Monet: Reasoning in Latent Visual Space Beyond Image and Language

Supplementary Material

A. Additional Experimental Results

We present the complete results on MME-RealWorld-Lite
in Table 6. This benchmark spans a wide range of task do-
mains, such as monitoring, autonomous driving, and com-
plex diagram data. Compared with baseline approaches,
Monet achieves consistently strong performance across all
data sources, demonstrating its generality in both visual rea-
soning and perception tasks.

B. Implementation Details

B.1. SFT Training

We use TRL [36] to implement our SFT training. In
a training CoT, we allow the model to predict the spe-
cial latent-start token <latent> while masking the
latent-end token </latent>, the observation-start to-
ken <observation>, and the observation-end token
</observation> in the SFT labels.

Hyperparameters. We list the training hyperparameters
of SFT in Table 7. To avoid OOM, we use a batch size of 1
and set gradient accumulation steps to 16. Additionally, we
restrict the total number of pixels (denoted by “max total
pixels”) in a training sequence to prevent the OOM issue
caused by too many auxiliary images.

Latent only backpropagation in SFT Stage 2. To en-
sure that gradients flow only through the latent representa-
tions to the model parameters, we replace Ljign-obs With the
following surrogate loss:
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where stop_grad denotes the stop-gradient operation, fll(;’eit)
are the generated latent embeddings in the student CoT, N
is the number of the training data and L is the number of
layers in the MLLM’s language model. By differentiating
L' align-obs With respect to the model parameters 6:
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we can see that minimizing £’ align-obs 18 €quivalent to opti-
mizing the parameters ¢ through only the generated latent
embeddings.

B.2. RL Training

We implement our RL training on EasyR1 [52], an open-
source RL training framework for multimodal LLMs.

Hyperparameters. We summarize the RL training hy-
perparameters in Table 8. Note that we apply an “accu-
racy threshold” to retain only samples whose group accu-
racy falls below this threshold but remains non-zero, pre-
venting the advantage from vanishing when the responses
in a group are all correct or incorrect.

B.3. Training Data Construction

We provide the prompt for the API models used in the stage
3 of our training data construction pipeline as below:

You are a helpful assistant. Your task
is to identify which parts of the solu-
tion rely on visual observations (marked by

<latent></latent>). Wrap these essential obser-
vations in <observation>../<observation>
while leaving all other text unchanged. The input con-
tains only a question (with conditions) and a solution
chain-of-thought text — no images. Identifying obser-
vations does not require access to images. Segments are
delimited by <STEP_i> ... <END_STEP_1i>.

Rules:

1. Do NOT remove, rename, or reorder any markers.
Always output all markers exactly as given.

2. Do NOT add new content to the reasoning.

3. Inside <observation>..</observation>,
include as little as possible — only the key tokens that
truly require image observation.

4. Do NOT put information that can be inferred
from the question text or earlier reasoning into
<observation>..</observation>.

5. If you think there’s no observation, just return the
input text unchanged.

C. Detailed Experimental Setup

We use the VLMEvalKit [9] framework for our evaluation.
We set the inference-time maximum visual tokens to be
8192x28x28. Below is the system prompt we used for
evaluation.

You are a helpful multimodal assistant. You are required
to answer the question based on the image provided. Put
your final answer in \\boxed{ }.



Table 6. Full result on MME-RealWorld-Lite.

MME-RealWorld-Lite

Reasoning Perception

Overall MO AD OCR DT overall MO AD OCR DT RS

Qwen2.5-VL-7B-Instruct 39.73  30.67 27.00 74.00 70.00 | 49.62 31.03 3143 90.80 85.00 39.33

+ SFT 46.40 52.00 33.00 73.00 65.00 | 5441 4044 36.29 88.80 86.00 48.00

+ SFT + GRPO 48.13 5933 3375 71.00 66.00 | 55.18 4326 37.71 89.60 83.00 45.33

DeepEyes 50.53 46.67 4025 78.00 70.00 | 56.63 43.89 38.86 90.00 84.00 51.33

Monet-SFT 50.53 48.67 43.00 65.00 69.00 | 54.06 41.69 4457 76.40 71.00 54.00

Monet-7B (Monet-SFT + VLPO)  51.07 46.00 41.50 73.00 75.00 | 58.34 41.07 48.86 85.60 84.00 54.67

Table 7. Hyperparameters for SFT. D. Computational Cost Analysis

Hyperparameter Value We report the training runtime in Figure 6 on eight H800
— . 0.00001 GPUs (note that our training was conducted on eight A100
be:tg;:I;igz::a ¢ ’ | GPUs). As shown in Figure 6(a), Stages 1, 2, and 3 of
. . Monet SFT require 21.92 h, 10.43 h, and 7.48 h, respec-

gradient accumulation steps 16 . . ;
weight decay 0.01 tively. Figure 6(b) shows that, compared to vanilla SFT,
SFT Stage 1 steps 3884 (3 epochs) Monet SFT in Stages 2 and 3 incurs approximately 1.85x

SFT Stage 2 steps

SFT Stage 3 steps

latent size

SFT Stage 1 max total pixels
SFT Stage 2 max total pixels
SFT Stage 3 max total pixels

SFT Stage 1,2,3 max pixels per img

SFT Stage 2 alignment weight
SFT Stage 3 alignment weight

1000 (1.03 epoch)
1000 (1.03 epoch)
{8,10,12}
2000x28 %28
1500x28 %28
2000x 28 x28
2000x28 %28
2.0
2.0

Table 8. Hyperparameters for RL.

Hyperparameter Value
learning rate 0.000001
batch size 64
weight decay 0.01
rollout size 8
temperature 0.5

max response length 4096
VLPO o 10.0

SFT Stage 1 steps 3884 (3 epochs)

SFT Stage 2 steps
SFT Stage 3 steps
latent size

max pixels per img
accuracy threshold

1000 (1.03 epoch)
1000 (1.03 epoch)
10
2000x28 %28
0.6

To ensure reliable evaluation, we first apply a rule-based

judge (exact match) and then employ DeepSeek-V3.1 or
Gemini-2.5-Pro as secondary judges.

and 1.32x higher computational cost per step. However,
since Stages 2 and 3 converge within only 1,000 training
steps (approximately 1 epoch), the overall computational
overhead remains acceptable. Figure 6(c) further demon-
strates that VLPO introduces little overhead compared to
GRPO.

(a}l'goz'i‘al running time (b) Per-ste;s)_lrslzrsmlng time [(c) Per-step running time

1.25ks

stagel stage2 stage3
(vanilla SFT)

stage 1l stage2 stage3 GRPO VLPO

(vanilla SFT)

Figure 6. (a) Total running time of Monet SFT stage 1, 2, and 3.
(b) Per-step running time of Monet SFT stage 1, 2, and 3. (c) Per-
step running time of GRPO and VLPO.

E. Comparison with “Think-with-images” Ap-
proaches

In this section, we will compare Monet and existing “Think-
with-images” methods from two perspectives: the cost of
obtaining training data and the interpretability of the rea-
soning process.

E.1. The Cost of Obtaining Training Data

In this section, we compare the construction of the training
data of Monet and that of the existing tool-based approaches
from the following aspects: annotation cost, data scalability,
and automation level.

Annotation Cost. The annotation cost of Monet is com-
parable to that of tool-based and code-based approaches,
as all of them require expert models to generate tool-
invocation instructions or code to obtain auxiliary images.



Data Scalability. Monet exhibits better data scalability
than tool-based and code-based methods for two reasons.
1) Monet does not need to learn specific tool-invocation
formats or code libraries. Instead, it only relies on aux-
iliary images, which allows it to leverage a large amount
of heterogeneous interleaved image—text CoT training data,
greatly expanding the pool of available data. In contrast,
tool-based methods require training data with a unified in-
vocation format for specific tools, which severely limits
data scalability. 2) Scaling up data with simple visual op-
erations is sufficient to incentivize strong OOD general-
ization of Monet. In Monet-SFT-125K, 118.6K samples in-
volve only simple visual operations (cropping key regions),
while only a small fraction contains more complex opera-
tions (e.g., drawing auxiliary lines or sketching). Therefore,
it’s easy for Monet to scale up the training data by incorpo-
rating simple visual operations. In contrast, tool-based and
code-based methods must generate dedicated training data
for each visual operation in order for the model to acquire
the corresponding capability.

Automation Level. The data curation process of Monet
can be fully automated by MLLMs.

E.2. Interpretability of the Reasoning Process

Monet demonstrates stronger interpretability than pure
latent reasoning methods, though it remains less inter-
pretable than ‘“think-with-images” approaches. Monet
adopts an interleaved text—latent reasoning paradigm, where
it’s likely that the latent embeddings are followed by ex-
plicit observations derived from the latent embeddings. Un-
like other visual latent reasoning approaches (e.g., LVR and
Mirage), which replace the entire intermediate reasoning
process with latent representations, Monet does not fully
hide intermediate reasoning in the latent space and there-
fore retains good interpretability.

Take the chart understanding problem in Figure 11 in the
Appendix as an example, the Monet-7B model generates an
intermediate conclusion (highlighted in bold) immediately
after the latent embeddings, which enables us to check the
faithfulness of the latent thinking process.

“..</latent>The highlighted area in the image
clearly shows the Top Sales Countries section...The fi-

s

nal answer is @

The “think-with-images” methods typically yield ex-
plicit tool-use outputs, such as intermediate images or text,
which makes the correctness of the intermediate reasoning
process easy to examine. By contrast, although Monet al-
lows assessment of process correctness through its interme-
diate language reasoning component, the faithfulness latent

embeddings themselves cannot be easily verified for a spe-
cific reasoning trajectory’.

F. Limitations

We summarize the limitations of our work as follows. First,
Monet relies on a multi-stage SFT pipeline, resulting in in-
creased training complexity and overhead. Second, the im-
pact of different reward designs on latent visual reasoning in
MLLMs has not yet been systematically explored, and thus
remains an important avenue for future research. Finally, as
discussed in E.2, the interpretability of the generated latent
embeddings is still limited. However, this is a fundamen-
tal limitation of all latent reasoning methods, and we hope
future work can develop more effective ways to probe, val-
idate, and improve the faithfulness of latent reasoning pro-
cesses.

G. Case Studies

G.1. Monet-SFT-125K Examples

We select three examples from Monet-SFT-125K to illus-
trate the data structure and corresponding visual operations.
These examples cover three representative types of visual
operations: cropping key regions, generating new visual
states, and drawing auxiliary lines or bounding boxes. As
shown in Figures 7, 8, and 9, each training instance con-
tains an image—text interleaved CoT with intermediate aux-
iliary images that facilitate the visual reasoning process.
Additionally, tokens that encode key observations from the
auxiliary images are wrapped in <observation> and
</observation>, which are used in the alignment loss
during SFT Stage 2.

G.2. Inference Examples

We present some inference examples generated by Monet-
7B in this section to show the generality of tasks that
Monet-7B can solve. For clarity, we don’t map the
generated latent embeddings to the language space, as
this will produce meaningless tokens.  Instead, we
use <latent><latent_embeddings></latent>
to represent the latent reasoning segments.

The tasks of the selected examples include 3D Spa-
tial Reasoning (Figure 10), 2D transformation (Figure 11),
complex diagram reasoning (Figure 12), commonsense QA
(Figure 13), fine-grained OCR (Figure 14), and math rea-
soning (Figure 15). Note that Monet does not always use
latent thinking. For example, for the pure-text math prob-
lem in Figure 15, Monet directly relies on text-based rea-
soning to solve the problem.

2Still, we can validate the effectiveness of latent embeddings by remov-
ing them from the reasoning process and measuring the change in perfor-
mance (see Figure 5).



Question: According to the survey presented in the infographic, what percentage of parents in the U.S. delay the
Varicella vaccine for their children beyond the CDC’s recommendations?
Put your final answer within \\boxed{ }.

Question Image:
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RECOMMENDED VACCINATION SCHEDULES ARE IGNORED

The U.S. Center for Disease Control and Prevention (CDC] recommends the age at which children should Wait too long
receive each vaccine. According to a 2011 survey by the Journal of Pediatrics, many parents overlook between doses
these schedules, delaying vaccines or skipping them altogether.
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Image-text Interleaved CoT:

The question asks for the percentage of parents who delay the Varicella vaccine according to CDC recommendations,
based on the provided infographic. I need to find the section of the infographic that lists vaccines and the percentages for
delaying them past CDC recommendations. I will focus on the Varicella vaccine data.

L&%

The cropped image shows the specific data point for the <observat ion>Varicella vaccine</observation> under
the Delay vaccine past CDC recommendationsiow. Therefore, the final answer is .

Figure 7. Example of Monet-SFT-125K: cropping the crucial region.



Question: Consider the initial arrangement of objects presented in the image below. You are required to perform a series
of removal operations in the specified order:

Step 1: Eliminate all objects identified as PYRAMIDs.

Step 2: Eliminate all objects that are BLUE in color.

Step 3: Eliminate all objects that are RED in color.

After completing these steps, determine the total count of orange objects remaining.

Put your final answer within \ \boxed{}.”

Question Image:

o8 =
o 2%

>

Image-text Interleaved CoT:

I will begin by analyzing the initial set of objects shown in the problem image. There are
<observation>7</observation> distinct objects in the initial configuration. My approach will be to systemati-
cally apply each removal step and visually track the remaining objects before arriving at the final count. The first operation
requires the removal of all pyramid-shaped objects from the scene. This means both the <observation>purple
pyramid</observation> and the <observation>orange pyramid</observation> will be taken away. To
visualize the updated set of objects, I will generate an image reflecting this change.

Py
)

After removing the pyramids, as seen in the previous visual, we are left with <observation>five</observation>
objects: an <observation>orange sphere</observation>, a <observation>blue cube</observation>,
a <observation>red torus</observation>, a <observation>red cube</observation>, and a
<observation>purple sphere</observation>. The next instruction is to remove all objects that are blue.
This specifically targets the <observation>blue cube</observation>. I will generate a new visual to show the
state after this removal.

]

Having completed all specified removal operations, the final visual shows <observation>two</observation>
objects remaining: an <observation>orange sphere</observation> and a <observation>purple
sphere</observation>. The question asks for the count of orange objects. From the two remaining objects,

only one is orange. The final answer is .

Figure 8. Example of Monet-SFT-125K: creating new visual states.



Question:What is the sum of real users below 1 million?
Put your final answer within \\boxed{}.”

Question Image:

Image-text Interleaved CoT:
Draw a line to obtain the new image after the line is drawn.

Outline each bar column, which are located at Netflix, VoD.pl, Wirtualna Polska VOD services, Player.pl, VoD.tvp.pl,
CDA.pl, HBOGo.p], Ipla TV, Chili.com, NCplusgo.pl.

Analyze the value of each bar in relation to x=1. The values obtained from HBOGo.pl, Ipla TV, Chili.com,
and NCplusgo.pl are all <observation>less than one million</observation>, with respective values of
<observation>0.63, 0.59, 0.25, and 0.21.</observation> Calculate their total sum as 0.63 + 0.59 + 0.25 +
0.21 = 1.68, so the answer is 1.68. The final answer is .

Figure 9. Example of Monet-SFT-125K: drawing auxiliary lines and bounding boxes.



Monet-7B Inference Example 1: 3D Spatial Reasoning (from VisualPuzzles)

Question:Given a pair of chairs arranged at a specific angle, select the option from the four provided that matches the
angle of the chairs in the question. Options: Choose from (A) (B) (C) (D) in the image. ”

A e
SRR S SN

Response by Monet-7B:

The problem asks to identify the option that matches the given angle between the chairs. I will analyze the pro-
vided image to determine the angle between the chairs and then compare it with the given choices.To accurately
assess the angle between the chairs, I will focus on the visual representation of the chairs in the problem image.
<latent><latent_embeddings></latent>The zoomed-in view of the chairs in the problem image clearly
shows the angle between them. This visual confirms the specific spatial relationship between the two chairs. Therefore,

the final answer is .

Question Image:

Figure 10. Inference example: 3D spatial reasoning. Instead of describing the angles between the chairs in language, Monet directly
reasons with latent embeddings before giving the final answer.



Monet-7B Inference Example 2: 2D Transformation (from VisualPuzzles)

Question: The number 4 is reflected twice in <imagel>. Which among the options in <image?2> should appear in the
field with the question mark if we do the same with the number 5?7 ”

Question Image:

<imagel>:

-~

<image2>:

A)E B)E C)g p) U1

Response by Monet-7B:

To determine the correct answer, we need to identify the pattern of reflection for the number 5, similar to how the number
4 is reflected in the provided image.To better understand the reflection pattern, I will generate a zoomed-in view of the
relevant section of the image. <latent><latent_embeddings></latent>The zoomed-in image clearly shows
how number 4 is reflected. The reflection pattern for the number 4 is obtained by flipping it twice. Once horizontally,

once vertically. Therefore, the final answer is .

Figure 11. Inference example: 2D transformation. By generating latent embeddings, Monet successfully identifies the flipping rule of
the number.



Monet-7B Inference Example 3: Complex Diagram Reasoning (from MME-RealWorld-Lite)

Question: Which country is the top sales country? The choices are listed below:
(A) Canada

(B) Germany

(C) UK

(D) United States

(E) The image does not feature the number.

Question Image:
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Response by Monet-7B:

To determine the top sales country, I need to locate the section of the image that displays sales by country.
<latent><latent_embeddings></latent>The highlighted area in the image clearly shows the “Top Sales
Countries” section. It lists various countries along with their respective sales figures. The sales figures are in millions of
dollars. From the highlighted section, I can see that the United States has the highest sales at 1,241.60M, followed by the
UK, Germany, and other countries. This directly answers the question about the top sales country. The final answer is

wmpagiaps | s19.39M

Bluetooth Headpho... | $17.47M

Figure 12. Inference example: complex diagram reasoning. Monet-7B exhibit a hierarchical reasoning pattern. Firstlt, it focus on the
relevant section in the image by generating latent embeddings: “The highlighted area in the image clearly shows the “Top Sales Countries”
section.” Then, it accurately identifies the contents in the “Top Sales Countries” section and gives the correct answer.



Monet-7B Inference Example 4: Commonsense QA (from VisualPuzzles)

Question: Based on the relationship between Origin and Analogy, select the option from the candidates that best
completes this analogy.
Options: Choose from (A) (B) (C) (D) in the image.

Question Image:

Origin Origin'

e

Response by Monet-7B:

To identify the correct image that completes the analogy, I will analyze the relationship between the “Origin”
and ”Analogy” images in the provided problem image. The goal is to find a similar relationship between the
”Origin’” image and the missing “Analogy’” image. To better understand the relationship, I will focus on the
”Origin” and ”Analogy” images to identify the specific action being performed by the person in each image.
<latent><latent_embeddings></latent>

The zoomed-in view of the Origin” image clearly shows a person drinking wine, while the ”Analogy” image depicts a
person smelling a flower. This indicates that the action involves the sense of smell. Therefore, the final answer is |

993

Figure 13. Inference example: commonsense QA. Monet-7B correctly identifies the connection between the “Origin” and the “Analogy”
image, showing its commonsense reasoning capability.



Monet-7B Inference Example S: Fine-grained OCR (from MME-RealWorld-Lite)

Question: Where does Joseph work? The choices are listed below:
(A) Boston.

(B) Miami.

(C) Chicago.

(D) New York.

(E) The image does not feature the related information.

Question Image:

D4 ¥

The Terrible Toll
Of Art Anxiety

From Page 1, This Section

Tow than there used to be, and that
their prces are so much bgher — ac
least for the moment — exacerbates the
problom. “Four of fve yeas ago, Che.
sea seemed like maybe 30 galleries,”
sald Bemard Lumplin, a producer ot
MTV News, who began collecting
around that time. “Now it's more like
300. Why would you want to jump in
now, when it feels like you're going to
drown?”

Joseph Higgins, a 43-yearold port-
folio manager in New York with a
$900,000 mini-loft In west SoHo and a
house in the :\mm ‘bs, is one of the rare
sufferers who will speak openly about
his art paralysis, e e galler-
fes, and overcame it, e said, by break-
ing free of their grasp.

“You're going into an intimidating
space and having a curator or a gallery
owmer ask you *Do youlike this style or
this art’ when you have no idea what
the price ag is” be sald.“Irs hrd to
say, I'm b after_someone

Spencs fime with yeu in o giery and

THENEW YORK TIMES, THURSDAY, FEBRUARY 28,2008

choice; those obsessed with investment
lue; and those who return to a gallery
for mornths, even years, never buying a.
thing (Sameof these sufer from a form
It pas Stephen Nordlin-
gL-l, the _president nl the Foundry Gal-
y in Washington calls red ot sy
— a despernte longing only for
those piaces bearing the ced ot thet
show ‘they've been sold) And then
there are the people whose reasons
malie no sense at all, at least to those
doing the sell
“I'had a whole serles of these great
Choelates, 1010 inles on boards
00 & piece,

Boca Raton, Fla., and BEVEPI Hills,
Calif., which specialize in fig.
v o pancngs “The upon the
wsll nd tis lady says, It thakes

m ke, 15 tis lacly out of
hE\‘ ‘mind? I¢'s a plece of chocolate,”

M. Bolling warmed to his theme,
“You go in a house, you see 16 empty
walls and two pieces, and one they prob-
B\J]ygv{ atan auction for Groln's or coli-

for $500, and the other was given to

telsyou Pl put it inder u

hﬂng!ym[\l('llpufcnliee -

started out by using
palnxlnssdimcuum‘ a Web site vi'm(
sells the work of hundreds of artists
trom around the warld in categories

‘I walk into those snooty
galleries in Chelsea and
feel like [ don’t belong’

i uying art.”
Amy Marx, o Maryland painter
whose work features images of violent
storms and tornadoes, and who cuirrent-
1y hus a show at OK Harris n SoHo,
where her lnge pieces are listed al be-
tween $8,500 and $12,500, remembers
protracted discussions with a family in
Maryland a few years ago. “I stretched
all ‘these painiings specifically for
them,” Ms, Marx H: wrf Ille ll'mn
of the ouse — “said they love then
they want to buy them. Thcn he calied
up the next day and said, “Well, since
9711, you know.™ We're not talking Man-
hattan, we're-not talking the Pentagon,
we're tlking Prince George’s County in

ranging from landscape to “fantasy.”

e has bought 14 paintings there and
has little patience with those who would
sneec at such asite. New York may bea
world capital of modern and contempo-
rary art, he said, but he finds the same

edeiners” e thl i does o e
galleries of Chelsea, at much lower

Mitchell Gold, the co-founder of
Mitehell Gold & Bob Williams furniture,
shares Mr. Higgins's aversion, I can't
stand going into galleries,” he suid.
“They don’t put prices om, you get all
worked up, you don't know the price is
820,000 and you think, Gee, 1 don't want

One mnjﬂr Tesscn for a1t paralyais

many ex; e feeling that
‘whien buyi mg OU 8¢ upang y\mrr [ e
sell to ridicule. *Art [ always been a e

arometer of class,” said Jonathan San-

T FoRT

ot Gelsea painter androvelist. 1
¥0u buy the wrong thing and_pegple
come to your house, you
Are New Yorlers really that erltical?

. Santlofer tells a story that sounds
like the beginning of an art joke: an art-
it (himself), an art writer and a dealer
visit the bome of a collector. After they
leave — che period of time that is the

most fraught with danger for New York
hosts — the guests tell each other what
they really think. “The art writer sald,
“Now there’s an obvious collection, ™ he
said, 1 said, 1 could forgive that if the
examples he bought were better. The
art dealer sald he ltked 1 out of 40— and
he would totally forgive that if he had
sold thern the art,”

Even people who hiave been serio
<ollectors in the past may suffer bouts

house, it's huge and baautiful and kind
of like we have all these empty .

‘They've worked with art consultants
in the pust, spending about 320001,

to spend another

k) 000, accordi l\g to M. Fink.

“We had our art conutant come tro
difernt times,” s, &

it comes to artwork, I don't knﬂwlhall
lnow the value, Are you buying it for
enjoyment, or are you buying it for in-
vestment? If you buy some Yves Saint
Laurent of Halston, you know that you
are getting value.”

Did she'have a bad experience? Yes,
she.

“1 was getting & manicure at Canyon
Ranch, it Was the end of seven days of
manicures and hiking and there: was
this piece of art bohind me end 1 sal,
Ivs 5o lovely, I'll take it.”

She bought it \mpulswcly wmmm tell-
ing her husband and hed it shippe
morment it arrived, they xsreed it vas
awful. It now lives in a storage room in
the fabulous comemparay Bote: Coéc
of the painting; $12,00. Lessol
plairied by the art consuliant: Wb
ever you do i your life, if you want to
buy art on vacation, please call us an

HOWTOKNOW
WHAT YOULIKE
Joseph Higgins,
above, a portfolio

manager in New
York who was in-

a
galleries, began
buying art online.
Jonathan Armold,
left, feared mak-
ing amistake until
he began working
with Marcia
Levine, an art

consultant.

W oS THES

letus do some research.”
Jonathan Armold, a 45-year-old Chi-

of paralysis, par‘ ly {f they e look-
ing at a lirge investment, Mefissa Fink
and her Illlshan(l Stevey || Fink, live in

ant for help. He dabbled with cn].lemng
I his early 20, he said, and lust year
i

Bedfor
Tary, s.nnasnuarﬂwl Iwuse, as Ms.
Fink described it. “We just spent a for-
wune doing dions this fabulous

Where to Find Help (and Self-Help)

950, and the prices, he pointed out,
i .)

James Danzig Tuns the Dan-
ger Projets galléry In Chelsea, whieh
specializes in_ photography, recen s
took @ walk in the neighborhood and
saw something he [iked. When he asked
10 see a price list he was told there
was't one, which happens to be a vio-
lation of the clty's Truth in Pricing La.
That, Mr. Danziger said, is a tactic
you will find in most of the up
Chelsea galleries. “They dmnpul out
price ists. he said. °1 seid, Can 1 ask

aid, Oh, we're dealing in
i 2 German artist
based in London, but I thinc if you were.
a nervous Nellie and asked for a price,
and they said no, and finally they gave
you a price in pounds, you'd have every
reason ot to buy:"
Art paralysis takes many forms. In
addition to the would-be buyers who are
intinidated by galleries, there are those
worrled about making an unfashionable

mlkmg nanmummmke lfyoudnnl
kaow what you're doing,” he said, “i's
aninvitation to be taken down.”

M. Arnold asked friends whose o
lections he admired hos they acquire
thelr Work, and came up i the pane
of an art consultant, Marcia G. Levine,
of Levine Fine Art fn Manhattan, who
once sold a Modigliani to the Vatican
3 s and creates collections for
people around the wworld.

er commission, should you be new
to this world, comes from the gallery,

OR the fear of WHITECUBE.COM Limited editionsby Ty Fund.Raisi
F well like Damien Hirst o ing Auctions
below are a m\dSam Te
pe L allery, starting at around $250, schiools and other mﬂmn! often
anction work by

N lished artists at cut-rate prices, as do
Shop Online Buy From Arts Organizations  arts organizations like the Kitchenin
TINYSHOWGASE.COM Offersa quirky New York (hektchendorg)- g
selection of small inexpensive artand ~ SINPSPOT.COM Limited-edition pho-
il fographicprints, by 14 nchesand 8 gy 0y Ay e

LITTLEPAPERPLANES.CON Limited
edition prints of conterporary draw-
ings and paintings starting at 520

GIANTROBOT.COM Eclectic art and
prints fom asore tht speializes n

Asianand Asian-American pop culture,
from §5 10 51,000,

CEREALART.COM Multiple-edition
snulpmm! Sbiectsby estabiihed artsts
hi

by 20 inches, starting at S700

APERTURE.ORG Limited-edition photo-
graphs from 855010 $25,000 that you can
browise by price, category or photogra-
pher.

PRINTSHOP.0RS Single pieces and
complete installations by emerging art-
ists from the Lower East Side Print-
shop, from $1,500 to $10,000.

whiTECoL all

i, from$

20%200.¢0M Offers two new high qual-
ity prints a week in limited editions.

d es-
tahu:hed artists from 1300081 sno
wark car ordered

Public art fairs — small, neighborhood
events and large shows like the Afford-
able Art Fair in New York (June 12 to15,
aaiiyc.com) —allow visitors space and
time to figure out what they like and to
buy ina shopper-friendly enviromment,

Attend Thesis Exhibitions
e chance to. dm\'er aristsbefore
it work it gale 5w York,
ooper Urion, Cotume, Humar Col
lege, the School of Visual Arts, Parsons
and

B phone of . mail,

JULIE SCELFO

aclient. If
ou're not prepared to male a commi
ment to creating a collection — which,
for a young person, can start with a

000 drawing — don't bother her. Ms.
Levine arranged for Mr. Arnold to go to
the Marlborough gallery in New York
before an opening (0 see the work of an
American artist named Michael Ander-

" a collage ereated
m torn bits of street posters. He
bonghl i Lor $20000 Te s a0t

vorlk of another artist, Steven Charles,
znd liked it so much that he will be bufy-
ing a plece that has not et been fin-
ished, for a price he does not know.

“Having just bought a piece that
wasn't everi hnng T was seduced into
buying a piece Wasn't even made,”
Mr. Arnold seid, Iﬂuﬁlmg His art anxi-
eties, youmight say, are over,

Response by Monet-7B: . . o .
To determine where Joseph works, I need to locate his name or relevant information within the arti-

cle. T will zoom in on the section of the article that mentions Joseph to clearly identify his location.

<latent><latent_embeddings></latent> ' o
The zoomed-in image clearly shows that Joseph Higgins is a portfolio manager in New York. This directly answers the

question about where Joseph works.Therefore, the final answer is

Figure 14. Inference example: fine-grained OCR. Monet-7B accurately identifies the key information, which is located in the middle of
the rightmost region of the image.



Monet-7B Inference Example 6: Math Reasoning (from VisualPuzzles)

Question: Every night the wizard Tilim makes the weather forecast for the king. When Tilim gets it right he gets 3 gold
coins, but when he makes a mistake, he pays a fine of 2 gold coins. After making the prediction for 5 days, Tilim did the
math and discovered that he neither won nor lost coins. How many times did he get the weather forecast right in those 5
days?

Options:

A1

B)2

©3

(D) 4

Response by Monet-7B:

To determine the number of correct weather forecasts, we can set up an equation based on the given conditions. Let’s
define: - = as the number of correct forecasts (where he earns 3 gold coins per correct forecast).

- y as the number of incorrect forecasts (where he loses 2 gold coins per incorrect forecast)

The wizard made a total of 5 forecasts, so:

T+y=2>5

He neither won nor lost any gold, which means the total gain from correct forecasts equals the total loss from incorrect
forecasts:

3x =2y
We now have a system of two equations:
l.x4+y=5
2. 3x =2y
We can solve this system by expressing y in terms of = from the first equation:
y=95—zx
Next, substitute y = 5 — z into the second equation:
3z =2(5—1x)
Solve for z:
3z =10 -2z
3z + 22 =10
5z = 10
r=2

So, Tilim made 2 correct forecasts. To verify, we calculate y:
y=5—x=5-2=3

Now, check the total gold:

- Correct forecasts: 2 x 3 = 6 gold

- Incorrect forecasts: 3 x (—2) = —6 gold

- Total gold: 6+ (—6) = 0 gold. The calculations confirm that Tilim neither won nor lost any gold. Therefore, the number

of correct forecasts is . The final answer is .

Figure 15. Inference example: math reasoning. Monet-7B can perform pure-text math reasoning. Since the problem is not visual-related,
it doesn’t activate latent thinking mode.



