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Figure 1. Video-HopChain and CGE at a glance. (a, b) A typical video question needs one frame, while a Video-HopChain question chains
yes/no checks across the moments of a video and sums the numbers they select. (c, d) When every rollout of a group fails in the same way,
the group gives no gradient. In the second wave, CGE closes the token that the policy is sure of, so the rollouts take new paths and the

rewards differ.

Abstract

HopChain has shown on still images that multi-hop data
synthesis improves vision-language reasoning, because long
chain-of-thought reasoning exposes errors that compound
across steps, while most data used for reinforcement learn-
ing with verifiable rewards (RLVR) rarely demands a chain
of visual evidence, so these weaknesses are likely to stay
unexposed. We observe the same problem in video, where
this framework has not yet been explored. We therefore build
Video-HopChain, a dataset of 22,550 multi-hop video ques-
tions over 13,378 videos, together with a held-out benchmark
of 1,000 questions. Each question chains three to six yes/no
questions about moments in one video, and each of them
yields one of two integers depending on its answer. The final

answer is the sum of these integers, so an exact match on
that sum gives the verifiable reward that RLVR needs. We
first train Qwen3-VL-8B with GRPO on a standard video
dataset, and a second stage on Video-HopChain then raises
the mean over eight video understanding and reasoning
benchmarks from 55.4 to 57.9 and improves every one of
them. Training on such a dataset, however, also exposes a
known limitation of GRPO: its learning signal comes from
the reward variance within a group, so hard questions whose
rollouts are all incorrect and easy questions whose rollouts
are all correct both leave the group with no gradient. To
recover these groups at the same compute budget, we intro-
duce Confidence-Gated Exploration (CGE). With 8 rollouts
per question, CGE samples the first 4 rollouts as usual. If
these 4 rollouts are either all correct or all incorrect, it then


https://ngquangtrung57.github.io/video-hopchain-page/
https://github.com/ngquangtrung57/video-hopchain
https://huggingface.co/collections/ngqtrung/video-hopchain

samples the last 4 rollouts with the policy’s most confident
token masked inside the reasoning span, and all 8 rollouts
then enter the advantage. With CGE, the mean rises fur-
ther to 59.3. We release our model, Video-HopChain-8B,
together with the dataset, the data generation code, and the
training code.

1. Introduction

Rule-based reinforcement learning with verifiable rewards
(RLVR) has become the standard route to a reasoning model,
first in mathematics and code [14, 51, 73] and then in images
[61, 79]. Video is the natural next domain, and a grow-
ing number of systems now train video question answering
models with Group Relative Policy Optimization (GRPO)
against a verifiable answer [10, 17, 18, 36, 57]. However,
what such a model learns depends on the questions it is
trained on. HopChain [60] made this point for still images:
long chain-of-thought reasoning exposes perception, rea-
soning, knowledge and hallucination errors that compound
across intermediate steps, yet most RLVR data asks for no
reasoning chain that relies on visual evidence throughout,
so these weaknesses stay largely unexposed during train-
ing. We observe the same problem in video. Much of the
existing video RLVR data is already verifiable, because it
is multiple choice or numeric, but the questions that would
require a chain of visual evidence are often conceptual, and
they are therefore hard to verify. Prior audits also report that
video models often answer without looking at the video at
all [31, 83], and that a model can encode what it sees and
still answer from its priors [49]. We therefore design the
training data so that the model must look at the video, and
look at it several times, before it answers.

HopChain addresses this weakness on images with multi-
hop data synthesis. It builds each question as a chain of
dependent hops, in which earlier hops fix the objects and
conditions that later hops need, and it ends the chain in one
unambiguous number, so a wrong step changes the final
answer. In addition, training on such data yields reasoning
that generalizes across general understanding and reasoning
benchmarks. We expect such chains to matter most in video,
because the evidence a chain must revisit is spread over time
rather than held within a single frame.

For this reason, we adapt this framework to video and
build Video-HopChain, in which every question asks about
the moments of one video rather than about the regions of
one image. Each question chains three to six hops, and
every hop is a yes/no question about one or two moments
of the video that yields one of two integers depending on
its answer, so the final answer is the sum of these integers
and is verifiable by exact match. Every question includes
at least one hop on the order of two moments, so a single
frame does not carry the evidence that a chain needs. In

addition, some hops act as selectors, where an earlier answer
decides which moment a later hop examines. To generate
the questions, we first caption each shot of a video with a
vision-language model, and then we use a text-only language
model to write the multi-hop question from those captions.
The resulting dataset holds 22,550 training questions over
13,378 videos, plus 1,000 held-out videos with one question
each as a benchmark.

We expect that training on this dataset improves general
video understanding and reasoning, even though the dataset
targets one specific reasoning type. To test this, we train
Qwen3-VL-8B-Instruct with GRPO and evaluate on eight
general-purpose video benchmarks. Table | shows the result.
Training further on Video-HopChain raises the mean over
the eight benchmarks from 55.4 to 57.9 and improves every
one of them.

Training with GRPO, however, has a known limitation.
GRPO takes its learning signal from the reward variance
within a group of G rollouts of one question, so a group
whose rollouts all earn the same reward carries zero advan-
tage and contributes nothing to the update. The literature
calls this failure advantage collapse [23, 81], and we call
such a group a zero-variance group. Prior work handles this
limitation either by discarding the group and sampling new
prompts until the batch is full [73], which spends more roll-
outs, or by reshaping the advantage of the group it already
has [34, 44].

Instead of drawing more groups, we change how each
group is drawn: with G = 8 rollouts per question, we sample
the first 4 rollouts normally. If these 4 rollouts are either
all correct or all incorrect, we sample the last 4 rollouts
under a top-token mask inside the reasoning span. Wherever
the policy places more than 7 = 0.95 of its mass on one
token, we drop that token and renormalize over the rest, so
the model continues from a token that it samples rarely on
its own. All 8 rollouts then enter the group advantage, so
the intervention adds no rollouts. We call this Confidence-
Gated Exploration (CGE). On top of Video-HopChain, it
raises the mean over the eight benchmarks from 57.9 to 59.3.
Our model, Video-HopChain-8B, combines standard RL,
Video-HopChain and CGE.

In summary, we make three contributions.

* The Video-HopChain framework. We propose a frame-
work that generates multi-hop questions for training video
reasoning models (Section 3.2).

* The Video-HopChain dataset and benchmark. We re-
lease 22,550 training questions over 13,378 videos, to-
gether with 1,000 questions on 1,000 held-out videos as a
benchmark built from the framework.

* Confidence-Gated Exploration (CGE). We introduce a
simple and lightweight method that recovers zero-variance
groups, which improves the results of GRPO training on
Video-HopChain.
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Figure 2. A Video-HopChain question. Appendix F of the supplementary gives the question text.

2. Related work

Training data for multimodal reinforcement learning.
Reinforcement learning with verifiable rewards needs ques-
tions with one correct answer, so most multimodal datasets
pool public benchmarks and instruction sets [17, 18]. How-
ever, audits find that a model answers a large share of long-
video questions from text alone [83], shortcut-aware bench-
marks measure when it answers from its priors [31], and
probes show that an omnimodal model can encode a premise-
perception mismatch that it never acts on [49]. The usual
response removes such shortcuts after the fact, with a text-
only solver [83], inside a caption-grounded synthesis loop
[76], or by reducing text bias in the options [32]. In contrast,
we build every question around a multi-hop structure that
ties every hop to visual evidence, which prior work applies
to text [28, 55] and to video reasoning [21, 53], and which
recent video benchmarks measure [72]. HopChain applies
it to still images [60], and we adapt it to video, where a hop
becomes a yes/no question about a moment in time.

Reinforcement learning for video reasoning. Video-R1
applied GRPO to video with a temporal contrast term [17],
and later systems extend this recipe to spatio-temporal
grounding [36], reasoning traces and thinking with video
[57, 58], key-token attribution [64], long video [10], and
joint image-and-video training [18]. Almost all of them
draw every group from the unmodified policy, and STRIVE
changes only what a group is drawn over [2]. CGE instead
changes the sampler itself, so it is orthogonal to these recipes.

Zero-variance groups. This shared sampler leaves in
place the zero-variance limitation of Section 4.2, which re-
cent work calls advantage collapse [23]. Objective-level
variants reshape the estimator [78, 85], whereas other meth-
ods spend more compute, because they resample the group
[73], reallocate rollouts across prompts [37, 68], branch a
rollout [56], or filter by difficulty during training [1]. A third

family reuses the group it already has, by reshaping the ad-
vantage [34, 44] or by recovering signal from all-incorrect
groups [19], in some designs with a teacher model [22].
CGE also reuses the group, but it samples the second half
of a zero-variance group differently, so that the group can
regain variance.

Exploration and the loss at the token level. Our work
also relates to methods that make the rollout more ex-
ploratory. Many reweight or restrict the gradient at high-
entropy positions [11, 59] or at the tokens whose log-
probability covaries most with the advantage [13], while
others act on low-probability tokens [25, 40], on the prob-
ability mass after the rollout [27], on noise in prompt or
parameter space [3, 26], or on the surprisal of the sampled
token [42, 43]. Closer to the sampler, FR3E explores from
high-uncertainty decision points [86], EDGE-GRPO corrects
the rollout errors that drive the advantage to zero [81], and
CaSP acts in the loss on the top-1 probability that we use as
our trigger [46]. The closest methods perturb the rollout as
we do: EEPO regenerates the second half of a group after
a transient weight update [8], and REFT resamples the first
reasoning token from the top- N candidates of the policy [30].
In contrast, CGE acts only on zero-variance groups, perturbs
one token at a time in the sampler, and leaves the answer
tokens untouched. Such a perturbation makes the rollout
off-policy, as a mismatch between training and inference
engines does [87], which prior work handles by masking
the discrepant tokens [54] or by correcting their importance
weight [15, 84]. For a deliberate perturbation [38], prefix-
guided methods remove the injected tokens from the loss [5],
whereas LUFFY reshapes their gradient [69]. We follow the
importance-weight correction, because the sampling engine
scores the masked token under the distribution it samples
from, so the ratio of the clipped objective already weights
that token (Section 4.2 and Appendix I of the supplemen-
tary). The tokens after a mask need no correction, since the
unmodified policy samples them.



15 i 16 g 18 | 19
0:56 1:03 1:06 1:13 1:15

shot 17 - 1:06

...followed by a massive
spherical firework
explosion filling the
frame...

hop yes no
A tree on the left 10
B firework first 63
C surface green (64
D head turn first 79

Source video

Shot segmentation

Shot captioning

3 min or longer PySceneDetect

QA generation . .
Qwen3.8-27B rewrite
two candidates

MiniMax-M3
< 3 attempts

22,550 questions
13,378 videos
+ 1,000 held-out

© O

(ONONONO)

6 of 8 correct — drop

hop yes no
A tree on the left 10) v X

B firework first 63] v
C surface green (64 v
D head turn first 79 v

Video-HopChain
< 2 per video

Difficulty filter
Qwen3-VL-8B, 8 rollouts

LLM judge
Qwen3.8-27B

(@ amodel runs () no model

Figure 3. The Video-HopChain generator.

3. Video-HopChain
3.1. Question design

Video-HopChain is a dataset of multi-hop video questions,
in which every question chains n hops over one video, with
n between three and six. Every hop carries two numbers,
of which the first one counts when the answer to the hop is
yes and the second one when the answer is no. The model
then adds the numbers of all the hops, which makes this sum
the answer to the question. Figure 2 presents a sample of
Video-HopChain hop by hop.

For every hop we assign the two numbers by sampling
integers at random in the range 1 to 80. We then resample
them until no two combinations of answers give the same
total. In addition, we keep the arithmetic a plain sum, so
that the model only adds the numbers that its answers select.
With this design, we intend the difficulty to come from the
video, not the calculation.

A hop is a yes/no question that the video settles, and we
use four main categories of question for each hop, each over
a different kind of visual evidence. The video settles three
of these categories at one moment, whereas it settles the
order category across two moments. We choose these four
categories because a caption records this kind of information.

* An order hop asks about the temporal order of two events,
S0 it spans two moments.

* A spatial hop asks how two things are arranged inside one
frame, such as left, right or middle, in terms anchored to
the frame rather than to the body of the person shown.

* An action hop asks which physical action an agent per-
forms, such as pour or lift.

* An artribute hop asks about a visible property of a named
object, namely its colour.

Beyond the category of each hop, we link the hops in
one of two ways. In a flat question, which we choose with
probability 0.30, every hop names the moment it asks about
and does not chain to another hop, so the model can answer

the hops in any order. By contrast, in a selecfor question,
which we choose with probability 0.70, the answer to an
earlier hop decides which of two moments a later hop asks
about, so the model has to work through the hops in order.

3.2. Generation pipeline

Figure 3 shows the pipeline that turns raw video into ques-
tions. The source videos come from FineVideo [16], from
LongVILA [9] as released with the OneThinker training data
[18], and from the long split of Vript [70].

From video to captions. From these sources, we keep
a source video only when it lasts at least three minutes,
because we want the questions to stay hard and to force the
model to reason over moments that lie far apart in time. We
then cut the video into shots with PySceneDetect [6], and we
caption every shot once with the MiniMax-M3 model [33].

Generating the question. Before we write a question from
these captions, we fix its specification. To keep the questions
diverse, we sample the hop count and the hop types with
fixed probabilities. Table 7 reports the hop counts of the
corpus that these draws produced. This specification also
fixes the way the hops link and the two numbers of each
hop. We then use Qwen3.8-27B as a question generator that
writes two candidate questions per video from the captions
and this specification.

Verifying and assembling. Once the generator writes the
candidates, the same model re-examines every one of them
against the same captions, and it passes a question only when
it faults no hop. When the judge faults a hop, we send the
question back to the generator, which writes it again from
the same captions and the same specification. The judge
then examines the new question. We repeat this loop until
the judge reports no fault, but we drop the question when it
still faults after three attempts. The pipeline then ends with a
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Figure 4. Confidence-Gated Exploration on one group of G rollouts.

difficulty filter, which removes every question that the base
model already solves in 6 of 8 rollouts.

3.3. Statistics and split

Together, these stages yield 22,550 training questions over
13,378 videos and a held-out split of 1,000 questions over
1,000 further videos. We split by video, so no video appears
on both sides. In addition, we draw the held-out side from
the longer and more varied questions, stratified by hop count,
video length and source.

4. Confidence-Gated Exploration

4.1. Preliminaries

We train with Group Relative Policy Optimization (GRPO)
[14,51]. For a prompt g, which here is a video and a question,
the policy 7y samples a group of G rollouts {0;}$,, and a
verifier then scores each one with a reward r;. Reasoning
work commonly rewards the answer and the response format
together. We use this reward in this paper:

where a; is 1 when the answer matches the reference and f;
is 1 when the response follows the format that the system
prompt asks for, namely a reasoning span inside the think
tags and then an answer that carries the final integer in a
boxed expression. Appendix F of the supplementary gives
that system prompt in full. GRPO needs no value model,
because the advantage A; of a rollout is its reward standard-
ized over the rewards of its own group. Every token of o;
then carries that one value. With the importance ratio p; ;(6)
between the current policy and the policy that sampled the

rollout, we maximize the token-level clipped objective:
G ol
i=1 t=1

min (pi,t(Q) A,

|01
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The clip range is asymmetric, following Yu et al. [73].
Throughout, we use G = 8, €y, = 0.2, €nigh = 0.3 and
no KL penalty.

4.2. Confidence-Gated Exploration

The advantage of GRPO has a direct consequence. When
every rollout of a group earns the same reward, the group
has no reward variance, so every advantage is zero. We roll
out and score such a group in full, and it then contributes
no gradient. Following Le et al. [34], we call such a group
a zero-variance group. These groups appear from both di-
rections, because a question the model cannot solve returns
all-incorrect rollouts, whereas a question it has learned re-
turns all-correct ones. Among the methods that answer this
problem, the closest design to ours is EEPO [8], which also
regenerates part of a group after an intervention. CGE in-
stead keeps the group and samples its second half differently,
as Figure 4 summarizes and as Algorithm 1 of the supple-
mentary states.

When we encourage the model to explore. We draw
each group in two waves of equal size, so the first wave takes
G1 = 4 of the 8 rollouts from 7y, and we then score them.
If those 4 rollouts do not all earn the same accuracy, the
group already carries variance, so we draw the second wave



from 7y unchanged. If they are all correct or all incorrect,
however, the first wave is zero-variance, so we draw the
second wave under the mask below instead. This check
reads the accuracy a; of Equation 1 rather than the full
reward r;, so the format term f; alone never makes a group
appear to carry variance. We intervene on both kinds of
zero-variance group, all correct and all incorrect. To test this
choice, we also ablate the alternative that intervenes on all-
incorrect groups alone. This alternative is intuitive, because
exploration appears most necessary on the questions that the
model fails to solve, yet it performs worse, as Section 5.3
reports.

Top-token mask. When the first wave is zero-variance,
the second wave samples differently. Let y; denote the
token the policy finds most likely at position ¢ and pj its
probability. Wherever p; exceeds 7 and the position lies
inside the reasoning span, between the think tags, we drop
that token and share its probability over the rest:

n 5 T il , 04,
t

for every other token y.

Here 7y is the policy we train, ¢ is the prompt, y is a can-
didate token at position ¢, and 0; ; is the part of rollout
1 that the policy has already produced. Everywhere else
the second wave samples from 7y unchanged. Because we
renormalize the remaining mass, the sampler draws from the
policy’s own alternatives in proportion to their probability,
so the rollout continues from an alternative token that the
policy samples rarely at that position. We set 7 = 0.95
(Section 5.3 ablates 7). We name the method after this gate,
because the second wave explores exactly at the positions
where the policy is most confident. Because the mask acts
only inside the reasoning span, it never changes the answer
tokens that the reward reads. The think tags that bound that
span lie outside it, so the mask never removes them. Most
token-level exploration methods trigger on the entropy or the
surprisal of the next token, or on a statistic that also needs
the advantage [13, 42, 43, 59]. We follow this direction, but
we use p; as the trigger instead, because the mask acts on the
top-1 token, so p; measures exactly the confidence that the
mask removes. A fixed top-1 probability still allows many
different entropy values, so a trigger on p} and a trigger on
the entropy select different positions.

Forced tokens in the loss. We keep every position of ev-
ery rollout in the sum of Equation 2, including the masked
positions, which are the positions where the mask forces a
token other than the top one. The advantage A; still covers
all G rollouts of both waves together, so each rollout of the
second wave contributes in the same way as a rollout of the

first wave. A forced token is off-policy, and the importance
ratio weights it without a special rule. Because the sampling
engine scores the token under the masked and renormalized
distribution, the ratio in Equation 2 falls to 1 — p; < 0.05 at
the first update:

o= Tl 1) e 05 @)
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This value is far below the lower clip bound, so the clipped
objective treats the forced token according to the sign of
its advantage. For a positive advantage, it keeps the token
at a small weight, so an alternative that leads to a better
outcome gains a little probability. For a negative advantage,
the clipped term is constant, so the token receives no gradient.
If the second wave changes the outcome of a zero-variance
group, every rollout in the group now receives a gradient.
Otherwise, the group stays zero-variance and costs nothing
more than before.

Cost. CGE adds only one barrier per prompt, since the sec-
ond wave cannot start before we score the first wave. In our
asynchronous trainer, however, we measure no significant
change in throughput, as Appendix K of the supplementary
reports.

5. Experiments
5.1. Setup

Training data. The general dataset is a 105,993-row mix-
ture of public multiple-choice video question answering data
that prior video reasoning work assembled. Specifically,
it draws on LLaVA-Video [82] (72,421 rows), STAR [65]
(11,455), CLEVRER [71] (8,220), NExT-QA [67] (7,549)
and PerceptionTest [47] (6,348). The multi-hop dataset,
in contrast, is Video-HopChain with 22,550 rows. We re-
lease Video-HopChain] , our model Video—HopChain—SBz,
the standard-RL checkpoint®, and the code that generates the
dataset and trains the model”.

Model and training. On both datasets, every run starts
from Qwen3-VL-8B-Instruct [4]. From this base model, we
train on 4 nodes of 8 H100 80GB GPUs, split as 2 rollout
nodes and 2 trainer nodes, with a fully asynchronous GRPO
trainer built on verl [52]. For the video input, we sample
frames evenly over the whole video, namely 140 frames for

Ihttps://huggingface.co/datasets/nggtrung/
Video-HopChain

2https://huggingface.co/nggtrung/Video—
HopChain-8B

3https://huggingface.co/nggtrung/Video—
HopChain-8B-Standard-RL

4https://github.com/ngquangtrung57/video—
hopchain
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model VMME PComp VMMMU Holmes VCR MMR-V LVR VRB | mean in-domain
Qwen3-VL-8B-Instruct 64.0 28.1 63.5 40.7 320 427 726 747 | 523 13.4
+ standard RL 65.8 343 63.0 474 359 434 76.1 776 | 554 13.4
+ standard RL + CGE 67.9 34.4 62.5 485 351 46.4  78.8 79.5 | 56.6 16.4
+ standard RL + Video-HopChain 68.6 36.2 64.7 48.6 42.1 459 778 794 | 579 21.2
+ standard RL + Video-HopChain + CGE ~ 69.2 374 67.5 48.6 449 466 789 81.0 | 59.3 23.2

Table 1. Main results with the best value of each column in bold. The shaded row is our model, Video-HopChain-8B.

model base VMME PComp VMMMU Holmes VCR MMR-V LVR VRB
base model

Qwen3-VL-8B-Instruct’ - 64.0 28.1 63.5 40.7 320 42.7 72.6 747
open-source video reasoning models

Video-R1 [17] Qwen2.5-VL-7B  61.4 26.3 52.4 36.5 480 36.3 68.1 69.5
VideoChat-R1 [36] Qwen2.5-VL-7B  60.0 28.6 46.4 33.0 482 36.1 67.2 61.5
VideoRFT [57] Qwen2.5-VL-7B  59.8 - 51.1 - - - - -
Video-RTS [63] Qwen2.5-VL-7B  63.0 - 52.7 40.7 - -
Video-KTR [64] Qwen2.5-VL-7B  62.5 - 53.1 427 - - - -
Video-Thinker [58] Qwen2.5-VL-7B - - - 432 - - - 80.7
Video-03 [75] Qwen2.5-VL-7B  66.5 - 51.7 46.5 - 44.7 - -
Conan [45] Qwen2.5-VL-7B - - - 446 510 42.7 72.8 81.0
LongVILA-R1 [10] LongVILA-7B 65.1 - 51.0 - - - 720 -
OneThinker [18] Qwen3-VL-8B 66.5 - 66.2 48.7 - - 79.2 -
Video-HopChain-8B (ours) Qwen3-VL-8B 69.2 37.4 67.5 48.6 449 46.6 789 81.0

Table 2. Comparison with open-source video reasoning models. A dash marks an unreported number, and the best value of each column is
bold with the second best underlined. A dagger marks a result that we reproduce under our own setting.
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Video-HopChain and 24 frames for the general dataset. For
CGE, we also use 7 = 0.95 and a first wave of G; = 4
rollouts.

Training stages.

We run the following stages.

First stage, on the general dataset. We train the base
model on the general dataset. We then keep the checkpoint
at which its accuracy peaks. This checkpoint is the warm
start for the longer and more complicated reasoning traces
that Video-HopChain asks for. We call this run standard
RL.

Second stage, on Video-HopChain with plain GRPO.

We start this run from the single checkpoint of the first
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Figure 5. Main result. Accuracy on the eight public video benchmarks and their mean, for the base model and for our four training runs. The
darkest bars are our model, Video-HopChain-8B.

VRBench Mean

stage, and we then train on Video-HopChain with plain
GRPO.

Second stage, on Video-HopChain with CGE. We start
this run from the same checkpoint, but we train on Video-
HopChain with CGE instead of plain GRPO. This run
gives our model, Video-HopChain-8B.

CGE on the general dataset. We start this run from the
base model and enable the method from the first step.

To measure these runs, we report eight pub-

lic video benchmarks, namely Video-MME [20], Percep-
tionComp [35], Video-MMMU [24], Video-Holmes [12],
VCRBench [50], MMR-V [88], LongVideo-Reason [10] and



run T best mean
plain GRPO — 66.8
CGE 0.80  65.0f
CGE 0.85 6491
CGE 0.90 72.6
CGE 0.95 72.5

CGE, all-incorrect only  0.95 66.7

Table 3. Ablations on OpenMMReasoner, as the best mean over
the six image benchmarks of OpenMMReasoner. The last row
intervenes on all-incorrect groups alone, whereas every other CGE
run intervenes on all-correct groups as well. A dagger marks a run
that never learns the answer format.

VRBench [72]. We report VCRBench on its multiple-choice
subset. We evaluate every benchmark with the Imms-eval
framework [77], under the same settings for every run, and
we give the model the same system prompt that it sees dur-
ing training. For every benchmark, we sample 100 frames
evenly over the whole video, and we decode with at most
501,760 pixels per frame, a context of 33,792 tokens and at
most 16,384 generated tokens. We report the accuracy on
the 1,000 held-out Video-HopChain questions.

5.2. Main results

The dataset improves the model, and the method im-
proves it further. On these eight public benchmarks, a sec-
ond stage on Video-HopChain raises the mean and improves
every one of them. Enabling CGE on top of that dataset
raises the mean again. In addition, our model holds the best
value of every column, where it ties the Video-HopChain
run on Video-Holmes.

Our model outperforms open-source video reasoning
models. Table 2 places our model beside ten open-source
video reasoning models on the same eight benchmarks. It
gives the best value on most of these benchmarks, ties with
Conan on VRBench, and comes within 0.3 points of One-
Thinker on Video-Holmes and on LongVideo-Reason. We
compare released systems rather than recipes, because the
ten models differ in base model, training data and compute.

5.3. Ablations

We ablate the two choices of Section 4.2, namely the thresh-
old 7 and the groups we intervene on. We run every one
of them on the OpenMMReasoner RL dataset [79], a 74K-
sample image dataset. CGE makes no assumption about the
modality of the prompt and therefore applies to an image
dataset as it does to video, and every run is a cold start from
the same base model under the same reward and the same
compute budget, so we change only the training dataset. We
score every run on the six public image benchmarks that
OpenMMReasoner evaluates on, namely CharXiv [62], Dy-
naMath [89], MathVerse [80], MathVista [41], MMMU [74]

and WeMath [48], and Table 3 reports the best mean over
those six benchmarks.

The threshold needs no tuning above 0.90. At 7 = 0.90
and 7 = 0.95, CGE reaches 72.6 and 72.5, which is more
than five points above plain GRPO at the same compute
budget, and the two thresholds stay within 0.1 points of each
other. At 7 = 0.85 and 7 = 0.80, by contrast, the model
never learns to emit the answer format, the response length
grows from 380 to over 13,000 tokens, and the fraction of
clipped tokens rises from zero to 0.69. We read these two
failures as one mechanism, because a lower threshold makes
the mask eligible at positions of ordinary uncertainty rather
than only where the policy is nearly certain, so the second
wave fires at many more positions of the same rollout and
the reasoning span keeps growing instead of closing. We
therefore apply the mask only in the near-certain regime,
under which the reasoning still converges.

Both kinds of zero-variance group need the interven-
tion. A natural alternative to Section 4.2 is to intervene only
when the first wave is all incorrect, because a group that
the model already solves appears to need no exploration.
However, most zero-variance groups are all correct, so this
alternative lowers the share of intervened groups from 0.79
to 0.29, and the run then peaks at 66.7, which is 5.8 points
below CGE at the same threshold and no better than plain
GRPO. For this reason we intervene on all-correct and all-
incorrect groups alike, and Appendix D of the supplementary
reports both ablations in full.

6. Analysis

CGE recovers one zero-variance group in six. The first
panel of Figure 6 tracks the share of the intervened groups
whose second wave restores the variance of the group. This
share grows over training, from about one group in seven
to one in five. Almost every intervened group is a question
the model cannot yet solve, because on Video-HopChain
the first wave comes back all incorrect far more often than
all correct. However, the mask changes the outcome of
an all-correct group much more often than that of an all-
incorrect one, so we attribute the rise to the growing share
of all-correct groups. The restored variance also comes from
new solutions rather than from noise, because the second
wave solves questions that the first wave never solves, and
it answers as accurately as the first wave does. When we
count both waves, therefore, CGE gives about half again as
many groups with a gradient at the same compute budget.
Appendix G of the supplementary gives the full numbers.
CGE holds the policy entropy above plain GRPO.
While the first panel counts groups, the third panel tracks the
token entropy of the policy on its own rollouts, where CGE
stays a few tenths of a nat above plain GRPO for the whole
run, although both runs reach the same training reward. This
margin matters, because reinforcement learning for reason-
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Figure 6. Four training metrics of our runs, over the training steps.

ing models tends to lose entropy as the reward rises, until
the policy stops exploring and the reward saturates, a failure
that prior work calls entropy collapse [13]. CGE keeps more
room to explore. We attribute this margin to the masked
positions and to the tokens that follow them, because one
alternative token carries a rollout along a path the policy
samples rarely.

The dataset and the method fit together. Because the
mask acts only inside the reasoning span, the number of
positions it can change grows with the length of that span,
and a multi-hop question of Video-HopChain therefore offers
it many more positions than a multiple-choice question does.
On the general dataset, the second wave restores the variance
of far fewer intervened groups than on Video-HopChain.

7. Conclusion

We presented Video-HopChain, a dataset of multi-hop ques-
tions over videos. A second stage of training on this dataset
improves general video understanding and reasoning beyond
what standard RL on general video data reaches. Because
such training also produces zero-variance groups, we then
introduced Confidence-Gated Exploration, which resamples
the second half of a zero-variance group under a top-token
mask. The method therefore recovers these groups with-
out additional rollouts, and it improves the results further.
We hope that both contributions help future work on video
reasoning.

LLM Usage Statement

We used large language models in three parts of this work.
First, they are part of the method that builds the dataset:
MiniMax-M3 captions every shot of a video, and Qwen3.8-
27B writes each question from those captions and then
checks it (Section 3.2). Every Video-HopChain question
is therefore synthetic text. Second, we used Claude (An-
thropic), through the Claude Code agent, for implementation
and coding and to create the figures. Third, we used the same
tool to polish the writing of the paper. The authors designed
the study, checked every output of these tools, and take full
responsibility for the content of the paper.
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Video-HopChain: Multi-Hop Questions and Confidence-Gated Exploration for
Video Reasoning Models

Supplementary Material
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* Appendix A, Algorithm. CGE for one prompt, step by
step.
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* Appendix D, Ablations. The threshold 7 and the groups
we intervene on, measured on image data.

* Appendix E, Image benchmark results. The effect of
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A. Algorithm

Algorithm 1 Confidence-Gated Exploration for one prompt

Require: prompt g, policy 7y, group size G, threshold
1: sample o1, ...,0G/2 ~ mo(- | ¢) and score r1, ..., rg o With
accuracies a1, . .., aag/2 > first wave
2: g+ lifar =---=ag/2,¢€lse 0 > is the first wave all
correct or all incorrect?
fori=G/2+1,...,Gdo > second wave
4: fort=1,2,... until end of response do
5: pi « maxy mo(y | ¢, 0i,<t)
6 if g = 1 and p; > 7 and ¢ is inside the reasoning span
then
7: sample 0; ¢ ~ To(- | q,0i,<t)
Eq. 3
8: else
9: sample 0; ¢ ~ mo(- | q,0i,<t)
end if
11: end for
score 7
: end for
: compute Ay, ..., Agoverall G responses
within the group
return {(o;, A;)},

> top-token mask,

> standardized

15: > every position enters the loss

B. Limitations

We train one base model at one scale, so we do not test
whether our results hold at other scales. In addition, we
generate and verify Video-HopChain automatically, and al-
though this dataset improves both the in-domain measure
and the public benchmarks, a manually labelled and man-
ually verified dataset could give different results. Finally,
we do not run a few ablations, namely the first-wave size
(31, the restriction of the mask to the reasoning span, and an
adaptive 7.

C. Configuration

Table 4 lists the settings of the two video runs, read from
their resolved configurations. In this table, the default col-
umn reports the plain GRPO run, whereas the CGE column
reports the run that enables the mask, and these two runs
differ only in the exploration settings.

D. Ablations

Scope of the ablations. We ablate two choices of Sec-
tion 4.2, namely the threshold 7 and the groups we intervene



setting default CGE
data

maximum prompt length 5,376 5,376
maximum response length 16,384 16,384
optimizer

learning rate 1x107¢ 1x107°
warmup steps 25 25
weight decay 0.1 0.1

PPO mini-batch size 16 16
micro-batch size per GPU dynamic dynamic
maximum tokens per actor micro-batch 26,004 26,004
PPO epochs per batch 1 1
objective

advantage estimator GRPO GRPO
advantage normalized by group std. yes yes

clip range, low (Eq. 2) 0.2 0.2

clip range, high 0.3 0.3

KL loss off off

KL coefficient 0 0

KL term in the reward off off
entropy coefficient 0 0

loss aggregation token-mean token-mean

old log-probabilities (Eq. 4)
cross-engine correction

from the engine
none

from the engine
none

rollout

group size G 8 8
sampling temperature 1.0 1.0

top-p 1.0 1.0
top-k —1, off —1, off
tensor parallel size 2 2

GPU memory fraction 0.8 0.8
exploration

exploration enabled no yes
second wave enabled no yes
first-wave fraction — 05,G1 =4
first-wave reward variance — 0

reward the check uses — accuracy
intervene on all-correct groups too — yes
trigger mode — high
mask threshold 7 (Eq. 3) — 0.95
tokens masked per position — 1
positions eligible — reasoning span
cap on masks per response — 16,384
forced tokens kept in the loss — yes
schedule and hardware

epochs over the dataset 2 2

trainer nodes x GPUs 2x8 2x8
rollout nodes x GPUs 2x8 2x8
staleness threshold 0.5 0.5
parameter-sync interval 4 steps 4 steps

Table 4. Configuration of the default run and the CGE run.

on. We run every one of them on the OpenMMReasoner

RL dataset [79], a 74K-sample image dataset, and we hold
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everything else fixed, namely the same base model, the same
algorithm, the same reward and the same compute budget, so
we change only the training dataset. We run them on image
data because an image run logs many more validation points
than a video run of the same wall-clock budget, so it locates
the best accuracy of a run far more precisely. We therefore
treat these ablations as evidence about CGE itself rather than
as measurements of video accuracy.

Setting. On that image dataset, every run here measures
CGE alone, because CGE makes no assumption about the
modality of the prompt and therefore applies to an image
dataset as it does to video. Every run is a cold start from the
base model on the same data, and we then score it on the six
public image benchmarks that OpenMMReasoner evaluates
on, namely CharXiv [62], DynaMath [89], MathVerse [80],
MathVista [41], MMMU [74] and WeMath [48]. Every
mean we report on this dataset is the mean over those six
benchmarks.

Threshold. Figure 7 gives the best mean accuracy of the
threshold sweep, together with plain GRPO as the run with-
out any exploration. At 0.90 and 0.95 both runs learn the
answer format and reach more than five points above plain
GRPO at the same compute budget. Moreover, the two
thresholds stay within 0.1 points of each other, so the thresh-
old needs no tuning inside that range. At 0.85 and 0.80, by
contrast, the model never learns to emit the answer format,
the response length grows from 380 to over 13,000 tokens,
the fraction of clipped tokens rises from zero to 0.69, and
the step time grows thirteenfold. The accuracy at 7 = 0.85
rises again late in that run, however, and we attribute this
rise to length inflation rather than to recovery.

We read these two failures as one mechanism. A lower
threshold makes the mask eligible at positions of ordinary
uncertainty, not only where the policy is nearly certain, so
the second wave fires at many more positions of the same
rollout. The model then never settles on a line of reasoning,
because at every step where it starts to commit, the mask
moves it off the token it was about to write. The reasoning
span therefore keeps growing instead of closing, which is
what the rise from 380 to over 13,000 tokens measures. The
response finally meets the token budget rather than an end
of its own, and the fraction of clipped tokens of 0.69 is that
collision. A clipped response stops inside the reasoning
span, so it never reaches the answer that the format asks
for, and the format rate falls with it. Moreover, the mask
applies only inside the reasoning span, between the think
tags, as Section 4.2 defines it, so a token of the answer block
is never eligible for the mask at any threshold. The format
degrades because the reasoning never ends, not because the
mask deletes the format. We therefore apply the mask only
where the policy is nearly certain, since that is the setting
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under which the reasoning still converges.

Choice of the intervened groups. In Section 4.2, we inter-
vene on all-correct and all-incorrect groups alike. A natural
alternative is to intervene only when the first wave is all-
incorrect, because a group that the model already solves
appears to need no exploration. However, Table 5 shows that
this alternative fails. Because most zero-variance groups are
all correct, a rule that skips them reduces the share of inter-
vened groups from 0.79 to 0.29, and the run then peaks at
66.7, which is 5.8 points below CGE and no better than plain
GRPO, before it collapses. For this reason we intervene on
all-correct and all-incorrect groups alike.

E. Image benchmark results

Because every training stage of this paper uses video, we
check whether this training lowers general image ability. We
therefore evaluate the same checkpoints of Table 1 on six
public image benchmarks, namely AI2D [29], MathVista
[41], MMBench-EN [39], MMMU [74], MMStar [7] and
RealWorldQA [66], for a total of 11,527 questions. We
take the multiple-choice split of AI2D, the testmini split
of MathVista, the English dev split of MMBench and the
validation split of MMMU, and on MMMU we keep the
multiple-choice questions only. We score every benchmark
by exact match on a multiple-choice letter or on a numeric
answer, so we use no model as a judge. Because we other-
wise follow the settings of Section 5.1, we measure these
image numbers in the same way as the video numbers of
Table 1. Table 6 then reports the result.

F. Dataset details

This appendix gives the statistics of the dataset, the row
format of the released dataset, the system prompt, and how
we draw the held-out split.

Dataset statistics. Table 7 reports the size of the two splits,
the hop counts and the range of the ground-truth answer,
which is the integer that the hops of a question sum to.

Row format. Each training row of Video-HopChain holds
a two-message prompt, namely the system prompt of the
dataset, which the released code carries, and a user turn
that starts with the video placeholder and continues with the
question text. The row also carries the video path with its
decode contract, the ground-truth answer as a string, and an
extra-information record with the answer, the hop count, the
hop types, and the question and video identifiers. We store
the hop records, with their moment references, mappings,
values and caption quotes, beside the dataset for auditing,
but we keep them out of the training rows.
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Figure 7. Best mean accuracy over the six image benchmarks of OpenMMReasoner, for plain GRPO and for CGE at four thresholds. The
dashed line marks plain GRPO, and the two grey bars are the runs that never learn the answer format.

b

we intervene on T
all-correct and all-incorrect  0.95
all-incorrect only 0.95

est mean accuracy (step) vs. CGE
72.5 (180) —
66.7 (50) —5.8

Table 5. Effect of the choice of intervened groups, measured on OpenMMReasoner.

model AI2D MathVista MMBench MMMU MMStar RealWorldQA | mean
3,088 998 4,329 847 1,500 765
Qwen3-VL-8B-Instruct 79.5 75.2 88.3 61.6 67.5 63.3 72.6
+ standard RL 82.4 71.2 89.3 62.3 67.7 65.0 73.0
+ standard RL + CGE 83.3 70.5 89.6 62.8 66.3 69.8 73.7
+ standard RL + Video-HopChain 82.7 71.6 89.4 62.2 66.8 66.3 73.2
+ standard RL + Video-HopChain + CGE = 82.8 73.0 89.2 62.9 67.5 67.3 73.8

Table 6. Image understanding, accuracy in percent, with the number of questions under each benchmark, the best value of each column in
bold and the second best underlined. The shaded row is our model, Video-HopChain-8B.

train held-out
questions 22,550 1,000
videos 13,378 1,000
questions per video 1.69 1.00
questions with 3/4 /5 /6 hops 595/12,604 /7,527 /1,824 0/302/450/248
hops by type: order / spatial / action / attribute 44,416 /22,476 /21,372 /12,516 2,082/1,141/1,072/651
ground-truth answer, smallest to largest 20 to 436 52 to 366
ground-truth answer, median 178 198

Table 7. Video-HopChain statistics for the training split and the held-out split.

System prompt. Every training row and every held-out
row carries this system prompt, so we evaluate every model
we train with the same prompt.

You are a careful reasoning assistant.
this EXACT format:

ALWAYS respond in
<think>step-by-step reasoning</think>
<answer>\boxed{final_answer}</answer>

Examples:

Q: 7 x 8?2

<think>7 x 8 56.</think>
<answer>\boxed{56}</answer>

Q: A right triangle has legs of length 3 and 4. What is the
hypotenuse?
<think>By the Pythagorean theorem, c"2 = 372 + 472 = 9 + 16
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25, so c 5.</think>
<answer>\boxed{5}</answer>

For multiple-choice, put the letter, e.g. \boxed{B}.
Always wrap reasoning in <think>...</think> and answer in
<answer>\boxed{...}</answer>. No text outside these tags.

The question of Figure 2. The dataset row of this question,
held-out question 2Wa_OoZyEk8: : 1, carries the full text
below, without the video placeholder.

Work through five checks and add the five numbers.

First, in the scene where a cat sits at a circular
wearing a red harness with silver buckles, look at
position of the golden Christmas tree: if the tree
left side of the frame, let A be 63; otherwise let

table

the

is on the
A be 10.



Second, compare two moments: the moment a spherical firework
explosion fills the frame, and the moment an outdoor scene
shows a tall green pole supporting a cluster of traffic
lights. If the firework explosion is shown before the
traffic light scene, let B be 22; otherwise let B be 63.

Third, use the first check to choose where to look: if the
tree is on the left side of the frame, look at the room
where two children stand beneath an upside-down Christmas
tree; otherwise look at the scene where a dog and a grey cat
rest on a flat surface with the cat holding one paw raised
near its face. In whichever of those two places you were
sent to, look at the surface beneath the characters: if the
surface is green, let C be 64; otherwise let C be 41.

Fourth, use the third check to choose which pair of moments
to compare: if the surface is green, compare the moment the
dog’s face fills the frame in close-up with out-of-focus
colored lights on the left against the moment the camera
zooms in until the grey cat’s face fills most of the frame;
if the surface is not green, compare the moment the dog’s
head is turned toward the cat with a teal banner at the
bottom of the frame against the moment a small rodent in a
Santa hat is shown with fireworks bursting around it. In
whichever pair you were sent to, if the first-named moment
is shown before the second-named moment, let D be 73;
otherwise let D be 79.

Fifth, in the news desk scene where red illuminated elements
are visible below the desk’s cyan rim, look at what the dog
is doing: if the dog is turning its head toward the other
character, let E be 70; if the dog is looking down at its
paper, let E be 42.

Add A, B, C, D, and E.

Held-out split. We split the dataset by video with seed 42,
and we then draw the held-out split with seed 1234 from the
questions with at least four hops and at least two distinct hop
types, with exactly one question per video, and we stratify
this split on three axes at once. By hop count it holds 302,
450 and 248 questions with 4, 5 and 6 hops. By video length
it holds 151 questions on videos under 40 segments, 301
on 40 to 70 segments, 300 on 70 to 110 segments, and 248
on longer videos. By source it holds 467 questions from
LongVILA, 358 from FineVideo and 175 from Vript.

G. Group-level analysis of the second wave

Table 8 gives the numbers behind the observations of Sec-
tion 6, and we measure every row on the run of our model
in Table 1, over the same window that Figure 6 plots. We
report the mean over the first half of that window, which we
label early, and the mean over the second half, which we
label later.

The variance the second wave adds. Table 8 counts the
groups whose variance the second wave restores, and we
also measure how much variance it adds. For a group of G
rollouts whose first wave answers a share p of them correctly,
an unperturbed second wave would leave the group with a
reward variance of p(1 — p)(G — 1)/G on average, so we
subtract that quantity from the variance we measure after
the second wave and report the difference, which the middle
panel of Figure 8 plots. On an intervened group the first
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wave is all correct or all incorrect, hence p is 0 or 1, the
quantity we subtract is exactly zero, and the whole of the
remaining variance follows from the mask. This difference
grows from 0.020 early in the run to 0.028 later, whereas on
the groups that the mask leaves alone the same difference
reaches only 0.005 early and 0.009 later, so the subtraction
leaves almost no variance on those groups.

The accuracy of each wave. The right panel of Figure 8
tracks the accuracy of each wave. Over all groups the two
waves reach the same accuracy for the whole run, at 0.17
for the first wave and 0.16 for the second, whereas over the
intervened groups alone the second wave is more accurate
than the first by 0.02 early and by 0.01 later, as the accuracy
row of Table 8§ reports. We measure the same on the general
dataset, where the first wave reaches 0.81 and the second
reaches 0.80 over the whole run. Therefore the second wave
answers as accurately as the first, and it answers more accu-
rately on the groups the mask acts on, while it follows a path
that the policy would otherwise not have taken.

The length of a response. The mask could also change the
length of a rollout, and the fourth panel of Figure 6 therefore
tracks the mean response length of the two runs on Video-
HopChain. Both of them settle between 600 and 900 tokens
once the format is stable, and both of them lengthen again
late in training. CGE gives the longer responses, at 810
tokens against 708 for plain GRPO. The mask itself is not
the source, however, because the second wave that carries
it stays shorter than the first, at 696 tokens against 923. We
therefore attribute the extra length to the policy that CGE
trains.

H. Token-level analysis of the mask

The section above measures the second wave over a whole
group, and we now measure it at the level of the token. The
top-1 probability exceeds 7 at 2.2% of the positions the
mask examines, as the left panel of Figure 8 shows, and no
response reaches the cap on masks of Table 4. To see which
positions those are, we record every token that the mask
removes together with the token that the sampler draws in its
place, over the CGE run of Table 1. Each of the 8 sampling
engines writes the first 20,000 masked positions it produces,
which gives 160,000 positions in total, and the sampler re-
solves every one of them to a replacement. Figure 9 shows
the two sides of that substitution, and Table 10 reports where
those positions sit and which token the sampler draws in
their place.

The two panels of Figure 9, however, do not carry the
same kind of word, because the mask removes mostly the
answer letters A to E, boxed and answer, and frequent
function words such as t o and the. The mask therefore acts



share of early later

what the first wave produces, over all groups

groups whose 4 rollouts are all incorrect 0.73 0.64
groups whose 4 rollouts are all correct 0.03 0.08
groups that already carry variance 0.24 0.28
what the second wave adds, over the intervened groups

groups whose variance the second wave restores 0.15 0.20
all-correct groups whose outcome the mask changes 0.70 0.61
all-incorrect groups in which the mask produces a correct rollout 0.13 0.15
groups in which the second wave solves what the first wave never solves ~ 0.12 0.13
accuracy of the second wave minus the first +0.02 40.01

what the group contributes to the update

groups that carry a gradient, first wave alone 0.24 0.28
groups that carry a gradient, both waves together 0.36 0.42
questions solved by at least one of the 8 rollouts 0.37 0.45
questions solved by at least one of the first 4 0.28 0.36

Table 8. The signal that the second wave recovers, measured on Video-HopChain.

(a) Positions that meet the threshold (b) Reward variance added (c) Accuracy of each wave
share of the positions examined by the second wave training accuracy, all groups
0.05 -
0.06 | = intervened groups 0.30 first wave
0.04 - groups left alone 0251 second wave
0.03 0.041 0.20
0.15 -
0.02 0.02 -
0.10 -
0.01
0.05 -
0.00 %
0.00 T T T T T T T T T 0.00 T T T T
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Figure 8. Three measurements of the second wave on Video-HopChain, over the training steps. The left panel gives the share of the positions
the mask examines whose top-1 probability exceeds 7, whereas the middle panel gives the reward variance the second wave adds to a group,
both on the intervened groups and on the groups the mask leaves alone, which already carry variance in their first wave. The right panel then
gives the training accuracy of each wave over all groups.

(a) Tokens the mask removes (b) Tokens that replace them
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Figure 9. The tokens that the mask removes, and the tokens that the sampler draws in their place, over the masked positions of the CGE run.
Size follows frequency. Both panels fold a token onto its printed form, so a token and its word-boundary variant appear once, and they omit
byte pieces that print no full character.

white

most often at the moment the model commits to an answer because the model drafts its answer inside the reasoning
inside its reasoning span, which is where a near-certain token span before it closes that span. The mask therefore reaches
sits. The tokens boxed and answer appear in this list that draft rather than the answer the reward reads, which lies
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after the closing think tag and outside the span. The mask
never removes the think tags either.

The substitution also reaches the content of a hop, as
Table 9 shows. The upper block of that table changes the
value a hop reads, because the sampler names a different
answer letter, one side of the frame for the other, one vertical
half for the other, the opposite direction of an order relation,
a different colour, and a different part of a person. These are
the kinds of hop that a Video-HopChain question asks about,
so the mask reaches the content on which the answer depends
and not only the wording that surrounds it. The lower block
changes the direction the rest of the response takes, because
the sampler alters the relation between two objects, commits
to a side that the model had not yet named, weakens the
claim the model was about to make, and renames the step of
the chain that the model is working on. We therefore treat
the second wave as exploration of the answer rather than as
noise, and Appendix G supports this at the level of the group,
because the mask produces a correct rollout in 0.13 of the
all-incorrect groups and gives 0.12 of the groups a solution
that the first wave never finds.

Three rows of that table matter for the method. First,
the mask acts across the whole reasoning span rather than
at its opening, because the median masked position sits
at token 242 and about one masked position in three sits
beyond token 400. Second, the sampler usually draws the
token that the policy itself ranks second, which happens at
half of the masked positions, and it draws one of the first
three candidates at about two thirds of them, so the second
wave follows a continuation that the policy already ranks
highly rather than an arbitrary token. Third, the second most
likely token holds more than half of the probability that the
mask leaves behind at 46% of the positions, hence a masked
position is most often a choice between the token the policy
would commit to and one alternative.

I. Derivations

Entropy at a fixed top-1 probability. Let V be the vo-
cabulary size and p* the probability of the most likely token.
The entropy of the distribution is smallest when one token
holds all the remaining mass, whereas it is largest when the
mass is spread evenly over the other V' — 1 tokens, which
gives two bounds:

Huin(p*) = — p*logp* — (1 = p*) log(1 — p*),
Hinax(p®) = —p*logp”
+ (1 —p*)(log(V — 1) —log(1 — p")).
)
With V' = 151,936 the interval is [0.50,2.89] nats at
p* = 0.80, [0.33,1.52] at 0.90, [0.20,0.80] at 0.95 and
[0.06, 0.18] at 0.99, so the top-1 probability determines the
entropy only within a wide range. In the other direction,
a fixed entropy leaves a wide range of top-1 probabilities,
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because at H = 0.5 nats the value of p* can lie anywhere in
[0.80,0.97].

Entropy after the mask. Because the mask removes the
top token and renormalizes the remaining mass, it gives a
distribution ¢(y) = w(y)/(1 — p*) for y # y*, and the
entropy of this distribution has a closed form:

H + p* log p*

Hpost = 1—pr

+ log(1 —p*). (6)
Since a trace stores p* to five decimals, we evaluate this form
only where 1 — p* > 10~3, below which the denominator

loses too much precision.

The ratio at a masked position. The mask also changes
the importance ratio, because the sampling engine returns the
log-probability of each generated token under the distribu-
tion it sampled from. At a masked position, that distribution
is g of Equation 3, whose value at the sampled token is
mg(ot | -)/(1 — p*), and the trainer therefore uses this value
as the old log-probability. Hence, at the first update, before
0 has moved, the ratio is mg(o; | -) / (ma (0t | -)/(1 —p*)) =
1 — p*, which is Equation 4. Later updates move the ratio
by the same factor as any other token, whereas the policy
samples the positions after the mask from 7y itself, so their
ratio is one.

J. Effect of the second wave on the update

The derivation above concerns one masked position, and we
also measure what the second wave does to the update as a
whole. Table 11 compares the two runs of Table 1 on four
quantities that the trainer logs, over the same window as
Table 8, and we again report the mean over the first half of
that window and the mean over the second half.

Three of these rows carry the result. First, the clip range
catches more positions under CGE than under plain GRPO,
at 0.023 and 0.021 against 0.005 and 0.009, and we attribute
this to the forced tokens of the second wave, because a forced
token starts at a ratio of 1 — p; < 0.05, so the clip gives it
no gradient whenever its advantage is negative (Appendix I).
However, that share stays near two positions in a hundred,
so the clip absorbs the perturbation rather than removing
the rollout that carries it. Second, the magnitude of the
advantage is larger under CGE early in training, and we
attribute this to the restored groups, because a group whose
rewards vary gives a non-zero advantage to every one of its
rollouts. Third, the two runs reach the same training reward,
at 0.360 against 0.355 in the second half of the window, so
CGE obtains the extra groups of Table & at the same training
reward as plain GRPO. In addition, the gradient norm stays
within 0.14 of plain GRPO over the whole window, hence
the second wave does not change the scale of the update.



removed sampled instead

what the substitution changes

the value that a hop reads

B C
right left
bottom top
before after
orange yellow
arms hands

the answer the model was about to name
the side of the frame that a spatial hop reads
the vertical half that a spatial hop reads

the direction of an order hop

the colour that an attribute hop reads

the part of a person that a hop refers to

where the rest of the response goes

on in

the left

is appears
Second First

the relation between two objects

a side the model had not yet named

how firmly the model commits to what it reports
the step of the chain the model is working on

Table 9. Notable substitutions of the CGE run.

over the 160,000 masked positions value
where the mask acts

median position of a masked token in the response 242
share within the first 100 tokens of the response 0.30
share beyond token 400 of the response 0.37
how certain the policy is at a masked position

mean top-1 probability 0.98
share whose top-1 probability exceeds 0.99 0.42
share where the second most likely token holds more than half of the rest ~ 0.46
which token the sampler draws instead

share where the sampler draws the second most likely token 0.50
share where it draws the second or the third most likely token 0.65
share where it draws a token outside the 8 that the trace records 0.18

Table 10. The masked positions of the CGE run, and the tokens the sampler draws in their place.

plain GRPO CGE
per training step early later early later
share of clipped positions 0.005 0.009 0.023 0.021
mean magnitude of the 0.337 0.332 0.393 0.338
advantage
gradient norm 123 130 126 1.16
mean training reward 0.302 0.355 0.293 0.360

Table 11. What the second wave changes in the update, on the two
runs that continue on Video-HopChain.

K. Computational cost and response length

We measure how much time the second wave costs, and how
the mask changes the length of a response, on the two runs
of Table | that continue on Video-HopChain, namely plain
GRPO and CGE, which we train on the same 4 nodes.

Training time. Table 12 reports the timing that the trainer
logs, averaged over the run. Every timing row of that table,
except the advantage and check step, differs by at most 2.0%
between the two runs, and the largest of these differences is
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per training step plain GRPO CGE difference
step time (s) 2,275 2,285 +0.4%
wall-clock between steps (s) 2,435 2,459 +1.0%
generation (s) 1,097 1,084 —1.2%
actor update (s) 1,167 1,190 +2.0%
advantage and check (s) 0.15 0.58 +0.4s
tokens per second 281 285 +1.4%
actor model utilization 0.137 0.139 —
trainer idle ratio 048 047 —

Table 12. Training cost of the two runs that continue on Video-
HopChain, averaged over the run, on 4 nodes of 8§ H100 GPUs.
The wall-clock row is the mean gap between the timestamps of
consecutive steps.

the actor update, which the CGE run makes slower because
this run produces slightly longer sequences. The advantage
and check step itself grows from 0.15 to 0.58 seconds, which
is negligible compared with a step of more than 2,000 sec-
onds. In addition, token throughput differs by 1.4%, model
utilization is 0.137 against 0.139, and the trainer waits for
rollouts during about 48% of its time in both runs, so neither
run is limited by the extra computation that CGE adds. This



result follows from the design of CGE, because we keep
the compute budget fixed at 8 rollouts per question and we
apply the mask inside the sampler as a logits processor, so
the second wave adds no forward passes beyond the ones
that plain GRPO already spends. Although the second wave
waits for the rewards of the first wave, the asynchronous
rollouter samples many other questions during that wait, so
we measure no cost from this wait in the step time.

Response length. The second wave also changes the re-
sponse length, because the CGE run gives longer responses
on average, at 810 tokens against 708 for plain GRPO.
Within the CGE run, however, the second wave gives shorter
responses than the first, at 696 tokens against 923, so the
mask does not lengthen a rollout by itself. The first wave of
the CGE run is nevertheless longer than plain GRPO, at 923
tokens against 708, although that wave carries no mask. The
policy that CGE trains therefore reasons for longer than the
policy that plain GRPO trains, and it keeps that longer span
at evaluation, where we disable the mask for both check-
points. In addition, fewer than 0.4% of the responses of
either run reach the 16,384-token limit, so truncation costs
neither run a measurable amount of reward.
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