Full Part Full Part
Vanilla [4] | 66.0 57.4 18.9 64.8
SFT 67.5 65.8 58.7 572 22.8 212 67.0 654
Visual-RFT [35] 70.5 65.3 629 57.8 26.5 242 70.7 66.0
VLM-R1 [44] 73.0 67.7 63.8 59.0 34.6 32.1 69.9 66.1
Vision-R1 [26] 71.7 68.4 64.0 59.8 38.7 356 726 67.1
PAPO [66] 69.8 68.6 56.7 56.4 34.8 32.8 67.7 66.4
DeepEyes [87] 70.5 67.9 63.0 60.6 31.5 279 72.6 68.5
OpenThinkImg [49]|71.6 69.5 61.7 59.7 28.0 259 74.0 68.3
ICoT [16] 67.9 67.1 570 56.4 30.8 28.3 69.1 68.4
MINT-CoT [8] 69.5 684 589 57.8 39.2 364 714 70.2
Mirage [70] 71.8 70.2 59.0 57.2 354 33.1 66.1 64.0
VisMem (Ours) 75.1 72.9 69.8 664 41.4 39.1 77.0 74.9

Table 8. Results of various models on MM Vet [76] with four-stage continual learning. Stage 0: MM Vet [76]; Stage 1: BLINK [15], and
MuirBench [57]; Stage 2: LogicVista [67], and Math-V [59]; Stage 3: MultiTrust [82], and MMVU [34].

Method |Stage 0 Stage 1 Stage 2 Stage 3| Original
Vanilla [4] | 66.0

SFT 71.4 70.6 62.3 60.1 67.5
Visual-RFT [35] 74.0 72.2 67.3 65.7 70.5
VLM-RI1 [44] 77.8 74.1 66.4 66.9 73.0
Vision-R1 [26] 76.9 74.0 66.1 66.3 71.7
PAPO [66] 75.0 74.5 63.4 62.9 69.8
DeepEyes [87] 74.1 74.6 68.9 68.4 70.5
OpenThinkImg [49]| 76.2 74.7 66.5 67.9 71.6
ICoT [16] 71.9 71.3 67.1 64.7 67.9
MINT-CoT [8] 72.4 71.8 65.8 66.2 69.5
Mirage [70] 79.1 77.8 68.7 67.0 71.8
VisMem (Ours) 78.6 78.9 71.3 72.1 75.1

chitectures or structures, bolsters the prospects for broad
practical application.

10.5. Ablation Study

The vanilla model establishes a baseline characterized by
the shortest inference time and highest speed across all
benchmarks, yet exhibits the lowest performance. This con-
firms that latent vision memory is indispensable for enhanc-
ing task performance. For the random memory invocation
variants, increasing the invocation probability (25%—-100%)
results in longer inference time and reduced speed. Perfor-
mance peaks at a 75% probability before declining, indi-

cating that excessive memory invocation impairs efficiency
without yielding additional performance benefits. Ablation
studies of the short-term and long-term memory compo-
nents reveal task-specific advantages: the short-term mem-
ory component outperforms on MuirBench [57] and Mul-
tiTrust [82], while the long-term component demonstrates
superior performance on MV-Math [62]. Notably, the com-
plete VisMem framework achieves the highest performance
across all benchmarks, validating the value of integrating
dual-component vision memory for balanced and robust vi-
sual capacities.
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Figure 7. Results of various models of the cross-domain generalization study. Models are only trained on Visual CoT [42] and Mul-
berry [71], and are evaluated on four benchmarks.

Vanilla Visual-RFT Vision-R1
SFT VLM-R1 PAPO

DeepEyes ICoT Mirage
OpenThinkImg MINT-CoT

VisMem (Ours)

Performance

60
Stage 0 Stage 1 Stage 2 Stage 3

Figure 8. Results of four-stage continual learning on MM Vet [76]. The model is sequentially trained on each training data combination
(Stage 0 — Stage 1 — Stage 2 — Stage 3). Stage 0 only includes MM Vet [76] as training data, while Stage 1, 2, 3 add data targeting visual
understanding [15, 57], reasoning [59, 67], and generation [34, 82].

Table 9. Ablations of latent vision memory invocation and dual vision memory formation. Following [81], “Random Invocation” denotes
that the latent memory is inserted into the output sequence with a certain probability when outputting delimiter symbol tokens, and short
or long latent memory is inserted with equal probability. When only utilizing short or long latent memory, we directly skip the formation
of the specific memory if invocation tokens are predicted and continue the process of decoding.

Ablation ‘ MM Vet MuirBench MV-Math MultiTrust
‘Time Speed Perf. Time Speed Perf. Time Speed Perf. Time Speed Perf.
Vanilla ‘0.76 1.32 660 3.79 026 574 547 018 189 3.62 0.28 064.8
Random Invocation (25%) | 0.80 1.25 69.2 394 0.25 59.4 879 0.11 29.8 6.14 0.16 69.4
Random Invocation (50%) | 0.83 1.20 719 4.12 024 63.2 11.68 0.09 26.1 8.62 0.12 68.5
Random Invocation (75%) | 0.86 1.16 73.6 4.27 023 62.7 1478 0.07 219 10.11 0.10 63.7
Full Invocation (100%) 0.88 1.14 734 443 023 56.0 17.87 0.06 17.5 1343 0.07 62.6
Short-term Memory 0.79 127 715 4.00 025 656 7.64 0.12 296 496 020 73.6
Long-term Memory 0.81 123 694 395 025 602 7.61 0.12 36.1 4.80 0.21 69.8
Complete VisMem (Ours)\ 0.84 1.19 751 4.10 024 698 7.87 0.13 414 585 0.17 77.0

10.6. Analysis of Latent Vision Memory ory components exhibit task-specific advantages for differ-
ent visual sub-tasks. For instance, the short-term memory
provides supplementary visual information to support en-

hanced visual understanding, such as counting, grounding,

We visualize the invocation ratio and relative invocation po-
sition, as presented in Fig. 5 and 9: the former illustrates

benchmark-specific differences between the two memory
components, while the latter depicts type-specific variations
across the four benchmarks. In addition, as reported in
Tab. 5 and 6, the short- and long-term latent visual mem-

and visual retrieval. By contrast, the long-term memory en-
codes contextualized semantic knowledge, which strength-
ens complex visual reasoning. These results reveal that our
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Figure 9. Results of memory invocation ratio and relative position across four benchmarks. The former denotes the proportion of invoked
samples to all samples, while the relative position denotes the position in the whole output sequence when the invocation occurred. We

apply gaussian smoothing to the curves to highlight their main trends.
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Figure 10. Results of sensitivity analysis on the sequence length
of memory query K, short- and long-term memory N, and IV;.

Table 10. Results of different length of memory query K.

K |MMVet MuirBench MV-Math MultiTrust

Vanilla  66.0 57.4 18.9 64.8
2 69.6 66.0 34.7 71.9
4 725 68.9 40.6 74.8
8 73.1 69.8 41.1 77.0
16 | 733 70.0 41.4 777
32 | 745 70.3 40.9 78.2

proposed VisMem dynamically adjusts invocation position
and frequency according to task characteristics, thereby bal-
ancing efficiency and performance.

10.7. Sensitive Analysis of Sequence Lengths

We conduct an analysis on MMVet [76] focused on the
lengths of three key sequences: the memory query K, the
short-term latent visual memory Ny, and the long-term la-
tent visual memory [NV;. It is observed that as the lengths
of these three sequences increase from 2 to 32, model per-
formance improves accordingly, but this is accompanied by
increased computational costs.

Table 11. Results of different length of short latent vision memory
N, and the length of long latent vision memory NN; across four
benchmarks.

N, N;|MMVet MuirBench MV-Math MultiTrust

Vanilla  66.0 57.4 18.9 64.8
2 - | 672 63.7 28.2 69.3
4 -1 699 64.6 31.5 71.4
8 - | 718 65.2 33.8 73.4
16 - | 71.1 67.8 34.0 73.3
32 - | 730 69.1 344 72.7
- 2| 664 60.3 29.3 71.0
- 4| 684 61.8 324 72.8
- 8| 697 63.0 335 74.2
- 16| 703 63.4 34.8 74.9
- 32| 70.8 63.1 35.5 75.3
8 16 ‘ 75.1 69.8 41.1 77.0

10.8. Inference Efficiency

As presented in Tab. 12 and the bubble plots in Fig. 6,
we compare the average inference time, average inference
speed, and task performance across the four benchmarks.
Our approach achieves an optimal performance-efficiency
balance, with minimal additional time overhead. For in-
stance, image-level paradigms exhibit nearly twice the in-
ference time of the vanilla model, resulting in significant
latency and substantial inference overhead. In contrast, our
VisMem introduces only controllable computational latency
increments, ranging from 8.2% to 43.8% relative to the
vanilla model, which are on par with those of other direct
training and token-level paradigms.



Table 12. Average inference time per sample (seconds), average inference speed (samples / seconds), and task performances across four
benchmarks on various methods. Perf. indicates Performance.

| MMVet MuirBench MV-Math MultiTrust
Method

‘Time Speed Perf. Time Speed Perf. Time Speed Perf. Time Speed Perf.
Vanilla [4] ‘ 0.76 132 66.0 3.79 0.26 574 547 0.18 189 3.62 0.28 064.8
SFT 0.75 133 675 3.82 0.26 587 635 0.16 228 3.68 027 67.0
Visual-RFT [35] 076 132 705 3.81 0.26 629 5.66 0.17 265 3.65 0.27 70.7
VLM-R1 [44] 0.77 130 73.0 3.83 0.26 63.8 7.88 0.13 34.6 3.69 0.27 69.9
Vision-R1 [26] 0.77 130 71.7 3.83 0.26 640 842 0.12 387 3.71 0.27 726
PAPO [66] 0.76 132 69.8 3.81 0.26 56.7 6.74 0.15 34.8 3.68 0.27 67.7
Sketchpad [24] 239 042 645 890 0.11 528 9.10 0.11 24.6 547 0.18 66.2
GRIT [13] 0.80 1.25 67.8 4.07 0.25 51.0 845 0.12 224 406 0.25 673
PixelReasoner [48] | 1.45 0.69 67.1 7.34 0.14 605 996 0.10 259 560 0.18 699
DeepEyes [87] 321 031 705 846 0.12 63.0 11.72 0.09 31.5 6.14 0.16 72.6
OpenThinkImg [49]| 3.68 0.27 71.6 8.69 0.12 61.7 10.38 0.10 28.0 6.43 0.16 74.0
Scaffold [28] 0.83 120 67.0 435 0.23 529 7.01 0.14 21.0 3.88 0.26 685
ICoT [16] 097 1.15 679 457 022 57.0 894 0.11 30.8 420 024 69.1
MINT-CoT [8] 0.81 1.23 695 4.18 0.24 589 7.89 0.13 392 403 025 714
VPT [75] 298 034 70.8 9.63 0.10 635 9.59 0.10 347 579 0.17 64.7
Mirage [70] 086 1.16 71.8 4.02 0.25 59.0 7.71 0.13 354 3.82 026 66.1
VisMem (Ours) 0.84 1.19 751 4.10 024 69.8 7.87 0.13 414 3.85 026 77.0
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Figure 11. Results on different base models.



