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Figure 1 StreamDuo commentates Tears of the Kingdom, a game it has never seen, after training on Baldur’s Gate 3
alone. When the commentator cannot name a character, it asks the research agent with the frames, and the wiki entry
that arrives two seconds later lets it say who she is. Proact-VL, retrained on the same data, says something unrelated.
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1 Introduction

Live game streaming has become one of the largest forms of online video, and commentary is what turns
raw gameplay into a show. A good caster reacts the moment something happens and tells the audience
who just appeared, what item was picked up and where the fight is taking place. Automating this requires
a video model that watches an unbounded stream, decides every second whether to speak, and says
something both timely and correct about the game world. Video LLMs [3, 19, 21, 40] understand short
clips well, and streaming video LLMs [6, 7, 30, 42, 43, 46, 52] decide frame by frame whether to respond.
Automatic commentary was first studied for sports and esports [26, 31, 37, 51], where the teams and rules
are known in advance. Proact-VL [47] recently brought streaming video LLMs to game commentary and
reports strong timing and quality on a multi-game benchmark.

These systems are trained and evaluated on the same games. In practice a commentator constantly meets
titles, characters and items it has never seen, and the entities that make commentary informative are exactly
the ones that change from one game to the next. We therefore study cross-game streaming commentary, in
which a model is trained on a single game and commentates games that never appear in training. Under
this setting the standard recipe breaks down in a revealing way (Fig. 1). Retrained on Baldur’s Gate 3 alone,
a Proact-VL commentator rarely names what is on screen in ten unseen games, and when it does, it often
reaches for its training game, for example calling a character in Tears of the Kingdom “Karlach”. Timing
transfers across games, but knowledge does not.

A natural remedy is to give the model the missing knowledge. Retrieval-augmented generation [2, 15, 18, 24],
tool-using agents [16, 34, 50] and multi-agent systems [44] all supply external information to a model. Live
commentary, however, imposes constraints these methods do not address. Knowledge retrieved before
the stream starts is mostly irrelevant to the current second, and in our experiments a game-level dossier
barely changes what the commentator says. Retrieving at every second floods the context. Text queries
are a further bottleneck, since the commentator would have to describe in words something it cannot
recognize. Most importantly, the commentator must decide when an answer is worth asking for, which
depends on what this particular model does not know. Language models can partly tell what they do not
know [13, 17, 41], but streaming video models have no such mechanism.

We propose StreamDuo, a two-agent streaming commentator. A commentator agent watches the stream
and talks. When it sees something it cannot name, it asks a research agent by sending the current frames.
The research agent, a frozen vision-language model with access to the game’s wiki, returns a few entries
two seconds later while the stream continues. Perception and language, which transfer across games, stay
in the commentator, and game-specific knowledge is looked up at test time in whatever game is being
played. We train only the commentator, and only on the source game, in two stages. The first teaches it
when to ask, with ask labels placed where an answer would actually help the model reproduce what the
human caster said. The second teaches it how to use noisy answers, through on-policy self-distillation [54]
from a privileged copy of itself that sees an ideal answer containing the right entry. On ten unseen games,
StreamDuo reduces source-game leakage from 9.9% to 1.0% and raises entity recall from 0.082 to 0.116
compared with Proact-VL trained on the same data, while also improving timing and the commentary
quality judged by an LLM on all ten test games.

In summary, our contributions are as follows.

* We formulate cross-game streaming commentary, together with a clean evaluation protocol and a
source-game leakage metric, and show that current streaming commentators transfer their timing but
not their knowledge of the game world.

* We propose StreamDuo, a two-agent commentator that asks a frozen research agent with frames
and receives its answers while the stream continues, trained with information-gain ask labels and
on-policy self-distillation from a privileged copy of itself.

* On ten unseen games, StreamDuo outperforms zero-shot streaming models, Proact-VL retrained on
the same data, and the same models given the research agent’s knowledge without interaction.



2 Related Work

Streaming video LLMs and live commentary. Video LLMs understand complete clips [3, 19-21, 40, 45], and
streaming variants process frames as they arrive, either by managing memory over long streams [8, 10, 29, 36,
46, 52] or by deciding when to respond without being prompted [6, 30, 39, 42, 43, 49], as measured by online
benchmarks [22, 27]. LiveCC [7] and Proact-VL [47] bring this to live commentary. Earlier commentary
systems targeted a single domain such as chess [14], soccer [26, 28, 31], racing [12] or esports [37, 51, 53],
often with structured game data. All of these models speak from what is in their weights and context,
and are evaluated on the domains they are trained on. We test on games whose entities are never seen in
training and let the commentator obtain the missing knowledge while the stream runs.

Retrieval, tools and multiple agents. Retrieval-augmented generation supplies external text [18], and adaptive
variants retrieve only when the model is uncertain [2, 13, 15, 17, 41]. Knowledge-based visual question
answering retrieves encyclopedic entries for an image [5, 25, 48], and video RAG retrieves auxiliary text
for video understanding [24]. Tool-using agents call search while reasoning [16, 34, 50], and multi-agent
frameworks let models with different roles cooperate [44]. In StreamDuo the query is the frames themselves,
the answer arrives after a delay while the commentator keeps talking, and the decision to ask is learned
from how much an answer would change this particular model’s output.

Distillation with privileged information. A teacher with access to information unavailable at test time can
guide a student [23, 38], and on-policy distillation trains the student on its own samples [1, 9] to avoid
the mismatch between training on reference sequences and generating at test time [4, 33]. On-policy
self-distillation [54] uses the same model, conditioned on privileged information, as its own teacher. We
apply it to a two-agent setting in which the privileged information is the answer the research agent should
have returned, and sharpen the teacher’s use of that answer with context-aware decoding [35].

3 Method

Our goal is a commentator that keeps talking at the right moments in a game it has never seen, and that
says the right names when it does. We first describe the streaming setting and why it fails across games
(Sec. 3.1). We then present StreamDuo, which pairs the commentator with a research agent (Sec. 3.2), and
the two training stages that teach the commentator when to ask (Sec. 3.3) and how to use what it is told
(Sec. 3.4). Fig. 2 illustrates the whole pipeline.

3.1 Streaming commentary across games

A live stream arrives one second at a time. At second f the commentator receives the frames v; of that
second and a short history h; made of the co-commentator’s last line and its own recent lines. Following
Proact-VL [47], each second is one turn of a video LLM 7ty. The turn ends with a special flag token whose
hidden state z; feeds a response head, which outputs the probability p; = o(w, z;) that the commentator
should speak now. If it speaks, the language model generates a short line y; ~ 7y(- | h<t,v<;), and
otherwise it stays silent. Both parts are trained on human commentary with a language-modeling loss on
the spoken lines and a binary loss on the speak decisions,

Lpase = L1m + Espk- 1)

In cross-game commentary, 71y is trained on a single source game G; and evaluated on unseen games
Gt # Gs. The two parts of the model behave very differently under this shift. When to speak depends on
what happens on screen, such as a fight starting or a menu opening, and transfers well. What to say about
the entities on screen depends on knowledge of the game world, and a model trained on one game only
knows that one. Faced with an unfamiliar character, it either describes it vaguely or reaches for a name it
learned from the source game. To keep the model from tying names to what it memorized, we rename the
entities of the source game consistently and at random during training, so that a name in the training data
is evidence only within its own clip. This removes the shortcut but cannot supply the names of a new game.
That knowledge has to come from somewhere else at test time.
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Figure 2 Overview of StreamDuo. Top: on an unseen game, the commentator asks the frozen research agent with the
current frames, and the wiki entry it returns two seconds later lets the commentator name what is on screen. Bottom
left: Stage 1 labels an ask only where an answer would make the human line more likely. Bottom right: Stage 2 distills a
frozen copy of the commentator that sees the ideal answer into the student that sees the noisy one.

3.2 StreamDuo

StreamDuo splits the job between two agents with complementary strengths. The commentator agent 7y
watches every second of the stream and decides when to talk, but only knows the game it was trained on.
The research agent R sees nothing of the stream unless asked, but can read the wiki of whatever game
is being played. Commentary emerges from their exchange. The commentator notices that it does not
recognize something, the research agent identifies it, and the commentator turns the answer into a line.

The commentator asks with frames. A natural interface would be a text query, but a model that cannot
recognize a character also cannot describe it well enough to retrieve it. The commentator therefore sends
the frames themselves. A second head on the same flag state estimates whether an answer is needed,

g = o(w, z1), (2)
and the commentator sends v; to the research agent when g; exceeds a threshold.

The research agentlooks and searches. The research agent is a frozen vision-language model with a search tool
over the game’s wiki. Before the stream starts, it writes a short dossier of the game, which the commentator
receives as general background. The dossier cannot say which of its entities is on screen at a given second,
so the real work happens when a question arrives. The research agent looks at the frames it was sent,
proposes a few search keys from what it sees, including any names readable on screen, searches the wiki,
looks at the frames again to check the candidates, and returns up to three entries, each with a name, a
type and a one-line description. We write the returned answer as A;. Because the research agent reads the
frames rather than a description of them, it can identify a character the commentator could never have
described in a text query.



Answers arrive while the stream continues. Looking things up takes time, and the stream does not wait. The
answer to a question asked at second t arrives § seconds later and is placed in the history h;; 5, where
it stays available for the following seconds. Meanwhile the commentator keeps deciding every second
whether to speak. This asynchrony is part of the problem the commentator has to learn to live with. It must
ask before it needs the answer, and connect an answer to what it is seeing when the answer arrives.

Speaking and stopping. An answer often gives the commentator something to say, and a model that has
started an explanation tends to keep going after the moment passes. We therefore use a higher bar for
continuing than for starting. The commentator starts speaking when p; exceeds 7, and after a run of spoken
seconds continues only when p; exceeds a larger threshold 7.. It can thus react immediately to new events
and stop once the event ends.

Only the commentator is trained, and only on the source game. The research agent stays frozen and brings
its knowledge from the wiki of the game at hand, so the same pair can be pointed at any game for which a
wiki exists. The commentator has to learn two things that standard training does not teach, namely when
an answer is worth asking for and how to turn a noisy answer into the right line.

3.3 Learning when to ask

The obvious supervision for the ask head is to ask shortly before the human caster names an entity. This
ignores the one thing that makes asking useful, which is whether the model already knows the answer. A
model that reliably recognizes the protagonist gains nothing from asking about her, while a model that
cannot tell two bosses apart gains a lot. The label should depend on the model.

We define the value of asking through the model itself. Let y, be the line the human says at second a and let
A} be an ideal answer that contains the entity named in y,. A frozen copy of the commentator, 7y, scores
this line twice, once with the answer in its history and once without it. The information gain

Sa = log g, (Ya | h<a, A}, v<a) —log 7tg, (Ya | h<a, v<a) 3)

measures how much the answer helps the model say what the caster said. We label second a — 4 as an
ask moment when g, > 1, so that the answer would arrive in time. Lines the model can already produce
receive no label because their gain is small, and so do lines that no answer could help with, such as tactical
remarks. What remains are the moments when the model does not know and an answer would fix it.

The ask head is trained with a binary loss on these labels together with the base objective,
Ly =L+ ‘Cspk + A Lask- (4)

In the same stage the commentator learns to read answers. During training, each answer placed in the
history contains the entity the caster names next together with distractor entries from the same game, and
some answers miss the entity altogether, mimicking what a real research agent returns. Because entity
names are randomly renamed in each clip, the model cannot have memorized them and must take them
from the answer that it receives.

3.4 Learning to use the answer

Supervised training on answers teaches the format of an answer but not how to use it. The answers the
commentator receives at test time come from a real research agent. They are often plausible but wrong, and
the right entry, when present, is mixed with others. A model fine-tuned to copy entries from its history will
repeat whatever arrives, and a model that ignores its history will never say the new names. What we want
is a model that uses an entry when it matches the frames and otherwise does not.

We obtain this behavior with on-policy self-distillation [54]. The student is the commentator 77y, which sees
a noisy answer A exactly as it would at test time. The teacher is a frozen copy of the same model, 7y,
which sees the ideal answer A* for the same moment. The teacher is not a larger model. It knows more
only because it is told which entry is right, and its behavior shows what using that entry looks like.



The effect of an answer on a fine-tuned model is often small, because the model has learned to rely on the
frames and its own memory. We make the teacher’s use of the answer explicit by contrasting its predictions
with and without the answer [35],

logpr(-) = logsoftmax((l +a) lg (- | A*) —aly, (- | @)), (5)

where £y, denotes the teacher’s next-token logits given the same frames and history and « > 0 controls the
amplification. Tokens that become likely because of the answer, such as the name of the entity on screen,
are pushed up, and tokens the model would say anyway are left unchanged.

Training is on-policy. For a moment right after an answer arrives, the student samples its own lines
g~ (- | h, A v), and the teacher scores each of their tokens. We minimize the reverse Kullback-Leibler
divergence over the student’s samples,

L2 = Ejrr, {ZKL(T[G(' | <k b, A0) || pr(- | yA<k))} (6)
k

Sampling from the student matters here. The student is corrected on the lines it would actually say,
including the ones where it repeats a wrong entry, rather than on human lines it would never produce. The
reverse divergence makes the student commit to what the teacher considers likely instead of spreading its
probability over every name in the answer. Only a small set of low-rank adapter weights is updated in this
stage, so the speaking behavior learned before is preserved, and the teacher is simply the model with the
LoRA adapter switched off during its forward pass.

At test time neither the teacher nor the ideal answer is used. The commentator watches the stream, asks
with its frames when its ask head fires, and speaks with whatever the research agent returns.

4 Experiments

4.1 Setup

Data. We use the game commentary benchmark of Proact-VL [47], training on 10,286 Baldur’s Gate 3
clips and testing on 2,470 clips from ten other games, from open-world adventures such as Tears of the
Kingdom to esports such as League of Legends. The original inputs leak game knowledge through the
caster persona, the earlier transcript and the other caster’s lines. We therefore keep only the persona’s
speaking style, remove earlier transcripts and replace game-specific names in the other caster’s lines with
typed placeholders such as [PLAYER]. Game knowledge can then only come from the wiki of 190,722 pages.

Metrics. For timing we report TimeDiff and F1 of Proact-VL. For knowledge we match wiki entities in
the two commentaries. Ent-R is the share of the human’s entities that the model also names, Ent-F1 adds
precision, and K-strict counts only lines that need game knowledge. These count the first 126 words of each
clip, twice the human average, so that talking more cannot raise recall. Qwen3-30B [3] scores PAUC, CC,
LiveU and FinalQ of Proact-VL on all test clips.

Baselines. We compare with streaming video LLMs that decide when to respond, VideoLLM-online [6],
LiveCC [7], Dispider [30], MMDuet [42], StreamingVLM [46], MMDuet2 [43] and Proact-VL [47], each with
its official code and the game title as context. We test them zero-shot and after one epoch on the same
Baldur’s Gate 3 clips with the official recipe. Proact-VL has seen the test games, so we retrain it from
LiveCC-7B-Base. Dispider releases no training code, and for MMDuet2 we rerun only the supervised stage.
Each trained baseline is also given the research agent’s dossier, to separate the knowledge itself from the
way in which StreamDuo obtains it during the stream.

Implementation. The commentator starts from LiveCC-7B-Base [7], as Proact-VL does. Stage 1 fine-tunes
all parameters for one epoch at a learning rate of 10~ with 4 = 1 nat. Stage 2 trains a rank-32 LoRA [11]
for 300 steps with @ = 1. The research agent is Qwen3-VL-8B [3] with BM25 search [32] and returns up to
three entries after § = 2 s. At test time it speaks when p; > 0.27 and asks when g; > 0.9. All runs use eight
NVIDIA H100 GPUs for training and evaluation.



Table 1 Cross-game streaming commentary. Models are trained on Baldur’s Gate 3 only (or not trained) and evaluated on
2,470 clips from ten unseen games. Knowledge metrics use the first 126 words of each clip (twice the human average),
so a model cannot gain recall by talking more. Judge metrics are scored by Qwen3-30B. fSupervised stage of the official
recipe only, without RL. Bold: best; underline: second best.

Timing Knowledge LLM judge

Method Venue  TimeDiff] F11 Ent-RT Ent-F11 K-strictf PAUCT CCt LiveU?T FinalQf
Zero-shot

VideoLLM-online [6] CVPRr24 11.63 0.063 0.002  0.003 0.001 0.000 0.134 349 2.39
LiveCC-7B-Instruct [7] CVPRrR25 3.03 0470 0.099 0.139 0.115 0.031 0.127 3.56 2.59
Dispider [30] CVPR25 6.10 0.156 0.043  0.042 0.055 0.006 0.083 3.61 2.78
MMDuet [42] EMNLP'25 4.01 0.297 0.017  0.023 0.020 0.002 0.049 3.55 2.50
StreamingVLM [46] ICLR26 1.83 0.509 0.076  0.081 0.086 0.025 0.097 458 3.25
MMDuet?2 [43] ICLR'26 3.52 0.330 0.073  0.091 0.083 0.026 0.107 5.05 347

Trained on Baldur’s Gate 3
VideoLLM-online [6] CVPR24 5.41 0.228 0.000 0.000 0.000 0.001 0.124 371 2.27

+ agent dossier 425 0.231 0.001  0.001 0.001 0.001 0.129 3.63 1.98
LiveCC-7B-Instruct [7] CVPR25 24.08 0.036 0.028  0.053 0.034 0.031 0306 1.73 1.55
+ agent dossier 19.89 0.072 0.031  0.050 0.034 0.030 0252 2.35 1.81
MMDuet [42] EMNLP"25 3.62 0.256 0.008  0.015 0.009 0.001 0.094 4.30 2.39
+ agent dossier 16.46 0.072 0.004 0.009 0.010 0.001 0.166 4.17 2.57
StreamingVLM [46] ICLR"26 1.95 0.478 0.076  0.111 0.083 0.039 0.090 477 3.20
+ agent dossier 2.07 0.467 0.066  0.097 0.071 0.036 0.087 4.73 325
MMDuet2} [43] ICLR"26 24.07 0.016 0.021  0.039 0.018 0.029 0312 175 1.52
+ agent dossier 24.33 0.015 0.020 0.038 0.018 0.027 0313 1.71 1.50
Proact-VL [47] ICML26 1.84 0536 0.082  0.118 0.085 0.050 0.095 4.91 3.32
+ agent dossier 1.88 0.548 0.083 0.111 0.088 0.048 0.089 4.80 3.30
StreamDuo (ours) = 1.76 0.552 0.116  0.141 0.127 0.055 0.120 5.4 3.53

4.2 Mainresults

Tab. 1 shows that existing streaming models fail on unseen games in two ways. Zero-shot, they rarely
speak at the right moments. LiveCC names the most entities among them but has a TimeDiff of 3.03 s,
and the others either stay silent or describe the scene. After training on Baldur’s Gate 3, Proact-VL and
StreamingVLM learn when to speak, but their entity recall stays below that of zero-shot LiveCC, and
VideoLLM-online speaks more often without naming a single correct entity. Models that decide silence
through their language output, such as LiveCC and MMDuet2, collapse to a few words per clip and mostly
read the dialogue shown on screen. Timing transfers across games, knowledge does not. Adding the
research agent’s game dossier to their context barely helps, for example raising the K-strict of Proact-VL by
only 0.003, since a dossier covers the whole game but cannot tell which entity is on screen. StreamDuo is
best on all metrics except CC. Compared with Proact-VL, trained from the same base on the same clips, it
raises entity recall from 0.082 to 0.116 and K-strict from 0.085 to 0.127, while responding faster and receiving
higher judge scores. It also names more entities than zero-shot LiveCC without giving up timing. CC favors
near-silent models in this comparison, such as MMDuet2 with a few words per clip, and does not reflect the
quality of the commentary itself.

4.3 Contribution of each component

Tab. 2 adds the components of StreamDuo one at a time, all with the same inference settings. The first
row follows the recipe of Proact-VL. Renaming the entities of the source game and adding the dossier do
not raise entity recall (0.082 to 0.083), which agrees with the dossier results in Tab. 1, but they make the
commentary more natural, raising LiveU from 4.91 to 5.03. Asking the research agent with the frames
adds what the dossier cannot provide, the identity of what is on screen, and lifts Ent-R to 0.092 while
also improving timing. OPSD gives the largest gain of the three components. It raises Ent-R from 0.092 to



Table 2 Ablation of StreamDuo components. Rename & dossier: random entity renaming during training plus the game
dossier in context. Asking: Stage 1. OPSD: Stage 2. The first row corresponds to the Proact-VL baseline trained on
Baldur’s Gate 3. Best results are in bold.

Components Timing Knowledge LLM judge
Rename & dossier Asking OPSD TimeDiff| F11 Ent-Rf Ent-F11T K-strictt PAUCT CCf LiveUT FinalQf
1.84 0.536 0.082  0.118 0.085 0.050 0.095 4091 3.32

v 1.88 0.523 0.083  0.116 0.090 0.045 0.093 5.03 3.38
v v 1.78 0544 0.092 0.123 0.094 0.052 0104 5.10 348
v v v 1.76 0.552 0.116 0.141 0.127 0.055 0.120 5.4 3.53

0.116 and K-strict from 0.094 to 0.127, as the commentator learns to use the answers it receives instead of
only asking for them. Together the three components raise Ent-R by 0.034 and K-strict by 0.042 over the
Proact-VL recipe, and the full model is best on every metric.

4.4 Whento ask

Table 3 When to ask. Top: Stage 1 ask labels, placed at every human entity mention (naive) or only where the answer
yields an information gain of oy = 1 nat (info. gain). Bottom: test-time asking policy of the full model. Shaded rows are
the settings used by StreamDuo; best results within each block are in bold.

Timing Knowledge LLM judge
Setting  TimeDiff] F11 Ent-RT Ent-F11T  K-strictf  PAUCYT ccr LiveU?T FinalQ1
Stage 1 ask labels
Naive 1.903 0.534 0.079 0.107 0.087 0.046 0.098 5.01 3.38
Info. gain 1.784 0.544 0.092 0.123 0.094 0.052 0.104 5.10 3.48
Test-time asking
Never 1.764 0.553 0.104 0.127 0.114 0.051 0.117 5.14 3.54
Every 3s 1.800 0.563 0.199 0.105 0.208 0.043 0.086 4.76 3.36
Learned 1.763 0.552 0.116 0.141 0.127 0.055 0.120 5.14 3.53

The upper part of Tab. 3 changes the labels that train the ask head. Labeling every second in which the
human names an entity also marks names on screen or already known, and every metric drops, Ent-R from
0.092 to 0.079 and FinalQ from 3.48 to 3.38. The lower part changes the asking policy of the full model at
test time. Without asking, timing and judge scores stay the same but knowledge falls, to an Ent-R of 0.104
and a K-strict of 0.114. Asking every 3 s nearly doubles recall, but many of the added names do not fit the
moment, so Ent-F1 falls to 0.105 and all judge scores drop. The learned policy asks 264 times over 2,470
clips and gives the best balance, with the highest Ent-F1 of 0.141.

4.5 When does the commentator ask?

Fig. 3 aligns the commentary of StreamDuo with its own
questions on the test games. Questions are rare, 264 over
2,470 clips. Before a question, the commentator names an
entity in only 1 to 4% of the seconds, below the 7% of a
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entity only 5% of the time. The commentator thus uses an answer at once.
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4.6 What Stage 2 needs

Fig. 4 varies the loss and the teacher of Stage 2. Fine-tuning on
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its entity mentions is a name from Baldur’s Gate 3 (0.193, against o1 0 .. | i R — -
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recipe, the reverse divergence with amplification and the ideal Figure 4 Stage 2 variants. Dashed line:
answer, improves all knowledge and judge metrics over Stage 1, ~ Stage 1.
raising Ent-R to 0.116 and K-strict to 0.127 without leaking names from the source game.

LiveU 1 FinalQ 1

5.20

4.7 Swapping the research agent

Table 4 Swapping the research agent at test time without retraining the commentator. All agents answer the same
moments, every second of the 2,470 test clips (80,529 in total). Answers: number of these moments for which the agent
returns an answer. The shaded row is the default agent used by StreamDuo. Best results are in bold.

Knowledge LLM judge
Research agent Answers Ent-RT Ent-F11 K-strict? LiveUT FinalQ1
Qwen3-VL-2B 18,103 0.101 0.125 0.107 5.14 3.53
Qwen3-VL-4B 50,445 0.105 0.129 0.111 5.13 3.52
Qwen3-VL-8B 52,548 0.116 0.141 0.127 5.14 3.53
Qwen3-VL-30B-A3B 54,888 0.107 0.129 0.117 5.15 3.55

Tab. 4 replaces the research agent at test time with other Qwen3-VL models, from 2B to 30B-A3B, keeping
the commentator and the wiki search unchanged. All agents answer every second of the test set, so the 8B
row equals the main result. The 8B agent gives the most knowledge, but the choice of agent matters little.
Ent-R stays between 0.101 and 0.116 and the judge scores within 0.03 of each other, even though the 2B
agent answers only 18,103 of the 80,529 moments against about 50,000 for the larger ones, and 30B-A3B
does not improve on 8B. Within this family and search, the size of the research agent is not the bottleneck.
What matters more is how the commentator uses the entries it receives. With the same 8B agent, Stage 2
alone raises Ent-R from 0.092 to 0.116 (Sec. 4.6), far more than any change of agent.

4.8 Qualitative examples

Fig. 5 shows StreamDuo and Proact-VL at the same seconds of seven unseen games. In the first five
examples the commentator asks and, two seconds later, names what the answer contains. In StarCraft II
it names Byun’s Ghost Academy, which the human caster also names, and the player GuMiho in another
match. In Elden Ring and Minecraft the entry is also on screen, in the equipment menu, the chest and the
skill slot of Thops’s Barrier, so the research agent finds it from the frames although the commentator cannot
read it. The answers are not clean. Each holds up to three entries, and the commentator mostly keeps the
ones that match the frames, Bloodhound’s Fang but not Bloodhound’s Finesse or Slash, and the golden
apple but not the enchanted one. It does not always filter well, and in StarCraft II it also repeats the Warden
Support Alpha, an entry unrelated to the match. Proact-VL speaks at the same seconds but stays vague, as
in “Wait, this is a weapon”, names the wrong potion, or calls an Elden Ring enemy group the Sharran, a



Elden Ring Tears of the Kingdom

£, (ByuN) (Ghost Academy)
(Warden Support Alpha)

» (Potion of Weakness) f:GoIden Apple\/‘
Enchanted Golden Apple

e g >
o (Bloodhound's Fang)

% no question asked
Bloodhound's Finesse) (Slash

“With the Bloodhound’s
a great sword.”

“Potion of Weakness, rotten

@ “Byun has a Ghost Academy.
! flesh, and a golden apple.”

) “There’s research to be done.
=" I don’t have a Ghost Academy.”

(@) i =" Will you join me?”

g

[l

Proact-VL
“There’s research to be done. Karlach,
will you join me?”

Proact-VL
“Wait, this is a weapon. Oh, I'm just
so confused right now.”

Proact-VL
“Oh, I don’t think we need the Potion
of Speed.”

Proact-VL
“because you have the advantage, but if
it wasn't for...”

Elden Ring Street Fighter 6 Black Myth: Wukong

#& no question asked

ar

B (Thops's Barrier) no question asked

Crimson Seed Talisman +1

?ﬂ f:GuMiho\,‘

j?f

P “I'm scared. Because o)
(@D f

- “I could use that as an
=" Thops’s Barrier.” '

) “It's the same kind of barrier.
=" opportunity to get him. Nice!”

=" You have to solve a puzzle.”

) “GuMiho’s kind of in the
= middle of nowhere.”

Proact-VL
“Gale’s been playing Karlach a lot...”

Proact-VL
“Fang? Tiefling General. Fang? Oh,
you're a Tiefling?”

Proact-VL
“Oh, there’s a gate here. I don’t think
we can get it though.”

Proact-VL
“group defeated the Sharran. Oh my
god...”

Figure 5 Examples on unseen games, with the frame at the second the research agent’s answer arrives. Orange entries
are used by the commentator, and gray ones are not. Proact-VL is retrained on the same data and shown at the same
seconds, and names from Baldur’s Gate 3 are in red.

faction of Baldur’s Gate 3. The last three examples show what happens without a question. In Tears of the
Kingdom, Street Fighter 6 and Black Myth: Wukong the commentator does not ask, since its ask score stays
below the threshold. StreamDuo describes the scene without a name, while Proact-VL fills in names from
its training game, addressing a character as Karlach, saying a fighter has been playing Karlach, and calling
a boss a Tiefling. Such names are not rare. Over all test clips, names from the source game make up 9.9% of
the entity mentions of Proact-VL, 200 of its 2,011, and 1.0% of ours, 34 of 3,363, although StreamDuo names
almost twice as many entities. Without an answer, the commentator leaves a name out instead of borrowing
one from the game it was trained on.

5 Conclusion

We studied cross-game streaming commentary, in which a model trained on one game commentates games
it has never seen, and found that current streaming commentators transfer their timing but not their
knowledge. To address this, StreamDuo pairs a trainable commentator with a frozen research agent that it
asks with its frames and that answers from the game’s wiki while the stream continues. Information-gain
labels teach the commentator when an answer is worth asking for, and on-policy self-distillation from a
privileged copy of itself teaches it to use noisy answers. Trained on Baldur’s Gate 3 alone, StreamDuo
names more of what is on screen in ten unseen games, rarely falls back on names from its training game,
and keeps the timing and quality of the strongest streaming commentators, without any training on the ten
games it is tested on.
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Appendix

A Source-game leakage

A commentator trained on one game can fill an entity it does not know with a name it memorized from
that game. We call this source-game leakage and measure it as the share of Baldur’s Gate 3 names among
all entity names a model says in the unseen games, counting only names that exist neither in the test game
nor in its wiki. Tab. 5 reports it for all models trained on Baldur’s Gate 3, on all 2,470 clips and without a
word cap.

The two models that speak the most entity names before StreamDuo leak the most. 17.3% of the names
said by StreamingVLM and 9.9% of those said by Proact-VL come from Baldur’s Gate 3, such as Karlach in
Street Fighter 6 or Lae’zel in League of Legends. Leakage is worst in esports, where the commentary is full
of player and champion names the model has never seen. In League of Legends, 54.6% of the names said by
Proact-VL come from Baldur’s Gate 3, against 7.8% for StreamDuo. The agent dossier lowers the overall
share only a little, to 14.7% and 6.3%, since it lists the entities of the game but cannot tell which one is on
screen. The other baselines leak less because they name few entities at all, with fewer than 900 test-game
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Table 5 Source-game leakage on all 2,470 test clips, without a word cap. Mentions: names of the test game. Leaked:
Baldur’s Gate 3 names that exist neither in the test game nor in its wiki. Leakage: share of leaked names among all
names said.

Method Mentionst Leaked| Leakage|
VideoLLM-online [6] 372 14 3.6%
+ agent dossier 676 1 0.1%
LiveCC-7B-Instruct [7] 217 2 0.9%
+ agent dossier 867 4 0.5%
MMDuet [42] 298 0 0.0%
+ agent dossier 99 1 1.0%
StreamingVLM [46] 1,271 265 17.3%
+ agent dossier 1,188 205 14.7%
MMDuet2¥ [43] 147 4 2.6%
+ agent dossier 135 2 1.5%
Proact-VL [47] 1,811 200 9.9%
+ agent dossier 2,533 170 6.3%
StreamDuo (ours) 3,329 34 1.0%

names over all 2,470 clips. A low share then says little about their knowledge. StreamDuo names the most
entities of the test games, 3,329, and keeps leakage at 1.0%.

Each part of StreamDuo contributes to this. Run with the same inference settings as StreamDuo, the recipe
of Proact-VL leaks 5.8% of its names. Random renaming with the dossier in context (Stage 0) lowers this to
2.1%, since a name from the source game is no longer reliable evidence during training. Learning when to
ask (Stage 1) lowers it further to 0.8%. With asking disabled at test time, the full model leaks 2.9%, three
times as much as with asking. When the commentator does not know an entity, it asks the research agent
instead of reaching for a name from the source game. The loss of Stage 2 matters as well. With the forward
instead of the reverse divergence, leakage rises to 19.3%, the highest of all models, because the student
learns to name an entity wherever the teacher gives it some probability (Sec. 4.6).

A1 Efficiency

Table 6 Latency on one NVIDIA H100 GPU, one request at a time. Research agent: seconds per answer over 200 test
moments. Commentator: seconds of compute per second of video over 20 test clips, including frame decoding.

Stage Mean Median P90 Max
Research agent (s per answer)

Propose search keys 0.322 0.272 0.594 0.628
BM25 wiki search 0.002 0.001 0.005 0.011
Pick entries 0.082 0.091 0.114 0.188
Total 0.405 0.363 0.643 0.713

Commentator (s per video second)
Total 0.256 0.242 0.306 0.332

A live commentator has to keep up with the stream, and an answer is only useful if it arrives while the
entity is still on screen. Tab. 6 measures both agents on one H100 GPU with one request at a time, as in a
live stream, using the same models, prompts and settings as in all other experiments.

The research agent answers in 0.41 s on average and in at most 0.71 s over 200 test moments, so every
answer is ready before the 2 s at which StreamDuo places it in the history. The delay of 2 s therefore leaves
a margin of more than a second, and a slower or larger agent would still fit. Most of this time goes to
proposing search keys from the frames (0.32 s). Picking up to three entries from the retrieved candidates
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takes 0.08 s, and the BM25 search over the wiki takes about 2 ms. Building the search index is done once
before the stream and takes 1.5 s.

The commentator needs 0.26 s of compute for each second of video, about four times faster than real time,
and at most 0.33 s on the slowest of 20 test clips. This includes decoding the frames, the speak and ask
heads and the generation of each line. All 20 clips are mostly spoken, so the measurement covers the most
expensive case.

The research agent runs in parallel and is called only when the commentator asks. In one test run, the
commentator asked 264 times over the 26 hours of test video, about once every six minutes, and in 243 of
the 2,470 clips. The research agent is therefore idle most of the time, and its cost adds little to that of the
commentator. StreamDuo can commentate a live stream on two GPUs, one for each agent.

B More qualitative examples

Fig. 6 and Fig. 7 show 32 more examples from all ten unseen games, none of them in Fig. 5. Each card
shows the frame at the given time, the entries that the research agent returns, StreamDuo’s commentary
and that of Proact-VL, retrained on the same data, at the same seconds. All text is the models” own output;
“...” marks a cut.

In 21 examples the commentator asks and names what the answer contains within a few seconds. The
entries cover the main kinds of game knowledge: players and units in StarCraft II (ByulN, Mothership,
Liberator), items and equipment in Elden Ring and Minecraft (Radahn’s Greaves, Goldmask’s Set, the
enchantments of a diamond chestplate), places in Tears of the Kingdom (Rito Village, Tabantha Tundra) and
skills in Cyberpunk 2077 (Short Circuit, Breach Protocol). The commentator does not repeat every entry. It
keeps the Dusk Claymore but not the Dusk Bow, and the Zonaite Sword but not the Strong Zonaite Sword.
It sometimes reads the wiki entry instead of commenting on the game, as in “Rosalind Myers is the third
and current president...” or “Brightcap, a mushroom that grows in...”.

In the other 11 examples no question is asked. StreamDuo then describes the action or reads a name off the
screen, such as Elphael, Brace of the Haligtree in Elden Ring. At these seconds Proact-VL names characters,
creatures and places from Baldur’s Gate 3: Lae’zel and the Mind Flayers in League of Legends, Karlach in
Counter-Strike 2, Street Fighter 6, Yu-Gi-Oh! and Tears of the Kingdom, and the Underdark in Black Myth:
Wukong. In the examples where StreamDuo asks, Proact-VL at the same seconds names none of the entries
and stays vague, as in “Okay, I'll try this one.” or “How do we get back down?”.
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StarCraft Il Elden Ring

. (ByuN) (Attack move) (Diamondback)

aw

“ByuN is attacking my Scout.
=) This is ByuN.”

Proact-VL

“Yeah, the enenty base is getting torn
apart.”

"/

-

®, (Radahn's Greaves) ( Traveler's Slops
Traveler's Boots

o] “Radahn’s Greaves, I don't
=" know. Mushroom Greaves.”
Proact-VL

“This armor is pretty good though. I'm
not sure if I want to switch.”

&0 (Diamond Chestplate)) (Unbreaking )

(Fire Protection)

) “Diamond chestplate, Fire
=" Protection, Respiration.”

Proact-VL
“I need to open my inventory to...

‘ \\\’/u’ru is my...”

Tears of the Kingdom

o)

Hebra Tundra) (Tabantha Tundra)

e
(Rito Village)

“We'll go to Rito Village.
=" Tabantha Tundra.”

Proact-VL
“and talk to Master Koga first. We've
(\w to talk to him first.”

Cyberpunk 2077

(Coamic—\

% (Short Circuit) (Contagion) (Overheat

“Oh, shoot! Short Circuit.
S Electrical damage.”

Proact-VL
“I think we should probably go check it

out first.”
4

£ (Yu-Gi-Oh! Championship Series)

(Konami)
. “... the Yu-Gi-Oh!

jam] Championship Series, and

Konami...”

Proact-VL

“I love the people. 1've been playing

since the beginning.”

League of Legends

& no question asked

)| “We're starting with a clean
= slate.”

Proact-VL A

“The main goal for them is to try to
stop Lae’zel.”

\’'

Counter-Strike 2

% no question asked

o) “Killing him is not gonna help
S s, It's not helpful.”
Proact-VL

“Good job, Karlach. But it’s a little
bit of...”
\\

v |

*» (ByuN) (Mothership core
e
(Mothership)

- “He’s got a Mothership.
= ByuN, the WCS champion...”

Proact-VL

% (Brother Corhyn) (Goldmask's Set)
Gold Bracelets

o] “Brother Corhyn has
=" Goldmask’s Set.”

# (Diamond Sword)

(Bane of Arlhropods) Fire Aspect

 “the diamond sword
‘9! again. And the Bane of
Arthropods.”

Tears of the Kingdol

®o (Strong Zonaite Sword

(Zonaite Sword) (Large Zonaite
) “Zonaite Sword. Zonaite
=" powered. We can't throw it...

Proact-VL Proact-VL Proact-VL
“I don’t know if I can even handle this “Yeah, they're all just like that... We'll “What do 1 need for now? Just in case “This is the hammer. I don't think I
much...” leave him alone.” we want to light something.” need it. I have the saw already.”
\\ 4 \\ \\ - ; \\ _ 4

Cyberpunk 2077 Black Myth: Wukong

- s
4 (Riders on the Storm) (Panam Palmer)

(Panam Palmer/Computers)

1 “use the Panam Palmer’s
=" computer here...”

% no question asked

| “They just didn’t get the memo
=" that their leader...”

Street Fighter 6

& no question asked

“I'm so glad I didn’t go into
=" that all-out attack.”

Elphael, Brace of the Haligere

% no question asked

“Oh, there’s blood everywhere!
Elphiel, Brace of the Haligtree.”

jom)

Proact-VL Proact-VL Proact-VL Proact-VL
“We can’t go back. Yeah, we can’t go “We didn't get to say goodbye to “... how to deal with Karlach, but “Lae’zel, brace of...”
back.” Karlach...” Karlach has been...”
\\ 4 \ \\ \\ V |

Figure 6 More examples from the ten unseen games, with StreamDuo and Proact-VL at the same seconds (1/2). Chips:
the entries in the research agent’s answer, in orange those the commentator names. Red: names from Baldur’s Gate 3.
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StarCraft Il

. (Liberator) (Attack move

Basic Training

“Push them off the map.
Liberator.”

\\

Elden Ring

% (Manor Towershield) (Equip Load)
Cave Moss

. “We have the Manor
i9| Towershield. Bloodhound’s

& (Thick Potion) (Potion of Oozing)
Iron Sword

“... Thick potion. Potion of
Oozing.”

(o]

Fang.”
Proact-VL A Proact-VL Proact-VL Proact-VL
“This is very bad. We have a lot of “Oh, I can see what this passive is. “I have to leave because I'm going to “Wait, is it a weapon? It’s not a
stuff here. This is not good.” Causes blood loss buildup.” get the stuff from downstairs.” weapon. I can't even pick it up.”
8 ‘ \ 1 ‘ \$ \' 1 ; F

% (Dusk Claymore) (Dusk Bow
Claymore

“And I'll give this Dusk
Claymore to somebody.”

(o]

Cyberpunk 2077

. (Lucretia My Reflection
(Rosalind Myers) (Myers' notes

1 “Rosalind Myers is the third
=" and current president...”

\{

% no question asked

oo “Wouw, that was such a crazy
= battle.”

League of Legends

& no question asked

P “What is G2 going to do? Are
=" they going to try to go in?”

Proact-VL Proact-VL A Proact-VL Proact-VL
“Hmm, putting it mildly. She was “... my colleague and friend, Karlach, “We need to get rid of Karlach “Astarion! I'm ready. Oh, I can’t see
frantically wrestling...” who is also a fan...” ASAP... But she’s a tanky one.” you.”

; ‘\ ’ \\ \\ _ \& V|

% no question asked

)| “I think they're all grouped
=" over here.”

‘% Probe) (Solar core) (Solar forge

% (Clawmark SeaD Giant's Seal
Incantation Scaling

Stone Bricks) (Stone Brick Stairs)
(Stone Brick Slab)

“We could have had Stone

Tears of the Ki []

. (Brightcap) (Heat Resistance
Speed Up

“Brightcap, a mushroom that

8. (Breach Protocol) (Sonic Shock
Cyberpsychosis

\\

& no question asked

ar

% no question asked

“And I don’t think we can

=1 . e i ” | “Clawmark Seal. I'm going el =1
{@| “The Solar Core is right here. ify to use the...” ‘f!’i Brick Stairs right here.” If.-' grows in...”
Proact-VL Proact-VL Proact-VL Proact-VL
“cutscenes and stuff, right? Let’s try to “We could try this. Yeah, the ground “It's not the entrance. So we have to “What's up, bright?”
get...” is moving.” go back out.”
\{ 4 ) \ ) \\ V |
Cyberpunk 2077 League of Legends Tears of the K

% no question asked

& “Breach Protocol is the only ] “Oh, I haven't even looked at oo oo “Could it really be? Paya!
=" thing that would be useful...” =" this side...” =" really do much.” =" Callie! Look at this!”
Proact-VL Proact-VL Proact-VL Proact-VL
“Oh, they're just gonna be pissed when “I want to go back to the Underdark “What is this? Oh, the Mind “Paya! Karlach! Look at this!”
they find out that...” ASAP.” Flayers.”
S \. \ \\ y |

Figure 7 More examples from the ten unseen games (2/2).
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