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Conversational Al Agents

Work Agent

Hello I'm your trusted
Agentforce Al Agent

B

Can you help route my
case for approval?

R

I have modified this
case status to Escalated
and created an
escalation request with
the subject “Modify

deliver center to
h Portland, OR”.
o
[Edit Casel

/

Personal Agent

Let’s start booking my
summer vacation
travel. Find and book

family friendly hotel for
my upcoming stay in
France..

I found this nice hotel \
near the venues you
are planning to visit. I
booked 2 rooms for the
full duration of your

1 stay.

[View Booking]

salesforce

Creative Agent

I'm writing a fiction
story about animals in
the jungle. What are
some adventures

K

these animals might
have? Give me some
ideas and illustrate
them with pictures.

~

Sure, some ideas:
1. The animals might
organizing a party.

2. The animals may

need to solve a
problem [...]

)




High-level Language-based Agent framework

Action

Environment

Observation

Task Instruction

Place an online
order for a new

pair of black
running shoes \

for me

K

1111

a_
P

it

Language-based Al Agent

Agent Response

Your shoes will be
arriving next week
to your home
address.

e —



High-level Language-based Agent framework
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Language-based Al Agent
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High-level Language-based Agent framework

Task Instruction

Place an online
order for a new
pair of black
running shoes
for me

K

N\

Environment

Action Observation

Language-based Al Agent

Agent Response

Your shoes will be
arriving next week
to your home
address.

e —



Zero-shot Language-based Agent

Task Instruction

Place an online
order for a new
pair of black
running shoes
for me

K

N\

Environment

Action Observation

Language-based Al Agent

salesforce

Agent Response

Your shoes will be
arriving next week
to your home
address.

e —

[Zhiwei Liu. “BOLAA: Benchmarking and orchestrating LLM-augmented autonomous agents”. ICLR 2024 Workshop on LLM Agents]



ReAct Agent

https://github.com/ysymyth/ReAct

Environment

Action Observation

Task Instruction

Place an online
order for a new
pair of black
running shoes
for me

K

N\

Language-based Al Agent

salesforce

Agent Response

Your shoes will be
arriving next week
to your home
address.

[Yao et al. ReAct: Synergizing Reasoning and Acting in Language Models. ICLR 2023]
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Large Action Models (LAMs)
https://github.com/SalesforceAIResearch /xLAM

Task Instruction

Place an online
order for a new
pair of black
running shoes
for me

K

N\

Environment

Action Observation

Language-based Al Agent

salesforce

Agent Response

Your shoes will be
arriving next week
to your home
address.

e —

[Zhang et al. xXLAM: A Family of Large Action Models to Empower Al Agent Systems.NAACL 2025]


https://github.com/SalesforceAIResearch/xLAM

XLAM Data Pipeline

Data from Different
Environment

Environment 1

User: Query

Agent. funci1(arg1, arg2)
Env: Observation1

A
E Environment 2

: User. Query
\] Agent. ACTION1
: Env: Observation1
Agent: ACTION2
Env: Observation2

Environment 3

| User. Query

Agent. Thought1; Action1
Env: Observation1

User: Query

Agent. Thought2; Action2
Env: Observation2

Data Unification

{ "task_instruction": "...",
"tools": [
{
"name": "api_name1",
"description™: "xxx",
"parameters": {
"param1": {
"type": "string",
"description": "xxx",
h
}

) I
"format_instruction": "...",
"few_shot_examples": [],
"query": "user query",
"steps": [

"thought": "agent thought",
"tool_calls": [
{
"name": "api_name1",
"arguments™: {
"argument1": "xxx.",

}

§ P
"step_id": 1,
"next_observation": "xxx"
"user_input": "user follow-up"

/Instruction-Following\

Augmentation

/ Prompt Format \

[Concatenation Token Style}

{ Tool Order Shuffling ]

[ Section Order Shuffling ]

Augmentation

l Task Instruction
Rephrasing

Format Instruction-
Following

/ Error Categorizatioh

[Undeﬁned Function CaIIJ

{Incorrect Argument Type

[ Argument Hallucination ]
\ l 4

Data Fixing
[ Argument Type }

Conversion

|

Data Filtering

salesforce

QA Generation

API Sampler
Seed QA Sampler

/ Multi-Stage Checker\

Format Checker
Execution Checker

[ Instruction Verification ]

[ Filter Unfixable Errors

\\_/

p

| g V

[Zhang et al. xXLAM: A Family of Large Action Models to Empower Al Agent Systems.NAACL 2025]



XLAM Training Pipeline

Data Unification Quality Verification ;(\)': Data Augmentation %f Data Mixture

Function-Calling

Environment1

Error Categorization Prompt Format

Environment 2 —> —> => General Instruction
Data Fixing BiEhiili
Instruction-Following

Data Filtering Reasoning

AE Data Synthesis 2
X Model Evaluation Model Training
QA Generation v L M
API S I >< BFCL
i XLA
Seed QA Sampler o | m— =
=l
Webshop

# Feedback Flow
Multi-Stage Checker : ;

[Zhang et al. xXLAM: A Family of Large Action Models to Empower Al Agent Systems.NAACL 2025]
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XLAM Performance: Berkely Function Calling
Leaderboard v2

Overall Accuracy (%)

85 1

80 1

75 1

70 1

65 1

Model Performance vs. Size

xLAM-8x22b-r (FC)*

xLAM-8x7b-r (FC)*

Meta-Llama-3-70B-Instruct (Prompt)

[reesssEssasRasRRtssmRnsinSR iy EAM =7 (EC);
xLAM-7b-fc-r (FC*

Gorilla-OpenFunctions-v2 (FC)

Nemotron-4-340b-instruct (Prompt)

FireFunction-v2 (FC)
Granite-20b-FunctionCalling (FC)
xLAM-1b-fc-r (FC)
Gemini-1.5-Pro-Preview-0514 (‘%VC_)

Hermes-2-Pro-Llama-3-70B (FC)

Command-R-Plus (Prompt) (Original)
Command-R-Plus (FC) (Original)

DBRX-Instruct (Prompt)
Claude-3.5-Sonnet-20240620 (FC)

Hermes-2-Pro-Llama-3-8B (FC)
Hermes-2-Pro-Mistral-7B (FC)

Hermes-2-Theta-Llama-3-8B (FC)
Meta-Llama-3-8B-Instruct (Prompt)

10-1 100 10! 102

Model Size (B)

103

[Zhang et al. xXLAM: A Family of Large Action Models to Empower Al Agent Systems.NAACL 2025]
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LATTE: A Multimodal Al Agent for Complex VQA

A: 8.0

Mantis-LLaVA: 1.5
LLaVA-OV: 7.00

Gasoline  Self Serve

get with $50?
A:13.7

Mantis-LLaVA: 3.6
LLaVA-OV: 5.2

Multi-step recog. & reasoning

Q: What is the price for tomatoes?

Q: How many gallons of supreme gasoline can |

Mantis-LLaVA: C

LLaVA-OV: A. There are 5 kids in front of the O
yellow schoolbus.

e Q: Can you give a short introduction to this painting?
“~ A:The Starry Night is an oil-on-canvas painting by Vincent

van Gogh that depicts the view from the east-facing

window of his asylum room at Saint-Rémy-de-Provence.

Mantis-LLaVA: The painting is a depiction of a starry
night sky with a large starry sky in the background. 9

LLaVA-OV: Starry Night by Vincent van Gogh.

External knowledge

[Ma et al. LATTE: Learning to Think with Vision Specialists. EMNLP 2025]



LATTE: A Multimodal Al Agent for Complex VQA

Image + Question

How many

gallons of

supreme
gasoline can I
get with $507?

K

Environment

Observation

_P

Multimodal Al Agent

Agent Response

13.7 gallons

e



LATTE vs MMLLMs

Gasoline elf Serve |
I s Self S = Q: How many gallons of supreme gasoline can
e Ll | get with $507
o EEd A:13.7

LA A T

-3 B5F
' Bﬂi : LLaVA-OV: 5.2

Mantis-LLaVA-7B: 3.6

to: | need to extract the price of supreme gasoline from the image.
ao: OCR(image-0)

t:: The price of supreme gasoline is $3.65 per gallon...I need to
divide $50 by $3.65.
a:: Calculate(“50 / 3.65")

t.: The calculation shows that you can get approximately 13.7
gallons of supreme gasoline with $50.
a:: Terminate(“13.7")

salesforce

Q: Can the boy reach the highest book?
(A) Yes, (B) No
A: (B)

Mantis-LLaVA: (A) \
LLaVA-OV: A. The boy can reach the book. Q

to: To determine if the boy can reach the highest book, | need to analyze the image for
the boy's height and the height of the bookshelf.

ac: LocalizeObjects(image-0, ["boy", "bookshelf"])

t:: The boy's height is below the bookshelf,
indicating he cannot reach the highest book.
a:: Terminate(“B”)

[Ma et al. LATTE: Learning to Think with Vision Specialists. EMNLP 2025]



LATTE Trajectory Generation

Model-based generation LATTE-trace Chain-of-Thought (CoT)

to: There are two motorcyclists in yellowish suits,
but one is more neon-green than yellow. The other

to: | need to first identify the motorcyclist wearing OR

a yellow suit. ! :
a0: LocalizeObjects(image-0, “motorcyclist motorcyclist has number 16 on their motorcycle.
wearing a yellow suit”) a0: Terminate(16”)
lI 0o: image-1
t:: Then, | can extract the
Generate numbers on the motorcycles.
a: OCR(image-1)
) o: “17, 9,16, 2, 23"
Q: What is the number on the ) )
moto‘rcycle of the mptorcycllst t2: The motorcyclist wearing a yellow suit is the Direct Answer (Direct) WV
peaning el Rt @ middle one with 16 on the motorcycle. to After inspecting the image closely, | can 9
A:16 Q az: Terminate(“16”) % conclude that the answer is 16.
1 ao: Terminate(“16") AN\
Annotate
Templates Generated QA and LATTE-trace
Q: Between {objl.name} and {obj2.name}, which is Q: Between the
closer to the camera? _ and the grass, which is closer to the camera? Q
A. {objl.name} B.{obj2.name} == A. B. grass ~
A:B \_ </> A:B CA)
2 e g to: | need to first get the depth of {objl.name}. Generate to: | need to first get the depth of the
obj1: ac: EstimateObjectDepth(image-0, {objl.name}) ao: EstimateObjectDepth(image-0, )
¢ name: Oo: depth: {obﬂdepth} Oo: depth:
« depth: t:: Then, | need to estimate the depth of {obj2.name}. t:: Then, | need to estimate the depth of the grass.
obj2: a:: EstimateObjectDepth(image-0, {obj2.name}) a:: EstimateObjectDepth(image-0, “grass”)
e name: grass 0:: depth: {obj2.depth} o:: depth: 5.44
« depth: 5.44 ® : .
tz: I've gather enough information to answer... __ tz: I've gather enough information to answer...
== a: Terminate(“B") %

. . az: Terminate("B”)
Programmatic generation



LATTE Results

Substantial gains compared to vanilla instruction-tuning.

salesforce

Other distillation baselines result in smaller gains or even degradation on some
perception tasks.

Method Perception Perception + Reasoning Overall
BLINK CV-Bench RealWorldQA Avg MathVista MMStar MMVet Avg Avg

Vanilla IT 44.1 49.2 41.4 449 31.0 39.7 278 328 38.9

VPD 41.6 48.8 44.8 45.1 (+0.2) 33.0 41.1 328 357 (+2.8) | 404 (+1.5)

LLaVa-CoT | 42.2 40.4 38.0 40.2 (-4.7) 36.7 44.6 40.2 405 (+7.7) | 404 (+1.5)

LATTE 46.4 54.0 42.0 47.5 (+2.6) 36.9 44.2 47.9  43.0 (+10.2) | 45.2 (+6.4)

[Ma et al. LATTE: Learning to Think with Vision Specialists. EMNLP 2025]
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LATTE Results

salesforce

Consistent gains over baselines across varying training data sizes

Perception
@
/.
g ®
i—=cr.
N v Method
== Vanilla IT
-e— VPD
—=o— LlLaVa-CoT
—-o— LATTE
100 150 200 250 300

Training Data Size (K)

[Ma et al. LATTE: Learning to Think with Vision Specialists. EMNLP 2025]
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LATTE Results

Gains over baseline across all benchmarks regardless of the base model and

salesforce

checkpoint.
fanguagel] Vision hSta;(“tmgt Method | Perception | Perception + Reasoning | Overall
eaeespoin | CV-Bench BLINK RealWorldQA Avg | MathVista MMStar MMVet Avg | Avg
T — | VanillaIT | 52.6 45.8 523 502 | 331 36.7 289 329|416
Mantis LATTE 56.9 49.6 51.1 526 | 366 40.8 452 408 | 46.7 (+5.1)
Protrainedt VanillaIT | 523 43.7 51.8 493 | 311 40.5 330 349 | 42.1
CLAMAB SRS LATTE 57.2 47.8 537 529 | 349 44.6 452 416 | 472 (+5.1)
Mantis ~ VanillaIT |  50.6 46.7 54.8 507 | 362 40.7 297 355 | 43.1
Instruct-tuned LATTE 51.7 473 56.1 517 | 389 45.1 50.0 44.7 | 482 (+5.1)
Owen2.7B/ SigLp  LAVAOV VanillaIT | 568 50.3 57.8 550 | 424 50.1 393 439|495
g Stage 1.5 LATTE 60.2 52.6 61.1 580 | 469 50.8 509 512 | 53.8(+4.3)

[Ma et al. LATTE: Learning to Think with Vision Specialists. EMNLP 2025]
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LAM Simulator: Overview

Environment

Action Observation

Get top 5
apps on
AppStore

salesforce

Agent Response

o

User query Al Agent

Keys to enable Exploration & Self-improvement:

o
o =5

Parameterized tasks Simulation of Learn & fine-tune
instantiated into Tool/API use from generated
Input user queries trajectories

Here are
the top 5

Automatic Evaluation
of Task completion:
Rewards



LAM Simulator: Framework design

Query Instance Generation Trajectory Synthesis

~In the past [TIME_PERIOD], find the agent with the ... Action
Query template
LLM Agent
r ‘[ Available tools )[ w‘ A g ‘
| » | T Y
| | N 4 E o t l
| | = 555
{[TIME_PERIOD]": | get_start_date i i }r nvironmen | ﬁ:
S months"} i get_cases :’ | |
i | | ; | |
Randomly sampled variable | ' | Is f.lnal OB UatioHh ! o |
! get_issues ! action? ! 0 |
: i Action handler Sandbox i
——» Inthe past 5 months, find the agent with the ... ~—Paraphrase Yes : S S I
Filled-in query %5
= L m——

P> 005Ws000001xYI3IAE

Ground-truth answer
Answer computation Candidate trajectories Trajectory filtering Final trajectories

\

—
‘ﬁ




LAM Simulator: Key Results

Pass Rate (%)

60

ToolEval Pass Rate

50 A

40

30 1

204

47 4%

B Base Model LAM_SIM (ours)
51.5%
49.8% 49.7%
45.2%
43.5%
41.3%
39.2%
31.0%
11.7%
xlam-8x7b-r gpt-40-mini xlam-7b-r mixtral-8x7b-inst

Pass Rate (%)

100

salesforce

CRMArena Pass Rate

Base Model

gpt-40

ToolLLM_partial

86.4%

B ToolLLM_full mmE LAM_SIM (ours)

67.8%

45.5%

18.5%

gpt-40-mini
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Compositional Reasoning Remains a Challenge for VLMs

q
| i
‘ [ The pillow on the pink beanbag is

yellow. GPT4o
5/31/25

[} = T . FEISN [ The pillow on the pink beanbag is F “%//
=> 27T — L black. InternVL3
5/31/25

What color is the pillow on the pink ] [ There is no pillow on the pink ‘

bean bag? beanbag. em|n| 2.5 Pro
5/31/25



https://www.homestratosphere.com/multi-colored-living-room-ideas/

Visual Programming Emerged as a Promising Approach

1 def execute command (image) -> str:
J image patch = ImagePatch (image)

# Find the pink beanbag and crop to its region
beanbag patches = image patch. find(
"pink beanbag")
if not beanbag patches:
return "unknown"
beanbag patch = beanbag patches[0]

# Look within the pink beanbag for a pillow
pillow_in beanbag patch = beanbag patch.find(
"pillow")
if not pillow in beanbag patch:
return "unknown"
pillow patch = pillow_in_ beanbag patch[0]

return pillow_patch.simple query(
"What color is the pillow?")

. GPT40

What color is the pillow on the pink 5/31/25
bean bag?



https://www.homestratosphere.com/multi-colored-living-room-ideas/

Visual Programming Emerged as a Promising Approach

# Find the pink beanbag and crop to its region
beanbag patches = image patch. find(
"pink beanbag")

beanbag patches =

What color is the pillow on the pink
bean bag?



https://www.homestratosphere.com/multi-colored-living-room-ideas/

Visual Programming Emerged as a Promising Approach

e |

Pmeeyy]

beanbag patch = beanbag patches[0]

What color is the pillow on the pink
bean bag?



https://www.homestratosphere.com/multi-colored-living-room-ideas/

Visual Programming Emerged as a Promising Approach

pillow_in beanbag patch = beanbag patch.find(
"pillow")

pillow_in beanbag patch = h

What color is the pillow on the pink
bean bag?



https://www.homestratosphere.com/multi-colored-living-room-ideas/

Visual Programming Emerged as a Promising Approach

return pillow_patch.simple query(
"What color is the pillow?")

h -Simple query (

"What color is the pillow?")

gray J

What color is the pillow on the pink
bean bag?



https://www.homestratosphere.com/multi-colored-living-room-ideas/

Visual Programming Emerged as a Promising Approach

1 def execute command (image) -> str:
J image patch = ImagePatch (image)

# Find the pink beanbag and crop to its region
beanbag patches = image patch. find(
"pink beanbag")
if not beanbag patches:
r n n n
beanbag patch = beanbag patches[0]

# Look within the pink beanbag for a pillow
pillow_in beanbag patch = beanbag patch.find(
"pillow")
if not pillow in beanbag patch:
return "unknown"
pillow patch = pillow_in_ beanbag patch[0]

return pillow_patch.simple
"Wha

ry (
r is the pillow?")

GPT40

Correct for the
wrong reasons!

— not all pink beanbags
are considered.

What color is the pillow on the pink
bean bag?



https://www.homestratosphere.com/multi-colored-living-room-ideas/

Programs Are Often Correct for the Wrong Reasons

e 40% of correct programs are correct for the wrong reasons!
o Manual inspection of 100 programs generated by CodelLLaMA-7B.

e Reduces interpretability and generalization.

e How can we calculate a reward signal to enable model improvement via
self-exploration & RL?

e What if we could unit test visual programs, like human developers do?

We introduce Viu 1] |T a framework to improve visual programs by automatically
generating unit tests.



What is a Visual Unit Test?

Given a user query about an image, a unit test consists of an image and and expected answer to
that query.

Query: On which side of the picture is the lemon?

v B0 N =0

left and right

left .

&

J

Query: Verify image matches text=




-
Vﬁu n |TFramework Overview

2
&y Program Generator

/

Query: Is there an elephant
in the blue water?

o
dh
Iu’;".lUnit Test Generator
[' Unit Test 1
Caption

A single elephant is swimming
in the clear blue ocean

Answer
yes

Sampler

Visual Program

def execute_command(image):
image_patch = ImagePatch(image)
elephant_patches = image_patch.find(”elephant™)
blue_water_patches = image_patch.find(’blue water")
is_elephant_in_water = len(elephant_patches) > 0 and\

len(blue_water_patches) > 0

return bool_to_yesno(is_elephant_in_water)

Captions and Expected Answers

Unit Test 1

Unit Test 2

Unit Test k

Caption

A single elephant

is swimming in
the clear blue

Caption

An elephant is
walking beside a
bright blue river

ocean swimming pool.
Answer Answer Answer
\ yes J\ no AN no J

+| shaped pool float

Caption
A blue elephant-

floating in a

l

Text-to-lmage Generator

Visual Unit Tests |[Program|
Unit Test1__) Output

0 yes

_Unit Test 2




Use Cases of Visual Unit Tests

@est Program Selectio}

2
&2 Program Generator

Visual Program 1
Visual Program 2 p,

| Visual Pro.gram Np, |
|

\
ViUniT Score 1 S
ViUniT Score 2 S(p»)

(CViUniT Sc;>re N S(py) J
!

Selected Visual Program

\ P = e S /

/ Answer Refusal \

2
&2 Program Generator
!
Visual Program 1
Visual Program 2 p,

(" Visual Program N p, }
1

ViUniT Score 1 S
ViUniT Score 2 S(p,)

(ViUniT Score N s(py) )

nxaxb(p)was(p) <6

= argmax S(p)

Vlsual Program Fallback
Method/

/ Re-Prompting \

2
&yProgram Generator

)

(" Visual Program p

[  ViUniT Score S(p)

Re-Promp
with ViUniT

Visual
\ Program

/RL Reward Desigh

2
1%y Program Generator

(_Visual Program p__

:

ViuniT Reward

iUniT S
: n;(mcore }R(unit test)

[ Correctness Reward
[Ground Truth }R( answer

A Accuracy result




Key Result: Reinforcement Learning Reward

Unsupervised ViUniT Reward matches or surpasses supervised correctness reward.
55

[0
o

S
;]

Accuracy (%)
w H
U.1 o

W
o

e ey

o

SgarCREPE verage

25 | -
VQA (GQA)

Winoground
Model Type
[ gpt-40-mini [cod CodelLlama 7B A4 CodeGemma 7B
Setup

[ Base [ GPT-40 [ RL Correctness Reward [EEE RL ViUniT Reward
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