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Supplementary Material

In this supplementary material, we provide additional
experimental details and qualitative analyses for Veason-
R1. To begin with, we elaborate on the construction of
the chain-of-thought training data (§A). We then provide
further implementation details to enhance reproducibility
(§B). Next, we analyze the training curves to illustrate the
model’s optimization dynamics and convergence behavior
(§C). This is followed by a discussion of representative fail-
ure cases to identify potential areas for improvement (§D).
Finally, we include additional qualitative visualizations to
further demonstrate the effectiveness of Veason-R1 (§E).

A. More Details of CoT Training Data Con-
struction

Fig. 1 illustrates the full prompt that we use as input
to Seed1.5-VL [4] for chain-of-thought generation. The
prompt is presented to the model along with a sequence
of uniformly sampled video frames and their correspond-
ing timestamps, as well as the predefined object descrip-
tion and a selected keyframe. The prompt guides the model
to (i) briefly summarize the overall video content, (ii) jus-
tify why the selected keyframe best matches the target ex-
pression, and (iii) describe the target’s actions and location
within the given frame. This structured prompting encour-
ages the model to produce clear and interpretable reasoning
based on the visual and contextual information. We observe
that Seed1.5-VL tends to closely mimic the style of human-
provided exemplars. To promote diversity in the generated
CoT responses and avoid overly rigid reasoning patterns, we
design three distinct CoT templates—each with slightly dif-
ferent phrasing and logical flow. For each sample, we ran-
domly select one template during prompting, encouraging
the model to explore different reasoning trajectories while
maintaining consistency with the underlying task structure.

Our CoT corpus comprises 5.8K samples automatically
generated from the ReVOS training set, using the first
10 referring expressions per video without manual cura-
tion. For each sample, a keyframe is randomly selected
from the top-5 frames ranked by target foreground area
and provided to Seed1.5-VL together with frame indices,
bounding boxes, and the expression to produce the rea-
soning chain. Although the data are machine-generated,
the structured prompt constraints described above encour-
age grounded and coherent outputs; we will further explore
multi-candidate generation with joint model-human valida-
tion in future work. We will open-source the CoT data and
the full generation pipeline to ensure reproducibility.

B. More Implementation Details
We adopt the same question template for both the SFT and
GRPO stages, as illustrated in Fig. 2. During the GRPO
stage, we set the maximum response length to 1024 tokens,
the maximum gradient norm for clipping to 1.0, and the
coefficient for the KL divergence regularization loss to 5e-
3. All input frames in both training stages are resized to
a resolution of 560 × 560 pixels. The MLLM’s context
window includes up to N=6 uniformly sampled frames.
During training, we first select an anchor frame t from the
top-5 frames with the largest target foreground area to en-
sure target visibility. The sampling interval is then set to
k = ⌊T/(N−1)⌋ with starting index tstart = t mod k,
where T is the total number of video frames, providing bal-
anced temporal coverage around the anchor. During infer-
ence, we prompt Veason-R1 to generate the keyframe times-
tamp and the bounding boxes of the referred objects. These
predictions are then passed to SAM2 [6], which performs
segmentation and mask propagation across the entire video
sequence, yielding the final predicted mask sequence.

C. Training Curve Analysis
We visualize the training dynamics of Veason-R1 in Fig. 3.
We monitor three key metrics during training: total reward
score Rtotal, response length, and the value of KL loss.

As shown in Fig. 3 (a), the model initialized via CoT-
based supervision starts with a reward score above 3.0, in-
dicating a reasonable ability to generate structured outputs
and locate keyframes. The consistent upward trend in re-
ward reflects effective policy refinement and better align-
ment with the designed reward function.

It can be observed in Fig. 3 (b) that the average response
length initially decreases, suggesting that the model rapidly
learns to eliminate redundant tokens and generate concise
reasoning. In the later phase, the length slightly increases
and then stabilizes, indicating an adjustment towards pro-
ducing responses that balance brevity and informativeness.

As depicted in Fig. 3 (c), the KL divergence gradually
increases as the model departs from the initial supervised
policy to explore more reward-driven behaviors. It eventu-
ally stabilizes, indicating convergence to a consistent and
reward-aligned policy under the regularization constraint.

D. Failure Case Analysis
Fig. 4 presents some failure cases of Veason-R1 on the
ReVOS dataset. In the left example, the model generates
a correct reasoning trace, accurately identifying the tiger



You are given a sequence of video frames (1 frame per second). One or more objects are marked with red rectangles in each frame. 
Given the object description: {exp}, we have selected the frame at timestamp {keyframe_timestamp} as the keyframe. You must base your reasoning on this frame, 
and explain why it best matches the target described. Please follow this reasoning process step-by-step: 
1. Briefly describe what is happening across all frames in the video. 
2. Justify why the frame at timestamp {keyframe_timestamp} best represents the described target. 
3. Describe what the target is doing and precisely where it is located in the selected frame. 
Important: - You must analyze the provided keyframe — do not choose a different one. 
- Do not refer to or describe the red rectangles. 
- Write naturally, but follow the reasoning steps clearly. 

Object description: 'locate the person who is 
starting to wave their hand.' 
Keyframe timestamp: 4 
Step 1: The video shows a person standing still and 
then gradually raising one hand. 
Step 2: Frame at timestamp 4 is the best keyframe 
because it... 
Step 3: In frame 4, the person is centered in the 
image, standing upright with their right arm partially 
raised in a wave.

Object description: 'identify the child jumping off 
the bench.' 
Keyframe timestamp: 3 
Step 1: The frames show a child climbing onto a 
bench, standing, and then jumping down. 
Step 2: Considering the expression, frame at 
timestamp 3 is the best keyframe since it captures 
the child mid-air, just after leaving the bench. 
Step 3: In frame 3, the child is above ground level, 
positioned in the center...

Object description: 'identify the man standing 
beside the white truck.' 
Keyframe timestamp: 2 
Step 1: I analyze the video by reviewing all frames. 
It shows... 
Step 2: Based on the expression, frame at 
timestamp 2 is the most suitable keyframe. In this 
frame... 
Step 3: In frame 2, the man is located on the right 
side...

Prompt For CoT Generation

Random Select

Example-1 Example-2 Example-3

Figure 1. Prompt template for CoT data generation.

<0s><image>, <3s><image>, ……, <14s><image>
You are given {num} frames uniformly sampled from a 1 FPS video. Each image is preceded by its timestamp. 
Given the following expression: '{Question}', identify the timestamp where the target is best represented. Then, locate the target in that 
frame by predicting the bounding box(es).
First, output the thinking process in <think> </think> tags, and then output the result in the following format within <answer> </answer> tags.

SFT/GRPO Question

Figure 2. Question template of SFT and GRPO training stage.

closest to the camera and describing its relation to the back-
ground tigers. However, the predicted masks fail to align
with the described target, revealing a disconnect between
reasoning and visual grounding. This suggests that Veason-
R1 struggles to translate reasoning into precise spatial local-
ization, especially in cluttered scenes with visually similar
objects. In the right example, Veason-R1 correctly identi-
fies the keyframe showing clear motion cues but ultimately
selects the slower ship. The reasoning trace overlooks the
constraint “fastest” and focuses solely on movement di-
rection. This indicates the model’s limited sensitivity to
speed and motion-related concepts, revealing weaknesses in
capturing temporal dynamics or comparing relative move-
ments. These limitations suggest the importance of incor-
porating data that better emphasizes motion perception in
future work.

E. More Visualization Results

We present additional visual comparisons of Veason-R1-3B
with VISA-7B [7] and VideoLISA-3.8B [2] to underscore
its robust reasoning capabilities and enhanced fine-grained
grounding performance.

The qualitative comparison of Veason-R1 with VISA is
shown in Fig. 5. In the left example, a herd of elephants

partially occludes the vehicles crossing the road. Veason-
R1 successfully identifies the timestamp where both vehi-
cles are most clearly visible and segments them, whereas
VISA mistakenly highlights background trees. This re-
flects Veason-R1’s robustness to occlusions and its focus
on task-relevant semantics. The right case indicates that
Veason-R1 correctly segments the slippers in contact with
the puppy’s feet, demonstrating strong multi-object local-
ization and spatial reasoning. VISA, by contrast, pro-
duces incorrect masks, revealing limitations in handling
fine-grained interactions.

Fig. 6 visualizes the segmentation maps of Veason-R1
and VideoLISA on the ReasonVOS dataset. In the left ex-
ample, Veason-R1 accurately segments the dancing bride
in response to a poetic query involving abstract movement
descriptions, whereas VideoLISA mistakenly segments the
groom. This highlights Veason-R1’s superior understand-
ing of implicit and abstract language. In the right exam-
ple, under a long-duration and high-complexity scenario,
Veason-R1 successfully localizes the man riding the bicycle
in response to a causal reasoning query, while VideoLISA
yields fragmented and inconsistent predictions, demonstrat-
ing Veason-R1’s stronger capacity for temporal reasoning
and grounding in complex visual contexts.
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Figure 3. GRPO training curves.
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Which	ship	is	the	fastest	one	traveling	to	the	right?

Ground Truth
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…
<0s> <7s> <9s> <11s> <13s>

<0s> <7s> <9s> <11s> <13s>

1.	I	analyze	the	video	by	reviewing	all	frames.	It	shows	multiple	ships	
moving	along	a	river,	with	their	positions	and	orientations	changing	across	
the	sequence.	2.	Based	on	the	expression	"which	ship	is	the	fastest	one	
traveling	to	the	right?",	the	frame	at	timestamp	41	is	the	best	keyframe.	In	
this	frame,	the	ships'	positions	and	movements	are	clearly	visible,	allowing	
for	easy	identification	of	which	ship	is	traveling	to	the	right.	3.	In	frame	41,	
the	ship	traveling	to	the	right	is	positioned	on	the	left	side	of	the	river,	
moving	toward	the	right	side	of	the	image.

…

…
<0s> <23s> <29s> <35s> <41s>

<0s> <23s> <29s> <35s> <41s>

the	tiger	that	is	always	closest	to	the	camera	and	observing	the	two	
companions	in	the	distance

1.	I	analyze	the	video	by	reviewing	all	frames.	It	shows	two	tigers	moving	
through	an	enclosure	with	rocky	walls	and	a	fenced	area.	The	tigers'	positions	
and	movements	change	across	the	frames,	with	one	tiger	remaining	closer	to	
the	camera	while	the	other	moves	in	the	background.	2.	Based	on	the	
expression	"the	tiger	that	is	always	closest	to	the	camera	and	observing	the	
two	companions	in	the	distance",	the	frame	at	timestamp	0	is	the	best	
keyframe.	In	this	frame,	the	tiger	closest	to	the	camera	is	clearly	positioned	in	
the	foreground,	and	its	proximity	to	the	camera	and	its	interaction	with	the	
other	tiger	in	the	background	are	evident.	3.	In	frame	0,	the	target	tiger	is	
located	in	the	foreground,	near	the	left	side	of	the	image,	and	is	observing	the	
two	tigers	in	the	background.

Figure 4. Visualization of failure cases on the ReVOS dataset. Veason-R1 exhibits inconsistencies between its reasoning traces and final
segmentation outputs, and shows limited sensitivity to motion-related concepts such as object speed.

F. Multi-Instance Evaluation on ViCaS

To assess Veason-R1’s multi-instance capability, we con-
duct a zero-shot evaluation on ViCaS [1], a benchmark
designed for multi-object video referring segmentation.
Veason-R1 is not trained on any ViCaS data. As shown in
Tab. 1, Veason-R1 achieves 24.5 and 18.2 J&F on the val-
idation and test sets, respectively, outperforming both Vide-
oLISA and Video-LLaVA-Seg by a clear margin—despite
the latter being explicitly fine-tuned on ViCaS. This result
demonstrates that our keyframe-first reasoning paradigm,
combined with structured CoT supervision and GRPO-
based spatial alignment rewards, equips the model with a
strong multi-object grounding ability that transfers effec-
tively to unseen benchmarks without task-specific adapta-
tion.s

Table 1. Zero-shot multi-instance evaluation on ViCaS. Veason-
R1 is evaluated without any ViCaS training data. † denotes meth-
ods fine-tuned on ViCaS.

Methods val test

LMPM [3] 8.4 6.3
DsHmp [5] 13.3 10.4
VideoLISA [2] 10.7 7.8
Video-LLaVA-Seg† [1] 20.5 16.5
Veason-R1 24.5 18.2
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Veason-R1 Prediction

…

VISA Prediction

1.	I	analyze	the	video	by	reviewing	all	frames.	It	shows	a	group	of	elephants	
crossing	a	road,	with	vehicles	appearing	in	later	frames.	2.	Based	on	the	
expression	"which	object(s)	with	four	wheels	are	powered?",	the	frame	at	
timestamp	10	is	the	best	keyframe.	In	this	frame,	the	vehicles	(which	have	
four	wheels	and	are	powered)	are	clearly	visible	on	the	road,	while	other	
frames	either	do	not	show	the	vehicles	or	the	vehicles	are	not	as	prominent.	
3.	In	frame	10,	the	vehicles	with	four	wheels	(which	are	powered)	are	on	
the	road,	positioned	near	the	center	of	the	frame.

Veason-R1Thinking Process

Ground Truth

Which	object(s)	with	four	wheels	are	powered?

…
<0s> <10s> <52s> <63s> <74s>

<0s> <10s> <52s> <63s> <74s>

<0s> <10s> <52s> <63s> <74s>

Which	shoe(s)	is/are	on	the	puppy's	foot?

VISA Prediction

Ground Truth

1.	I	analyze	the	video	by	reviewing	all	frames.	It	shows	a	puppy	interacting	
with	a	pair	of	slippers	(shoes)	on	a	tiled	floor,	with	the	puppy	moving	around	
and	adjusting	its	position	relative	to	the	slippers.	2.	Based	on	the	expression	
"which	shoe(s)	is/are	on	the	puppy's	foot?",	the	frame	at	timestamp	0	is	the	
best	keyframe.	In	this	frame,	the	puppy's	interaction	with	the	slippers	is	
most	clearly	visible,	allowing	for	a	clear	observation	of	which	shoes	are	on	
the	puppy's	feet.	3.	In	frame	0,	the	puppy	is	on	a	tiled	floor,	and	two	slippers	
are	positioned	on	the	puppy's	feet.	The	puppy	is	positioned	near	a	wooden	
structure,	with	its	body	and	limbs	interacting	with	the	slippers.

Veason-R1Thinking Process

…

…

Veason-R1 Prediction

…
<0s> <2s> <12s> <14s> <17s>

<0s> <2s> <12s> <14s> <17s>

<0s> <2s> <12s> <14s> <17s>

Figure 5. More visualization on the ReVOS dataset.
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<0s> <6s> <12s> <19s> <45s>

…
<0s> <6s> <12s> <19s> <45s>

VideoLISA Prediction

Whose	slender	figure	is	entwined	with	the	bridegroom's,	moving	
fluidly	to	the	musical	cadence?

My	friend	usually	likes	to	go	out	by	bicycle	and	always	follows	
traffic	rules.	In	the	scene,	which	one	is	most	likely	to	be	my	friend?

1.	I	analyze	the	video	by	reviewing	all	frames.	It	shows	a	street	scene	with	
various	vehicles	(cars,	a	bicycle)	moving	through	an	intersection,	with	
traffic	lights	and	buildings	visible.	A	person	on	a	bicycle	appears	in	later	
frames.	2.	Based	on	the	expression	"my	friend	usually	likes	to	go	out	by	
bicycle	and	always	follows	traffic	rules",	the	frame	at	timestamp	77	is	the	
most	suitable	keyframe.	In	this	frame,	a	person	on	a	bicycle	is	present,	
which	directly	relates	to	the	action	of	going	out	by	bicycle.	Additionally,	
the	presence	of	a	bicycle	in	this	frame	makes	it	clear	that	the	person	is	
engaged	in	the	activity	of	cycling,	and	the	context	of	the	scene	(with	
traffic	lights	and	buildings)	supports	the	idea	of	following	traffic	rules.	3.	
In	frame	77,	the	person	on	the	bicycle	is	located	on	the	right	side	of	the	
image,	riding	along	the	crosswalk	at	the	intersection.

<77s> <90s><64s><0s> <51s>
…

<77s> <90s><64s><0s> <51s>

<77s> <90s><64s><0s> <51s>

1.	I	analyze	the	video	by	reviewing	all	frames.	It	shows	a	couple	performing	
a	dance	routine	in	a	grand	hall,	with	the	woman	in	a	long	blue	dress	and	the	
man	in	a	white	coat	moving	gracefully	together	across	the	frames.	2.	Based	
on	the	expression	"whose	slender	figure	is	entwined	with	the	bridegroom's,	
moving	fluidly	to	the	musical	cadence?",	the	frame	at	timestamp	0	is	the	
best	keyframe.	In	this	frame,	the	couple's	interaction	and	fluid	movement	
are	most	clearly	visible,	allowing	for	a	clear	observation	of	their	entwined	
figures	and	the	musical	cadence	of	their	dance.	3.	In	frame	0,	the	target	(the	
woman)	is	positioned	behind	the	man,	moving	fluidly	as	part	of	the	dance	
routine.	She	is	wearing	a	long	blue	dress	and	is	entwined	with	the	man,	
who	is	dressed	in	a	white	coat.

…
<0s> <6s> <12s> <19s> <45s>

Figure 6. More visualization on the ReasonVOS dataset.
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